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Figure 7.6: Three segments of dialogue sampled from our JDDC 2.0 corpus. Image
source: Zhao et al. (2021a).

and dialogue policy learning (DPL), and natural language generation
(NLG) (Chen et al., 2017b). For each stage, a number of pipeline-based
approaches have been proposed, even though a lot of domain-specific
handcrafting in traditional task-oriented dialogue systems is required,
which, moreover, is difficult to adapt to new domains (Bordes and
Weston, 2017). Recently, end-to-end neural network solutions have been
widely applied to the task (Bordes and Weston, 2017; Zhao and Eskenazi,
2016; Wen et al., 2017b; Jin et al., 2018; Gao et al., 2018; Madotto
et al., 2018).

In NLU, the dialogue system maps the input utterance into seman-
tic slots. These semantic slots are pre-defined in different application
scenarios. NLU includes two challenging problems: intent detection and
slot filling. Intent detection methods for language understanding are
performed to detect the user’s intent (Deng et al., 2012; Tur et al.,
2012). Deep neural networks have also been applied to detect the user’s
intent. Huang et al. (2013) use convolutional neural networks (CNN)
to detect the user’s intent; see also Shen et al. (2014). Slot filling is
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usually set as a sequence labeling problem, where words are assigned
with semantic labels (Chen et al., 2017b). Deep belief networks have
been successfully applied to address the filling problem (Deng et al.,
2012; Deoras and Sarikaya, 2013). Subsequently, recurrent neural net-
works have been shown to be effective in slot filling (Mesnil et al., 2013;
Sarikaya et al., 2011; Yao et al., 2013; Yao et al., 2014). Unlike other
NLU approaches, Liang et al. (2020) jointly formulate intent detec-
tion and slot filling as a sequence generation problem. Rastogi et al.
(2020) provide a schema-guided paradigm for NLU. Recently, pre-trained
language models have been applied to enhance NLU in task-oriented
dialogue systems. Wu et al. (2020a) propose a self-supervised language
model trained on multiple task-oriented dialogue system benchmarks.
Zhang et al. (2021a) design a pre-trained model for few-shot NLU
by fine-tuning BERT on a small set of labeled utterances. He et al.
(2022a) explore tree-induced semi-supervised contrastive pre-training for
NLU in task-oriented dialogue systems. The authors improve the NLU
performance by injecting structural-semantic information to enhance
the representation of dialogues. To explore more knowledge from long
sequences in dialogue context, Zhong et al. (2022) formulate a window-
based pre-trained model for NLU based on the sequence-to-sequence
model architecture.

In a conversation, a dialogue state refers to a full and temporal
representation of each participant’s intention (Goddeau et al., 1996). In
task-oriented dialogue generation, dynamically tracking dialogue states
is the key to generating coherent and context-sensitive responses. In
DST, we use a dialogue state H; to denote the representation of the
dialogue till time t¢. Traditional approaches to DST focus on searching
hand-crafted rules to select the most likely results (Wang and Lemon,
2013; Young et al., 2010; Williams, 2012), where the dialogue state
tracking is transferred to a slot filling problem. This type of slot fill-
ing problem has also been addressed by approaches using conditional
random fields (Lee, 2013; Lee and Eskenazi, 2013; Ren et al., 2013)
and maximum entropy (Williams, 2013). However, relying on the most
likely results from an NLU module (Perez and Liu, 2017), these rule-
based systems hardly model uncertainty, which is prone to frequent
errors (Williams, 2014; Perez and Liu, 2017).
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Unlike rule-based state tracking methods, Young et al. (2010) pro-
pose a distributional dialogue state for statistical dialog systems and
maintain a distribution over multiple hypotheses facing noisy conditions
and ambiguity. Neural networks have been successfully applied to dia-
logue state tracking (Henderson et al., 2013; Mrksié¢ et al., 2015; Mrksié
et al., 2017). In task-oriented dialogue systems, end-to-end neural net-
works are employed for tracking dialogue states via interacting with an
external knowledge base (Wen et al., 2017b; Eric et al., 2017; Bordes
and Weston, 2017; Williams et al., 2017). Wen et al. (2017b) divide
the training procedure into two phases: dialogue state tracker training
and complete model training. Mrksi¢ et al. (2017) propose a dialogue
state tracker based on word embedding similarities. Eric et al. (2017)
implicitly model a dialogue state through an attention-based retrieval
mechanism to reason over a key-value representation of the underlying
knowledge base. Bordes and Weston (2017) track the dialogue context
in a memory module and repeatedly search this context to select an
adequate system response. Instead of employing symbolic knowledge
queries, Dhingra et al. (2017) propose an induced “soft” posterior distri-
bution over the knowledge base to search for matching entities. Williams
et al. (2017) combine an RNN with domain-specific knowledge encoded
as software and system action templates. The copying mechanism is
shown to be effective as generative dialogue state tracking. Lei et al.
(2018) propose an extendable framework to track dialogue states with a
text span, including the constraints for a knowledge base query. The
limited amount of labeled data is a severe challenge for DST. Jin et al.
(2018) introduce a semi-supervised way to integrate a copy procedure
with the dialogue state tracking.

While early studies on DST methods focused on a single-domain sce-
nario, more recent studies have turned their attention to multi-domain
DST with the release of a multi-domain DST benchmark dataset, Multi-
WoZ (Budzianowski et al., 2018). Ramadan et al. (2018) jointly identify
the domain and tracks the belief states corresponding to that domain
to address the multi-domain DST problem. Zhou and Small (2019)
formulate multi-domain DST as a question-answering task and used
reading comprehension techniques to generate the answers. Similarly,
Gao et al. (2019¢) also formulate DST as a reading comprehension task
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and propose an attention-based neural network to find the state answer
as a span over tokens. The DSTC challenges have provided a series of
popular experimentation frameworks and dialogue datasets collected
through human-machine interactions for benchmarking (Henderson et
al., 2014a; Henderson et al., 2014b; Williams et al., 2014; Williams et al.,
2016).

In real-world scenarios, it is often not practical to enumerate all
possible slot value pairs and perform scoring from a large, dynamically
changing knowledge base (Xu and Hu, 2018). Wu et al. (2019a) propose
a method to generate dialogue states from utterances using a copy
mechanism, where tracking knowledge across domains is shared. To
alleviate data sparsity in DST, Yin et al. (2020) propose a reinforced
data augmentation framework to increase both the amount and diversity
of the training data. Chen et al. (2020b) incorporate slot relations and
model slot interactions in multi-domain dialogue state tracking to
enhance the slot interrelation between disciplines. Feng et al. (2022b)
extend this method by dynamically updating slot relations in the schema
graph. Heck et al. (2020) maintain two memories in DST: one for system
inform slots and one for the previously seen slots. Li et al. (2021e)
combine a generation and extraction method with hierarchical ontology
integration for DST. To tackle the understanding of ellipsis and reference
expressions in open vocabulary-based methods, Ouyang et al. (2020)
propose a copy-augmented encoder-decoder model by connecting the
target slot and its source slot explicitly. Liao et al. (2021) formulate
multi-domain DST as a recursive inference mechanism to improve the
generation performance. Most DST models are trained offline, which
requires a fixed dataset prepared in advance. Given a new domain in
multi-domain DST, Campagna et al. (2020) propose a zero-shot transfer
learning method to handle new domains without incurring the high cost
of data acquisition. More recently, the granularity of dialogue history has
been proposed to mitigate the sparseness in DST (Yang et al., 2021Db).
Guo et al. (2022a) propose a multi-perspective dialogue collaborative
selector module to dynamically select the granularity of dialogue history
in DST.

