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Abstract  Currently, social media platforms allow users to universally express their opinions and
sentiments due to their convenience and openness. As one of the most common ways of commu-
nication, dialogue contains rich information and sentiment expression of participants. Dialogue
sentiment classification and dialogue act recognition are two sub-tasks in dialogue systems that
aim to predict the sentiment and act label of each utterance in a dialogue. In the past few years,
these two tasks gained attention from the NLP community due to the increase of public availabili-
ty of dialogue data. They can be used to analyze dialogues that take place on social media or other
scenes and provide support for downstream tasks, such as dialogue response generation. They
can also aid in analyzing dialogues in real times, which can be public opinion monitoring, inter-
views, psychological consulting and more. These two tasks are influenced by multiple factors and
closely related. However, existing models do not make reasonable use of the explicit and implicit
information contained in a dialogue, such as speaker information, temporal information, and la-
bel information,and simply or coarse-grained modeling the interaction of two tasks. To solve the

above problems, this paper proposes a new multi-task learning model, namely Speaker-aware
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Cross-task Co-interactive Graph Network (SA-CCGN). The model first captures speaker-aware
sentiment and act cues along with the time to generate speaker-aware utterance representations,
and then adequately models information propagation within a conversation and information inter-
action between tasks through a cross-task co-interactive graph network, where information prop-
agation of a conversation is modeled by constructing a directed acyclic graph, and after each graph
propagation, appropriate interaction between two tasks is performed using the co-interactive lay-
er. Finally, the label information is introduced, i.e. , differentiation and correlation between la-
bels, which can constrain the model training when decoding. Specifically, in the multi-loss de-
coder, the supervised contrastive learning loss is used to make the learned representation of dif-
ferent labels more differentiated and the conditional random field loss is used to constrain the gen-
eration of adjacent label sequences, then the final sentiment and act label of each utterance are ob-
tained. In order to prove the effectiveness of the model in this paper, experiments were conducted
on the two public two-way dialogue datasets:; DailyDialog dataset and Mastodon dataset, and we
compare our proposed method with a variety of state-of-the-art methods, including dialogue sen-
timent classification methods, dialogue act recognition methods and joint-train methods. Experi-
mental results on two public datasets show that our model outperforms the current state-of-the-
art joint model Co-GAT, with an improvement of 4. 57% and 3. 33% in F1 scores for the dialogue
sentiment classification task and 2. 15% and 0. 63% in F1 scores for the dialogue act recognition
task on the two datasets, respectively, while reducing the number of parameters and memory us-
age by about 1/2. The performance of SA-CCGN on two public datasets exceeds the best results
in the known literature. Experiments show that this method can effectively utilize dialogue infor-
mation, and has obvious advantages in dialogue sentiment classification task and dialogue act rec-
ognition task compared to previous methods.
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and syntactic features of an independent text to capturing
more complex long-term dialogue-level context dependencies.
However, the current research related to dialogue texts is at
a preliminary stage, and most scholars focus on the classifi-
cation tasks of independent texts, therefore there is still great
space for exploring the analysis of dialogue texts with inter-
active information. In addition, most deep learning-based
methods lack effective utilization of speaker information and
label information, and implicit modeling or coarse-grained
modeling the interaction of two tasks when they explore the

correlation of them.
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To address the above issues, this work proposed a novel
multi-task learning framework, the Speaker-aware Cross-
task Co-interactive Graph Network (SA-CCGN), in which
the speaker-aware interaction layer captures the sentiment and act
cues of the same speakers along with time, and the cross-task co-
interaction graph network can well jointly model the interaction
between two tasks, and finally uses the differentiation and corre-
lation between labels to enable the model to learn a better repre-
sentation. Compared with existing methods, the approach in this
paper can better capture speaker cues over time and use label in-
formation to better constrain the training of the model. In addi-
tion, we construct directed acyclic graphs to model rich conversa-
tional information, and use a co-interaction layer to reasonably
interact with the two tasks. The experimental results show that

the proposed model effectively improves the performance of both

dialogue sentiment classification and dialogue act recognition
tasks, providing new ideas and contributing to the exploration in
this task.
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ognition can help dialogue understanding and dialogue empa-
thy, which are crucial for some downstream tasks such as
public opinion monitoring, psychological analysis and re-
sponse generation. In this paper, we study the sentiment

classification and act recognition methods of dialogues ac-

cording to the characteristics of dialogues texts.