Pre-trained language models have been shown to be effective in
dialogue state tracking. Lin et al. (2021d) apply a pre-trained model for
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DST to exploit external knowledge from reading comprehension data.
Similarly, Zhong et al. (2022) verify that document summarization can
provide helpful signals to improve DST. Liu et al. (2021d) introduce
domain-lifelong learning into DST. The authors propose a knowledge
preservation network that includes a multi-prototype enhanced retro-
spection component and a multi-strategy knowledge distillation com-
ponent. Lin et al. (2021e) successfully apply T5 to improve zero-shot
cross-domain DST. Lee et al. (2021) introduce a solution for multi-
domain DST by prompting knowledge from a large-scale pre-trained
language model. Lin et al. (2021c) detail a hybrid method to integrate
GPT-2 with graph attention networks to enhance the DST performance.
To mitigate the problem of incorrect in DST, Wang et al. (2022a) design
a BERT-based method by explicitly aligning each slot with its most
relevant utterance.

Scalability, robustness, and efficiency in DST have also been ad-
dressed recently. Lei et al. (2018) formulate a two-stage copy-aware
network demonstrating good scalability. Ren et al. (2019b) consider
the DST task as a sequence generation problem and design a scalable
hierarchical encoder-decoder neural network with constant inference
time complexity. Kumar et al. (2020) extend this to improve the encod-
ing of dialogue context and slot semantics for DST to robustly capture
critical dependencies between slots and the conversation history. Kim
et al. (2020b) focus on an open vocabulary-based setting and consider
the dialogue state as a memory that can be selectively overwritten to
improve the efficiency in multi-domain DST. Zhu et al. (2020b) intro-
duce an efficient multi-domain dialogue state tracker by jointly encoding
the previous dialogue state, the current turn dialogue, and the schema
graph by internal and external attention mechanisms.

The policy learning module in task-oriented dialogue systems is
meant to generate the following available system action given the state
generation result (Cuaydhuitl et al., 2015). Traditional rule-based meth-
ods are first applied in the policy learning procedure (Cuayahuitl et al.,
2015). Supervised and reinforcement learning have also proven to be
effective in policy learning (Su et al., 2016; Yan et al., 2017). Su et al.
(2016) propose a two-stage framework for policy learning, i.e., a su-
pervised learning stage and a reinforcement learning stage. Chen et al.
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(2019b) propose a structured deep reinforcement learning approach for
policy learning based on graph neural networks. The dialogue policy can
be further trained in an end-to-end way with reinforcement learning to
lead the system in making policies toward the final performance (Yan
et al., 2017; Chen et al., 2019b). In an e-commerce scenario, the policy
learning component needs to trigger the “recommendation” or a con-
crete service provided by the customer service (Sun et al., 2016; Sun and
Zhang, 2018; Zhao et al., 2021a). Most task-oriented dialogue datasets,
including WoZ and MultiWoZ, focus on language understanding and
dialogue state tracking. However, selecting actions in real life requires
obeying user requests and following practical policy limitations. Accord-
ingly, Chen et al. (2021b) present an action-based conversations dataset
consisting of 10042 conversations containing numerous actions with pre-
cise procedural requirements. He et al. (2022b) utilized semi-supervised
pre-training to model explicit dialogue policy in task-oriented dialogue
systems.

The natural language generation (NLG) component transfers a di-
alogue action into a natural language response (Chen et al., 2017b).
Neural network-based NLG approaches have been proposed for task-
oriented dialogues (Wen et al., 2015a; Wen et al., 2015b; Tran and
Nguyen, 2017; Zhou, Huang, et al., 2016). Wen et al. (2015a) apply
an RNN-based generator module and a CNN-based module to rerank
candidate utterances. Wen et al. (2015b) use an additional control cell
to gate the dialogue act to address the slot information omitting and
duplicating problems in surface realization. Tran and Nguyen (2017)
extend this approach by gating the input token vector of an LSTM with
the dialogue act. A sequence-to-sequence approach is applied to produce
natural language output and deep syntax dependency trees from input
dialogue acts (Dusek and Jurcicek, 2016). Zhou, Huang, et al. (2016)
propose an encoder-decoder LSTM-based method to jointly incorporate
the request information, semantic slot values, and dialogue act type to
generate correct answers. The copy mechanism (Vinyals et al., 2015;
Gu et al., 2016) has been successfully applied to the task-oriented dia-
logue systems to enhance the performance of NLG (Eric and Manning,
2017; Lei et al., 2018; Jin et al., 2018). Aiming to augment dialogue
datasets through paraphrasing, Gao et al. (2020) jointly optimize dia-
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logue paraphrasing and dialogue response generation via a paraphrase
augmented response generation approach. Pre-trained language models
have shown supreme performance in text generation tasks (Li et al.,
2021b). In recent years, more and more studies have applied pre-trained
language models to enhance the performance of NLG in task-oriented
dialogue systems (Zhang et al., 2020h; Peng et al., 2020; Wu et al.,
2020a; Hosseini-Asl et al., 2020; Zhong et al., 2022).

End-to-end methods have been proposed for task-oriented dialogue
systems. Wen et al. (2017b) propose an end-to-end trainable goal-
oriented dialogue system with a new way of collecting dialogue data
based on a pipeline framework toward end-to-end learning for DST
and policy learning (Zhao and Eskenazi, 2016). The pipeline-aware
method can also be implemented and trained end-to-end using the
copy mechanism (Lei et al., 2018; Jin et al., 2018; Liao et al., 2021). A
copy-augmented sequence-to-sequence architecture has been proposed
to provide better performance in task-oriented dialogues (Eric and
Manning, 2017), while Eric et al. (2017) propose a key-value retrieval
network for task-oriented dialogue response generation. Using the copy
mechanism, Lei et al. (2018) formulate a theoretical framework that is
end-to-end trainable using only one sequence-to-sequence model. Jin
et al. (2018) propose a semi-supervised copy flow neural network to
train the end-to-end dialogue generation model. Madotto et al. (2018)
formulate a memory-to-sequence neural network that combines the
multi-hop attention over memories with the idea of a pointer network.
Xu and Hu (2018) also apply a pointer network to handle unknown
slot values in the absence of a predefined ontology. Hosseini-Asl et
al. (2020) enable modeling of the inherent dependencies between the
sub-tasks of task-oriented dialogue by optimizing for all tasks in an
end-to-end manner, recasting task-oriented dialogues as a simple and
casual language modeling task. Liao et al. (2021) propose a recursive
inference mechanism to resolve multi-domain DST in an end-to-end
way. More recently, pre-trained language models have also been applied
to end-to-end solutions for task-oriented dialogue systems (Wu et al.,
2020a; Lin et al., 2021c; He et al., 2022a).

In contrast to other types of dialogue systems, evaluation metrics in
task-oriented dialogue systems need to consider specific metrics. Entity
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match rate evaluates task completion (Wen et al., 2017b); it determines
if a system can generate all correct constraints to search the indicated
entities of the user. This metric is either 0 or 1 for each dialogue. The
original success rate metric measures if the system answered all the
requested information (e.g., address, phone number) (Wen et al., 2015a;
Mrksié et al., 2015). However, this metric only evaluates recall. As a
variant, Success F'1 evaluates task completion and is modified from
the success rate by balancing both recall and precision (Lei et al.,
2018). Automatic user satisfaction has received much attention in task-
oriented dialogues. User simulation is a promising approach to evaluate
dialogue systems at scale in task-oriented dialogue scenarios (Zhang and
Balog, 2020). Sun et al. (2021b) formulate the task of simulating user
satisfaction for evaluating task-oriented dialogue systems to enhance the
evaluation of dialogue systems. The authors also share a dataset about
user satisfaction simulation. Kim et al. (2022b) propose the relative slot
accuracy metric in DST evaluation, which is not affected by unseen
slots in the current dialogue turn.

7.2.3 Knowledge-grounded dialogue systems

Although answering inquiries is essential for dialogue systems, espe-
cially for task-oriented dialogue systems, it is still far behind a natural
knowledge-grounded dialogue system, which should be able to under-
stand the facts involved in the current dialogue session (so-called fact
matching) and diffuse them to other similar entities for knowledge-based
dialogues (i.e., entity diffusion):

e Fact matching: In dialogue systems, matching utterances to exact
facts is much harder than answering explicit factoid inquiries.
Though some utterances, whose subjects and relations can be easily
recognized, are fact-related inquiries, the subjects and relations
are often elusive, leading to challenges when matching exact facts.
Table 7.1 shows an example, with items 1 and 2 talking about the
film “Titanic.” Unlike item 1, which is a typical question-answering
conversation, item 2 is a knowledge-related chit-chat without any
explicit relation. It is difficult to define the exact fact match for
item 2.
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ID Dialogue

A: Who is the director of the Titanic?
FILR KT G AR

1 B: James Cameron.
WMk
A: Titanic is my favorite film!
9 RERALTREREG LR

B: The love inside it is so touching.
E@eREREAT
A: Is there anything like the Titanic?
At 2t RB R 5 —H e R g
3 B: I think the love story in film Waterloo
Bridge is beautiful, too.
RAAAERFORHHFLRE .
A: Is there anything like the Titanic?
At 2 RIBRALST —HG R D2
B: Poseidon is also a classic marine film.
BAh T AR R R R

Table 7.1: Examples of knowledge grounded conversations. Knowledge entities are
underlined. Image source: Liu et al. (2018b).

o FEntity diffusion: Conversations usually drift from one entity to
another. In Table 7.1, the utterances in items 3 and 4 are about
the entity “Titanic.” However, the entities in the responses are
other similar films. Current knowledge triplets rarely capture
such entity diffusion relations. The response in item 3 shows that
the two entities, “Titanic” and “Waterloo Bridge,” are relevant
through “love stories.” Item 4 suggests another similar shipwreck
film “Titanic.”

Knowledge-grounded dialogue systems address the aforementioned chal-
lenges. Work on knowledge-grounded dialogue systems can be cate-
gorized into two groups. Methods in the first group use structured
knowledge (given knowledge graphs) (Wu et al., 2020c; Zhou et al.,
2020a; Wang et al., 2020a; Wu et al., 2020b; Xu et al., 2020b; Xu et al.,
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2020a; Jung et al., 2020; Tuan et al., 2019; Wu et al., 2019b; Moon
et al., 2019; Zhou et al., 2018c; Liu et al., 2018b). Methods in the second
group focus on using unstructured knowledge, such as document-based
unstructured knowledge (given a whole document, e.g., a Wikipedia arti-
cle) (Meng et al., 2020a; Ma et al., 2020a; Ma et al., 2020b; Tian et al.,
2020; Ren et al., 2020; Gopalakrishnan et al., 2020; Li et al., 2019d; Qin
et al., 2019; Moghe et al., 2018; Zhou et al., 2018d; Parthasarathi and
Pineau, 2018) or piece-based unstructured knowledge (given some sepa-
rate pieces of knowledge, e.g., Foursquare tips) (Ghazvininejad et al.,
2018; Dinan et al., 2019; Meng et al., 2020b; Kim et al., 2020a; Lian
et al., 2019; Zheng et al., 2020a; Chen et al., 2020e; Zheng et al., 2020b;
Zhao et al., 2020b; Zheng and Zhou, 2019; Lin et al., 2020a). There
are key research directions for both groups: (i) improving knowledge
selection (Kim et al., 2020a); (ii) improving knowledge-aware response
generation (Zhao et al., 2020b) or response selection (Young et al., 2018;
Zhao et al., 2019¢; Hua et al., 2020; Sun et al., 2020b); that is, given the
chosen knowledge, how to better generate a response token by token
or select a response from pre-defined response candidates; (iii) using
multiple knowledge modalities (Liu et al., 2019b; Zhao et al., 2020a);
that is, how to use structured, unstructured, and even other types of
knowledge simultaneously; and (iv) overcoming data scarcity (Zhao
et al., 2019d; Li et al., 2020b).

The neural knowledge diffusion model introduces knowledge into the
dialogue generation. This method can match the relevant facts for the
input utterance and diffuse them to similar entities (Liu et al., 2018b).
Early studies on knowledge selection in knowledge-grounded dialogue
systems calculate the weight of each piece of knowledge and obtain
a weighted sum of their representations (Ghazvininejad et al., 2018;
Zheng and Zhou, 2019; Lin et al., 2020a; Zheng et al., 2020b). Bordes
and Weston (2017) employ memory networks to address restaurant
reservations, using a small number of keywords to handle entity types in
a knowledge base (cuisine type, location, price range, party size, rating,
phone number, and address). Ghazvininejad et al. (2018) adapt it to
memorize relevant, grounded facts for a neural conversation model. The
hierarchical variational memory network (HVMN) adds hierarchical
structure and a variational memory network into a neural encoder-
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decoder network for non-task-oriented dialogue generation (Chen et al.,
2018b).

Several recent studies on knowledge selection focus on calculating
a weight on each piece of knowledge and then directly sampling the
amount of knowledge with the highest weight. Specifically, Dinan et
al. (2019) design the TMemNet model that uses context to predict
a distribution over pieces of knowledge and then only sample one of
them into a decoder. They also introduce a knowledge selection loss
to supervise knowledge selection during training. Lian et al. (2019)
describe PostKS, which uses a context to predict a prior distribution
over pieces of knowledge. During training, the prior distribution is
supervised by a posterior distribution predicted by the context and the
corresponding response. Similar to PostKS, Zheng et al. (2020b) use a
context and a piece of knowledge retrieved by the context to predict
a distribution over fragments of knowledge, where the probability of
the amount of knowledge retrieved by the corresponding response is
maximized during training. The former distills a context containing
multiple utterances at different turns into a vector that is used to match
with the representation of a piece of knowledge to get a score, while the
latter matches every utterance in a context with a piece of knowledge
to get matching features that are aggregated to get a score. A piece of
knowledge is chosen based on the score list for all pieces of knowledge.

Kim et al. (2020a) propose a sequential knowledge transformer
(SKT), which jointly uses previously selected knowledge and context
to facilitate knowledge selection. Chen et al. (2020e) upgrade SKT by
adding the knowledge distillation-based training strategy to improve
knowledge selection. Zheng et al. (2020a) detail a method that introduces
the difference information between the previously selected knowledge
and the current pieces of candidate knowledge to facilitate knowledge
selection. Meng et al. (2020b) design DukeNet, which regards tracking
the previously selected knowledge and selecting the current knowledge
as dual tasks within a dual learning paradigm (Qin, 2020). Zhao et al.
(2020Db) describe a method, RLKS, where the selected knowledge is sent
to a decoder to generate a response that would be compared with the
ground truth response to give feedback to further supervised knowledge
selection. Meng et al. (2021a) introduce a mixed-initiative knowledge
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selection method for knowledge-grounded conversations that explicitly
distinguishes between user-initiative and system-initiative knowledge
selection at each conversation turn to improve the performance of knowl-
edge selection. Sun et al. (2021a) find that the amount of knowledge
available in different languages is highly unbalanced. Hence, the au-
thors address cross-lingual knowledge grounded conversations with a
self-distillation knowledge selection and curriculum learning.

More recent years have witnessed the rapid development of pre-
trained language models in open-domain dialogue systems. Large pre-
trained language models can store knowledge into their parameters
during pre-training and can generate informative responses in conver-
sations (Zhao et al., 2020c). Petroni et al. (2019) have shown that
pre-trained language models can serve as knowledge bases for down-
stream tasks (e.g., question-answering, Roberts et al., 2020). On this
basis, Zhao et al. (2020c) have shown that pre-trained language mod-
els can ground open-domain dialogues using their implicit knowledge.
Madotto et al. (2020) embed knowledge bases into model’s parameters
for end-to-end task-oriented dialogues. Roller et al. (2021) fine-tune pre-
trained language models on knowledge-grounded conversational data.
Cui et al. (2021) describe knowledge-enhanced fine-tuning methods to
handle unseen entities. Xu et al. (2022b) propose a topic-aware adapter
to adapt pre-trained language models in knowledge-grounded dialogues.
Liu et al. (2022¢) introduce a multi-stage prompting approach for trigger-
ing knowledge in pre-trained language models. Wu et al. (2022b) design
lexical knowledge internalization to integrate token-level knowledge into
the model’s parameters. The problem of hallucination is becoming more
and more challenging. Sun et al. (2023a) optimize an implicit knowledge
eliciting process, i.e., they reduce hallucination of pre-trained language
models in knowledge-grounded dialogues through a contrastive learning
framework.

7.2.4 Empathetic dialogue generation

Several approaches to data-driven open-domain dialogue generation
generate emotional responses based on a manually specified label to
control the dynamic content of the target output (Zhou et al., 2018b; Li
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and Sun, 2018; Zhou and Wang, 2018; Huang et al., 2018a; Wei et al.,
2019; Colombo et al., 2019; Shen and Feng, 2020).

Unlike emotional dialogue generation, the study of empathetic dia-
logue generation avoids an additional step of determining which emotion
type to respond to explicitly (Skowron et al., 2013). Several stud-
ies (Rashkin et al., 2018; Zhong et al., 2019; Shin et al., 2019; Rashkin
et al., 2019; Santhanam and Shaikh, 2019; Lin et al., 2019; Lin et al.,
2020b; Zhong et al., 2020; Majumder et al., 2020; Li et al., 2020c) have
attempted to make dialogue models more empathetic. Rashkin et al.
(2019) combine models in different ways to produce empathetic responses.
Lin et al. (2019) softly combine the possible emotional responses from
several separate experts. Majumder et al. (2020) consider polarity-based
emotion clusters and emotional mimicry. Li et al. (2020c) propose a
multi-resolution adversarial framework that considers multi-granularity
emotion factors and users’ feedback. Li et al. (2022b) investigate how to
use external knowledge to explicitly improve the emotional understand-
ing and expression in the task of empathetic dialogue generation. Sabour
et al. (2022) focus on two aspects in empathetic dialogue generation:
affection and cognition. The authors propose a method with various
commonsense reasoning to improve understanding of interlocutors’ situ-
ations and feelings.

Besides advances in empathetic dialogue models, the emergence
of new emotion-labeled dialogue corpora has also contributed to this
research field (Li et al., 2017c; Hsu et al., 2018; Rashkin et al., 2019).
Rashkin et al. consider a rich and well-balanced set of emotions and
release a dataset, EMPATHETICDIALOGUES, where a listener responds
to a speaker in an emotional situation in an empathetic way.

7.3 Emerging Directions

This section describes recent emerging directions on question-answering
and dialogue systems in e-commerce. These emerging directions in QA
and dialogue systems can be divided into five perspectives: safety, ethics,
interpretability, privacy, and evaluation.

As discussed in Section 7.1, e-commerce QA agents aim to answer
questions based on large volumes of reviews. However, reviews may not
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answer these questions as they may not contain any relevant answers for
the question, or a query may be poorly phrased and therefore require
additional clarification. Moreover, untruthful comments and spam are
widely observed in e-commerce reviews (Carmel et al., 2018). Mihaylova
et al. (2019) investigate the fact-checking problem in a QA scenario with
a system to classify the veracity of answers. Zhang et al. (2020d) release
a large-scale fact-checking dataset called AnswerFact for investigating
the answer veracity in e-commerce QA. Estes et al. (2022) develop a high-
speed fact-verification system that has a very high false statement recall
and very high true statement precision to product question-answering.
However, the authors still apply a rule-based method in their system,
and find that pre-trained language models are unable to perform fact-
checking well on structured catalog data. As limitations such as poor
generalization exist in rule-based methods, how to optimize pre-trained
language models in fact-checking for product question-answering still
needs more attention in future research.

Ethical challenges in dialogue systems are attracting significant
amounts of attention in recent years. Currently, most dialogue systems
are developed from scratch with large corpora or fine-tuned through pre-
trained language models. Large-scale datasets collected from the open
internet have been applied during model training. However, offensive
and malevolent content can be observed in the data (Si et al., 2022). To
avoid being unintentionally offensive or harming the user, studies have
been performed to detect toxic speech around, e.g., religion, race, and
violence (Tripathi et al., 2019; Dinan et al., 2020; Zhang et al., 2021d;
Kann et al., 2022; Si et al., 2022). Zhang et al. (2021d) propose a human-
machine collaborative evaluation framework for reliable toxic speech
detection in dialogue systems. Si et al. (2022) study toxic speech in
open-domain dialogue systems to reveal that specific kinds of “non-toxic”
queries are able to trigger an open-domain conversational assistant to
output toxic responses. However, how to respond when these malevolence
topics are being identified is still an open question (Kann et al., 2022).
As more and more e-commerce dialogue systems have also been trained
based on pre-trained language models, ethical challenges will need to
be tackled in future research.
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Poor explainability is a challenging problem for most e-commerce
QA approaches. Most e-commerce QA approaches apply end-to-end
semantic matching methodologies, which tend to be black-box and di-
rectly output a matching score for each question answer pair. Zhao et al.
(2019a) address the explainable QA problem through a hybrid retrieval-
based framework. The authors employ a bidirectional recurrent neural
network in the internal word representation stage and apply a keyword-
aware retrieval method during the second stage. In contrast, the tf-idf
ranking function naturally exhibits much better interpretability owing
to its transparency and intuitiveness. Conversational recommendation is
another typical application of e-commerce dialogue systems (Sun et al.,
2016; Mangili et al., 2020). Most approaches neglect explainability when
learning recommendation actions. However, Chen et al. (2020f) propose
an incremental multi-task learning framework using user feedback for
the task of explainable conversational recommendation. By considering
user preferences as latent variables in a variational Bayesian manner,
Ren et al. (2022) employ a method to estimate explicit user preferences
during the dialogue.

Privacy protection has received more and more attention in dialogue
systems (Papernot et al., 2016; Henderson et al., 2018). For many task-
oriented dialogue systems, it is necessary to notice that we are using the
same dialogue assistant. Recent studies on membership inference attacks
have confirmed that privacy information in training data for sequence-
to-sequence generative models and pre-trained language models can be
attacked (Hisamoto et al., 2020; Liu et al., 2021b). As we discussed in
Section 7.2, most e-commerce dialogue system models are designed based
on sequence-to-sequence generative neural networks and pre-trained
language models. By learning through interactions and communications,
a dialogue assistant can inadvertently and implicitly store sensitive
information. Hence, consumers’ privacy information may get obtained
by attackers through membership inference attacks. To address this
problem, developing privacy-aware dialogue systems is likely to attract
increased attention in the future.

The evaluation of e-commerce dialogue systems is a crucial part of
the development process. Recent studies on evaluating dialogue systems
are either through offline evaluation or human evaluation (Lamel et al.,
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2000; Jurcicek et al., 2011). Offline evaluation is often limited to single-
turn assessments, while human evaluation is intrusive, time-intensive,
and does not scale (Deriu et al., 2020). User simulators have been applied
to exhaustively enumerate user goals to generate human-like conver-
sations for simulated evaluation (Zhang et al., 2020i). However, user
simulators as evaluation methods for e-commerce dialogue systems are
still under-explored. Today’s simulators suffer from limited realism and
evaluation capabilities (Balog et al., 2021). Moreover, evaluation met-
rics that specifically target e-commerce aspects are still underexplored
and underexploited in today’s e-commerce dialogue agents. Dedicated
evaluation metrics in e-commerce search and recommendation scenarios
will likely help to advance progress.



8

Conclusion and Outlook

We summarize the main topics presented in this survey in Section 8.1.
In Section 8.2, we describe our outlook on future developments.

8.1 Conclusion

From the large number of user engagements on e-commerce platforms a
large amount of information can be inferred. The aim of this survey has
been to give a broad overview of information discovery in e-commerce
portals. Our overview has included methods about user behavior model-
ing, search, recommendation, question answering, and dialogue systems
in e-commerce.

Our strategy with this survey has been to provide a broad cover-
age of research directions about information discovery in e-commerce.
Although we have tried our best to provide all key approaches in each
direction as much as possible, the amount of technical details is limited.
For areas that are broad enough to have their own survey, we have only
focused on key publications and provide structure and pipelines for
each direction. Additionally, we only focus on areas that are relevant
to information retrieval research; studies in other areas relevant to
e-commerce, such as supply chains and computational advertising, are
ignored in this survey.

582
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In our introduction, we summarized the outline and topics covered
in this survey, followed by a description of basic concepts and key defini-
tions in Section 2. Then we introduced preliminaries about e-commerce
interfaces and users in Section 3. We formulated concepts of e-commerce
infrastructures and summarized studies about information seeking via
e-commerce interfaces. We investigated e-commerce information com-
ponents, i.e., titles, product descriptions, and reviews, and detailed
characteristics of consumer behaviors in e-commerce portals. We in-
troduced studies into e-commerce user analyses concerning multiple
behaviors, including clicks, purchases, engagements, and post-clicks, on
e-commerce platforms.

The core of this survey is organized around five directions: e-
commerce user modeling, e-commerce search, e-commerce recommen-
dation, e-commerce QA, and e-commerce dialogue systems. We have
detailed each of these in four sections (i.e., Section 4, 5, 6, and 7).
Each section starts with an overview of the main direction discussed
in the section, with characteristics and subtasks. After that, key re-
search studies of each subtasks were demonstrated with some level of
detail. We discussed emerging research directions at the end of each key
component.

In particular, in Section 4, we introduced approaches to user model-
ing and profiling for e-commerce applications. We divided this section
into two main components: user behavior modeling and user profil-
ing. We provided a summary of studies on modeling these e-commerce
user behavior, analyzed research on user profiling in e-commerce, and
discussed emerging directions on user modeling in e-commerce.

In Section 5, we focused on search technologies in e-commerce
platforms. We provided the characteristics of e-commerce search and
divided research studies based on matching strategies and ranking
technologies for e-commerce search scenarios, respectively. We presented
approaches aiming for studying matching strategies for e-commerce
search. And we studied research approaches on ranking technologies for
e-commerce search. Emerging research directions were discussed at the
end of the section.

In Section 6, we introduced the most prominent approaches to
e-commerce recommendation methods. We summarized the key char-
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acteristics of e-commerce recommendation, towards which a two-stage
framework was developed that contains candidate retrieval and candi-
date ranking, forming the mainstream solution for e-commerce recom-
mender systems. We reviewed models developed for the two stages and
detailed mainstream learning methods for optimizing model parameters
to provide a complete view of e-commerce recommender systems.

Section 7 detailed research methods for question answering and
dialogue systems in e-commerce. We addressed question answering and
dialogue systems in a single section as most research background and ap-
proaches are shared between these two directions. We reviewed previous
work on question answering and then demonstrated the characteristics of
e-commerce QA. For e-commerce question answering (QA), we described
studies both on extractive QA and generative QA. For e-commerce dia-
logue systems, we demonstrated the patterns of e-commerce dialogue
systems, especially about task-oriented dialogue systems, knowledge-
grounded conversations, and empathetic dialogue systems. We discussed
emerging research directions around QA and dialogue agents in Sec-
tion 7.3.

8.2 Outlook

Information discovery is increasingly a mixed initiative scenario, where
users and e-commerce platforms take turns. As described in the previous
sections, the research presented on information discovery in e-commerce
has been addressed from six angles: infrastructures, user modeling,
search, recommendation, QA, and dialogue systems. As we summarized
at the end of each section, a broad variety of emerging research has also
been motivated following each angle. For user modeling, we consider
three research topics as key emerging directions: graph learning for
user behavior modeling, dynamic user behavior modeling and profiling,
and multi-modal user profiling. For emerging directions in e-commerce
search, we focus on applications for multi-modal e-commerce search and
ranking. Online learning to rank technologies also provide key insights.
We also foresee the development of new learning theories that will
improve e-commerce search and ranking performance in the future. We
divide emerging directions on e-commerce recommendation into three
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directions: (i) reasoning, recommendation, and explanations; (ii) con-
versational recommendation; and (iii) unifying recommendation and
search. In our view, future work on e-commerce language processing
should include generating explainable reasons for search and recommen-
dation, improving the robustness of e-commerce question answering,
and improving conversational e-commerce search and recommendation.

8.2.1 Four directions

Among these emerging research approaches, we have identified potential
directions of future work that are encountered across multiple angles.
In particular, we list future research directions in four bigger themes:
conversational search, conversational recommendation, multi-modal
information discovery, and generative information discovery.

Conversational search refers to a novel search paradigm using multi-
ple interactions between users and search engines. As we have discussed
in Section 5, conversational search is increasingly receiving more atten-
tion in the IR community. Different from the traditional query-aware
search paradigm, conversational search allows users to express their
information need by directly conducting conversations with search en-
gines. More recent studies have begun to apply conversational search to
online shopping scenarios as it is able to provide a natural, adaptive
and interactive shopping experience for consumers (Xiao et al., 2021).
In e-commerce, conversational search faces two challenges: imperfect
product attribute schemas and product knowledge. The former exists
as product attributes link lengthy multi-turn utterances with products
in conversational search systems, whereas the latter derives from the
lack of manually labelling in benchmark datasets. Core tasks in conver-
sational search, e.g., search intent detection, action prediction, query
selection, passage selection, and response generation (Ren et al., 2021),
also provide insights in future work about e-commerce conversational
search systems.

Conversational recommendation refers to recommendation systems
that can elicit the dynamic preferences of users and take actions based
on their current needs through real-time multi-turn interactions. As
we have discussed in Section 6, conversational recommendation is an
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emerging direction in e-commerce recommendation. Integrating more
accurate domain-specific knowledge to promote the recommendation
and conversation is a challenging problem in conversational recommen-
dation (Chen et al., 2020f). Moreover, as with conversational search,
current studies on conversational recommendation suffer from a lack of
manually labelled data in benchmark datasets. Recent studies on empa-
thetic dialogue systems reveal that there exist some kind of dependency
between commonsense knowledge and emotional preference (Li et al.,
2022b; Siro et al., 2022). Hence, conversational recommender systems
that jointly combine emotion detection and knowledge exploration are
worth studying in future.

Multi-modal information can be widely observed in many e-com-
merce scenarios, e.g., user behavior, search, recommendation, and di-
alogue systems. Most previous e-commerce information discovery ap-
proaches are constructed only based on text understanding and retrieval;
addressing multi-modal information, e.g., images and videos, still ap-
pears to be difficult. In future work, it is more and more important to
tackle challenges about multi-modality in e-commerce scenarios. Multi-
media technologies focusing on integrating various types of modalities
are expected to help to understand those multi-modal information
for various types of e-commerce applications. It is interesting to ex-
plore multi-modal generation through powerful generative deep neural
networks in e-commerce review generation, question answering, and
dialogue systems.

Large-scale generative models have the potential to significantly
enhance various e-commerce information discovery applications, such
as search, recommendation, and conversational AI. Transformer-based
pre-trained language models like BERT have already proven effective in
both search and recommendation tasks in e-commerce. More recently,
large language models (LLMs) based on auto-regressive mechanisms,
such as TH and GPT, have demonstrated promising capabilities in
understanding and generating human-like information, making them
valuable for e-commerce contexts. Moreover, while traditional two-stage
paradigms (i.e., retrieval followed by re-ranking) have been widely used
in e-commerce search and recommendation scenarios. They face two limi-
tations: (i) heterogeneous modules with different optimization objectives
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may lead to sub-optimal performance; and (ii) a large document index
is needed which may come with substantial memory and computational
requirements. This has motivated research into end-to-end solutions
using generative models. Recent studies on generative retrieval, such as
DSI (Tay et al., 2022), have shown encouraging performance on several
information retrieval benchmarks, suggesting that exploring generative
models for end-to-end e-commerce search and recommendation could
be a promising direction for future research.

8.2.2 Beyond accuracy

Besides the directions for future work listed above, we also consider the
following important issues when it comes to information discovery tasks
in e-commerce: fairness, trustworthiness, and explainability (Roegiest
et al., 2019; de Rijke, 2023).

Recently, the problem of bias has attracted considerable attention in
the IR community, in multiple contexts, e.g., for user behavior modeling,
profiling, ranking, and recommendation. To address the bias problem,
fairness is considered as a significant metric during the optimization
procedure. Early on, fairness was studied from the perspective of in-
formation exposure regarding sensitive attributes such as gender and
race (Singh and Joachims, 2018). Fairness in IR also focuses on how to
let different items receive equal exposure, or exposure proportional to
their utility or impact, depending on which exposure distribution is con-
sidered to be fair by the system (Morik et al., 2020; Chen et al., 2020a).
In e-commerce, ranking-based interfaces are quite common in various
scenarios; hence, fairness is a matter of great importance to information
discovery in e-commerce. Future work on interactive fairness-aware
reranking can be helpful for debiasing user modeling, search, recom-
mendation, and answer generation in e-commerce platforms (Sarvi et
al., 2022). Also, knowledge-based and dynamic fairness-aware methods
are able to address more real-world challenges. The trade-off between
accuracy and fairness is of importance in e-commerce search and rec-
ommendation scenarios, where equally treating different groups has
been shown to sacrifice the performance (Ariannezhad et al., 2023). To
address this problem, an important research direction is to understand
the dimensions of causality and design fairness-aware algorithms.
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Fake news and fake information are is increasingly widespread. It
is now viewed as one of the greatest threats on the web (Zhou and
Zafarani, 2020). As we have discussed in Section 7, spam and fake
reviews and answers are widely observed in many e-commerce platforms.
Therefore, pursuing trustworthiness has become an important issue in
e-commerce question answering and dialogue systems. Several studies
distinguish spam or fake reviews in online review systems via graph
neural networks (Kaghazgaran et al., 2018; Rao et al., 2020; Liu et al.,
2020h; Dou et al., 2020). Textual generation methods based on deep
neural networks have been applied to fake reviews or spam generation
by camouflaged fraudsters. Thus, distinguishing the authenticity of
e-commerce information is a challenging task. Other patterns in the
reviews, e.g., sentiments and emotions, can be applied to improve the
detection. Also, investigating inconsistency problems under multiple
domains provides new avenues of research.

Ezplainability in e-commerce aims to answer the question about why
we receive a specific ranking, recommendation, or answer result. The
task of explainability can be divided into explainability of the learning
models and explainability of the results. The former aims to provide
more transparent learning details for the proposed methods, whereas the
latter focuses on provide more explainable results to various application
scenarios, e.g., search, recommendation, and question answering, etc.
Explainability methods have been shown to be effective for enhancing the
e-commerce search and recommendation (Zhang et al., 2018c; Liu et al.,
2020f). For future work, it is important to evaluate if and how users and
other stakeholders are satisfied with the explanations generated from an
e-commerce system, especially as these are increasingly conversational in
nature (Lucic et al., 2021). Generating coherent, faithful, and naturally-
sounding explanations based on a sequence of reasoning steps (including
search or recommendation system output) is still difficult.

As we have shown in this survey, the number of research studies in
the area of information discovery for e-commerce is increasing rapidly.
We believe that this is only the beginning. The recent launch of a
dedicated product search track at TREC seems to confirm this.! The

"https://trec-product-search.github.io
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volume of the work described in this survey and the steady pace of
publications in the field, together with the arrival of open research
challenges indicate a promising future ahead. A lot remains to be done.
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Datasets

In this appendix, we list benchmark datasets that are relevant for
studying information discovery in e-commerce. We follow the topical
organization of our sections, and divide the datasets into five types:
e-commerce infrastructures, e-commerce user modeling, e-commerce
search, e-commerce recommendation, and e-commerce QA & dialogues.

A.1 Datasets for E-commerce Infrastructures

To begin, we list benchmark datasets about e-commerce interfaces and
users:

» Taobao short title dataset (Sun et al., 2018a): This dataset
contains 411,246 title-product pairs in 94 categories. Each item in
the dataset is represented as a triple (@, K, .S), where @ denotes
the products’ original titles, K refers to the background knowledge
about the products, and S represents the human-written short
titles.

o eCOM-C2C dataset about product categories and titles (Wang
et al., 2018a): This dataset takes advantage of realistic data from
a well-known C2C website in China. The dataset contains 185,386
triplets in the Women’s Clothes category. Each item in the dataset
is represented as a triple (S, T, Q), where S refers to a product’s
original title, T" denotes a handcrafted short title, and @ is a
successful transaction-leading search queries.
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o Walmart product summarization dataset (Mukherjee et al.,

2020): The dataset includes 40,445 top-selling Walmart grocery
products during the calendar year 2018, together with their prod-
uct titles and corresponding human-generated summaries. There
are also descriptions, brand names, and category information of
the products.

Taobao multi-modal title dataset (Miao et al., 2020): The
dataset contains 114,278 original titles with corresponding short
titles and product images. The short titles are manually written
by professional editors, whereas the images are selected by the
seller.

Walmart e-commerce product dataset (Mukherjee, 2021):
The dataset contains five parts: D-search includes the top 12 mil-
lion product search queries on Walmart.com and their frequencies
over a one year period. D-product includes 250,000 top-selling
Walmart products over a six month period. D-com-human includes
40,445 human-generated title compressions from the Walmart cata-
log across eight different product categories. D-meta-auto contains
40,000 meta-training examples. And D-meta-human is a dataset
consisting of 16,000 human-generated 1-shot title compression
examples.

LESD4EC dataset (Gong et al., 2019): The dataset consists of
6,481,623 pairs of original and short product titles in a module
in Taobao named “Youhuashuo.” Each product in this dataset
includes a long product title and a short title summary written by
professional writers, along with a high-quality image and attributes
tags.

Table A.1 summarizes the key statistics of the datasets listed above.

A.2 Datasets for E-commerce User Modeling

Next, we list benchmark datasets about e-commerce user modeling:
o Taobao Tianchi consumer dataset (Kim et al., 2021): The

dataset includes responses of users to advertisements of inventory
in the user profile and advertising information. The time length
of the data is eight days, and the dataset is divided into four ta-
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bles: advertisement features, user profiles, past shopping behavior
that users engaged in, and who received the advertisement with
responses.>

Instacart.MB dataset (Sheng et al., 2021): The Instacart Mar-
ket Basket (Instacart.MB) dataset is anonymized and contains a
sample of over 3 million grocery orders from more than 200,000
Instacart users. For each user in the dataset, there are between 4
and 100 of their orders, with the sequence of products purchased
in each order.?

Bing advertising service dataset (Lian et al., 2021): The
dataset contains user click logs within a two week period from
the Bing Native Advertising service. It also includes users’ on-
line behavior history before their corresponding clicks. The user
behavior sequences are truncated to 100 in the dataset.

Feeds user dataset (Yi et al., 2021): The feeds dataset is col-
lected on Microsoft News App from August 1, 2020 to September
1, 2020. It contains 643,177 news items, over 10,000 users, 320,925
impressions, and 970,846 clicks.

JD user profiling dataset (Chen et al., 2019f): This dataset is
collected from one of the largest e-commerce platforms in China.
In this dataset, users, items, and attributes reflect real-world e-
commerce consumers, products, and words in the titles of the
products respectively. The profiles of users are the age and gender
labels.

Twitter user behavior dataset (Al Zamal et al., 2012): Each
attribute dataset consists of approximately 400 labeled Twitter
users, 200 with one label (e.g., “female”) and 200 with a second
label (e.g., “male”). In addition, all of the friends of these labeled
users are identified; for each of these labeled and neighbor users,
the most recent 1,000 tweets generated by the user were collected.
UCL social media user profiling dataset (Liang et al., 2017):
This dataset was collected by UCL’s Big Data Institute. The data
set includes 1,375 active Twitter users chosen randomly and their

https://tianchi.aliyun.com/dataset/dataDetail?datald=56
3https://www.kaggle.com/c/instacart-market-basket-analysis/data
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tweets from the time they registered until May 31, 2015. The
dataset has 3.78 million tweets in total. The length of a tweet is
12 words on average.

o« CALL dataset (Dong et al., 2014): The dataset is extracted
from a collection of more than 1 billion (i.e., 1,000,229,603) call
and text-message events from an anonymous country, which spans
from August 2008 to September 2008. The data does not contain
any communication content.

o W-NUT dataset (Han et al., 2016): This is a user-level dataset
of the geolocation prediction shared task released at the W-NUT
workshop in 2016. The dataset consists of over 1 million training
users, 10,000 development users, and 10,000 test users. The ground
truth location of a user is decided by majority voting of the closest
city center.

« Facebook user profiling dataset (Farnadi et al., 2018): This is
a re-collected dataset based on Facebook’s MyPersonality project
dataset.* The dataset includes information about each user’s
demographics, friendship links, Facebook activities (e.g., number
of group affiliations, page likes, education, and work history),
status updates, profile picture, and Big Five Personality scores
(ranging from 1 to 5).

Table A.2 summarizes the key statistics of the datasets listed above.

A.3 Datasets for E-commerce Search

We list benchmark datasets about e-commerce search as follows:

e QUARTS e-commerce search dataset (Nguyen et al., 2020):
This is a human-labeled dataset of query-item pairs, obtained
from an e-commerce search platform. There are in total 3.2 million
pairs of which only a small fraction are mismatches. About 100,000
labeled pairs are used as a separate test set. Another 3 million
query-item pairs are deemed “matched” by considering items that
are purchased frequently in response to those queries from the
search logs.

“http://www.mypersonality.org
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« SCEM product search dataset (Bi et al., 2020b): The dataset
contains three category-specific datasets, namely, “Toys & Games,’
“Garden & Outdoor,” and “Cell Phones & Accessories,” from the
logs of a commercial product search engine spanning ten months
between years 2017 and 2018. The datasets include up to a few
million query sessions containing several hundred thousand unique

)

queries.

o Walmart product search dataset (Karmaker Santu et al.,
2017): This is a subset obtained from Walmart’s online product
catalog. The dataset consists of more than 2,800 randomly selected
product search queries and a catalog of around 5 million products.
For each query, the top 120 products are retrieved.

o Walmart query log dataset (Magnani et al., 2019): This is a
large query log dataset on shoe segments during a six-month win-
dow from May 2018 to October 2018 on Walmart.com. Historical
data of the extra features such as clicks and orders are collected
from the query log six months before May 2018. The dataset is
composed of more than 100 million query and product pairs, of
which there are more than 1 million unique queries and more than
1 million unique item titles.

o Bestbuy dataset (Duan et al., 2013b): The dataset consists of
a full crawl of the “Laptop & Netbook Computers” category of
Bestbuy.com. In total, there are 864 laptops in the database, each
entity has 44 specifications on average. And 260 laptops have user
reviews. The annotated datasets contain 40 queries, on average,
there are 2.8 keywords per query and 3.8 keywords per query for
the hard queries.

o Amazon product dataset (Bi et al., 2021; McAuley et al., 2015):
The Amazon product dataset is a well-known benchmark for
product search and recommendation. It contains information for
millions of customers, products and associated metadata, including
descriptions, reviews, brands, and categories.’

o Etsy product search dataset (Wu et al., 2018a): The dataset
contains 4 weeks worth of search log data with clicks and purchases

®http://jmcauley.ucsd.edu/data/amazon
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from Etsy.% In total, there are 334,931 search sessions with 239,928
queries and 6, 347,251 items. In total, 270,239 buyers and 550,025
sellers are involved in the transactions, whereas 631,778 keywords
are used by sellers to describe their items.

Table A.3 summarizes the key statistics of the datasets listed above.

A.4 Datasets for E-commerce Recommendations

Next, we list benchmark datasets about e-commerce recommender

systems:
e Amazon product dataset (He and McAuley, 2016b; McAuley

et al., 2015): For e-commerce recommendations, the Amazon
product dataset is split by top-level product categories in amazon
and is notable for its high sparsity and variability. This dataset
contains product reviews and metadata from Amazon, including
142.8 million reviews spanning May 1996-July 2014. This dataset
includes reviews (i.e., ratings, text, helpfulness votes), product
metadata (i.e., descriptions, category information, price, brand,
and image features), and links (i.e., substitutive/complementary
relations).

Amazon soc dataset (McAuley et al., 2015): A large-scale
database of 230,000 users; each data sample includes a user’s
profile, user feedback on a product, and social relationship among
users. More specifically, the user’s profile includes gender, income,
age, and hobby. User feedback includes the user’s comments and
browsing history.

AliExpress dataset (Ahmed et al., 2021): This dataset is col-
lected from an online retailer service owned by the Alibaba group.
There are about 2,260,923 records from AliExpress, the data for
about fourteen months from January 1, 2019 to February 23,
2020. The dataset contains 1,506,850 users that submitted reviews
against 49,221 items in 205 different categories, such as electronics,
entertainment, education, house, and garden, etc., and the items
are rated from 1 to 5 scale.

Shttps://www.etsy.com
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o Instacart orders dataset: This is an anonymized dataset col-

lected from the Instacart site.” It contains a sample of over 3
million grocery orders from more than 200,000 Instacart users.
For each user, 4 and 100 of his/her orders are provided, with the
sequence of products purchased in each order. There are also the
week and hour of the day the order was placed and a relative
measure of time between orders.?

Movielens dataset (Harper and Konstan, 2015): This is a widely
used benchmark dataset collected from https://movielens.org. The
dataset contains user ratings and timestamps for the movie. There
is side-info of users and movies. According to the year and the
size of the dataset, there are multiple specific versions.”
Yoochoose dataset (Ben-Shimon et al., 2015): This dataset is
collected from the 2015 recommender systems challenge (RecSys
Challenge 2015). The dataset includes six months of user activi-
ties for a large European e-commerce business that sells various
consumer goods, including garden tools, toys, clothes, electron-
ics, and more. There are 33,040,175 records in the click file and
1,177,769 records in the buys file. The training set consists of
9,512,786 unique sessions, and the test file consists of 2,312,432
click sessions.

Alibaba Cloud/TIANCHI dataset (Zhu et al., 2018): The
dataset was randomly selected from Taobao; it contains about
1 million users with their behavior, which includes clicks, pur-
chases, adding items to the shopping cart, and item favoring from
November 25 to December 3, 2017. The dataset is organized in a
very similar form to MovieLens-20M, i.e., each line represents a
specific user-item interaction, which consists of user 1D, item ID,
item’s category ID, behavior type, and timestamp, separated by

comias. 10

Table A.4 summarizes the key statistics of the datasets listed above.

"https://www.instacart.com
Shttps://www.instacart.com/datasets/grocery-shopping-2017
“https://grouplens.org/datasets/movielens/

https://tianchi.aliyun.com/dataset /dataDetail?datald=649& userld=1&lang=

en-us


https://movielens.org
https://www.instacart.com
https://www.instacart.com/datasets/grocery-shopping-2017
https://grouplens.org/datasets/movielens/
https://tianchi.aliyun.com/dataset/dataDetail?dataId=649&userId=1&lang=en-us
https://tianchi.aliyun.com/dataset/dataDetail?dataId=649&userId=1&lang=en-us
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Datasets for E-commerce QA and Dialogues

Next, we list benchmark datasets about e-commerce question answering

and dialogue systems:

JD product question answering (Gao et al., 2019b): This
dataset consists of online product-aware QA pairs. Each QA pair
is associated with the reviews and attributes of the corresponding
product. The corpus covers 469,953 products and 38 product
categories. The average length of the question is 9.03 words, and
the ground truth answer is 10.3 words. The average number of
attributes is 9.0 key-value pairs.

Taobao question answering dataset (Chen et al., 2019e):
This dataset is collected on Taobao. The dataset includes 4,457
and 47,979 products under the category Cellphone and House-
hold Electrics, respectively. For each product, the associated
question-answering pairs and user reviews are included. After pre-
processing, Cellphone/Household Electrics products have 356,842
and 798,688 QA-pairs in two subsets, respectively.

Amazon complex question/answer dataset (McAuley and
Yang, 2016): This dataset was collected from Amazon, including
reviews and descriptions of products and QA data. This dataset
contains 1.4 million answered questions on 191 thousand products
and 13 million related reviews.

Hierarchical product review corpus (Yu et al., 2011): This
corpus contains consumer reviews on 11 popular products in four
domains. These reviews were crawled from several prevalent forum
websites, including cnet.com, viewpoints.com, reevoo.com, and
gsmarena.com. All of the reviews were posted between June 2009
and September 2010. The aspects of the reviews, as well as the
opinions on the aspects, were manually annotated.

Amazon question answering dataset (Deng et al., 2020): This
dataset is constructed by combining Amazon Question Answering
Dataset (McAuley and Yang, 2016) and Amazon Product Review
Dataset (He and McAuley, 2016b) by matching the product ID.
In this dataset, each QA sample contains a question, a reference
answer, the answer opinion type label, and a set of relevant re-
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view snippets with corresponding ratings. After collecting the
final dataset, each QA sample contains a question, a reference
answer, the answer opinion type label, and a set of relevant review
snippets with corresponding ratings. There are three categories,
namely Electronics, Home & Kitchen, and Sports & Outdoors,
with 193,960 (Electronics), 90,269 (Home & Kitchen), and 50,020
pairs (Sports & Outdoors).

o JDDC e-commerce dialogue dataset (Chen et al., 2020c):
JDDC is a large-scale real scenario Chinese E-commerce conver-
sation corpus, with more than one million multi-turn dialogues,
20 million utterances, and 150 million words, which contains con-
versations about after-sales topics between users and customer
service staffs in an e-commerce scenario. JDDC was updated with
multi-modal customer service information in 2021 (Zhao et al.,
2021a).

o E-commerce dialogue corpus dataset (Zhang et al., 2018d):
The dataset is collected from the real-world conversations between
customers and customer service staff on Taobao. It contains over
five types of conversations (i.e., commodity consultation, logistics
express, recommendation, negotiation, and chitchat) based on
over 20 commodities.!!

Table A.5 summarizes the key statistics for the datasets listed above.

Hhttps://drive.google.com/file/d/154J-neBo20ABtSmIDvm7DK0eTuieAuvw/
view?usp=sharing


https://drive.google.com/file/d/154J-neBo20ABtSmJDvm7DK0eTuieAuvw/view?usp=sharing
https://drive.google.com/file/d/154J-neBo20ABtSmJDvm7DK0eTuieAuvw/view?usp=sharing
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