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Abstract
Expression of conflicting opinions often appears in the inter-
action process among different users in various online com-
munities, and effectively recognizing opinion conflict inter-
actions is of great significance. Compared to traditional on-
line opinion mining tasks, such as stance/sentiment classi-
fication, the opinion conflict interaction recognition shows
unique and challenging characteristics that it is determined
based on the interaction between the differences in emo-
tion expression and the consistency of thematic content given
two opinions. Thus, the paper tries to propose a model that
can effectively model its unique feature and recognize dif-
ferent interaction categories, that is, Opinion Conflict In-
teraction Recognition based on Causal Inference-enhanced
dependent Multi-Task Deep Learning, noted as CIMDL.
The model introduced causal inference-enhanced multi-task
learning and Co-Attention interaction mechanism in addition
to the pre-training language model-based text embedding and
deep neural network-based feature extraction. We construct
two benchmark datasets for the newly proposed task, and con-
duct extensive experiments to demonstrate the advantages of
the proposed approach over different state-of-art baselines.

Code & Datasets — https://github.com/zss019/CIMDL
Online Appendix — https:

//github.com/zss019/CIMDL/blob/main/appendix.pdf

Introduction
Online knowledge communities (such as knowledge Q&A
communities and science weblogs) on basis of Web2.0 and
mobile Internet technologies have become important chan-
nels for knowledge acquisition, sharing, and exchange. In
the free and open online platform, due to the differences in
personal knowledge background and personal traits, users
would express inconsistent opinions with each other, form-
ing opinion conflict interactions. For example, in the Q&A
knowledge community, conflict opinions often appear in dif-
ferent answers and comments on a certain question; differ-
ent bloggers often express different opinions on the same
knowledge viewpoint. There exists a critical impact of opin-
ion conflict interactions on the operation of online communi-
ties as well as social governance, since it would greatly influ-
ence users’ online participation and the spreading of public
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Figure 1: Examples show the uniqueness of opinion conflict
interaction compared to sentiment or stance classification of
a single text. (a) the positive sentiment (or support stance) to-
wards something conflicts with the negative emotional views
about the similar thing. (b) the negative sentiment (opposite
stance) towards something supports the negative emotional
views about the similar thing.

opinion (Yang et al. 2022). Thu, effectively identifying opin-
ion conflict interactions among users is of great significance,
which would provide useful practice implications.

However, it is challenging to recognize opinion conflict
interactions as it is quite different from the traditional opin-
ion mining tasks. First, we note that there exists extensive
approaches for online controversy detection (Benslimane
et al. 2023; Wang et al. 2021). However, these methods pri-
marily focus on macro-level analysis. They try to measure
the overall conflict or controversy degree within a set of
event-related posts or comments. Consequently, they cannot
be directly applied to recognize the conflict interaction be-
tween a pair of two opinion texts from a micro perspective.
Second, text semantic matching tasks (Wang et al. 2022; Yu
et al. 2024b) aim to measure the matching degree between
two texts. However, these methods primarily assess content
or topic consistency in search and Q&A scenarios. They
fail to capture semantic opinion differences toward identi-
cal or distinct entities. Third, and more importantly, opinion
conflict interaction recognition differs from the single text-
based opinion mining task, such as sentiment or stance clas-
sification (Zhang et al. 2024). As shown in Figure 1, the pos-
itive sentiment (or support stance) towards something can
conflict with the negative emotional views about the sim-
ilar thing (a), or the negative sentiment (opposite stance)
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towards something would support the negative emotional
views about the similar thing (b).

Overall, compared with the focus on semantic relevance
between two texts in text matching tasks and the focus on
emotional expression in stance detection tasks, the opinion
conflict interaction presents a unique feature of combining
emotional expression differences and thematic content rel-
evance. It is not completely equivalent to emotional stance
detection of the online opinion or the association of thematic
content between opinions, but needs to be determined based
on the combination of the differences in emotion expression
and the consistency of thematic content in the given two
opinions, as in Figure 1. Therefore, we can not directly em-
ploy the traditional stance detection or text matching meth-
ods, highlighting the research gap that needs to be filled. The
key challenge is how to model the interaction between emo-
tional expression and thematic content of the two opinions
given, motivating the development of an effective method.

Thus, this study proposes a model to capture the unique
characteristics of opinion conflict interactions among users
when classifying it. We name it as Opinion Conflict Inter-
action Recognition based on Causal Inference-enhanced de-
pendent Multi-Task Deep Learning, noted as CIMDL. The
overall structure is based on end-to-end deep neural net-
works that have been widely used for text mining tasks re-
cently. Specifically, the input text embedding of two opin-
ion texts comes from the pre-trained language model. To
model the dependency of emotional expression and thematic
content of the two opinions on the final classification, we
feed the embedding into Recurrent Neural Network (RNN)
and Self-Attention to encode the sentiment feature and the-
matic content of the opinions. Using the multi-task learn-
ing framework, the model would fit the sentiment categories
of the two input opinions in addition to the target label of
opinion conflict interaction. Then, a Co-Attention interac-
tion module is to model the interaction of the representation
containing sentiment expression and thematic content be-
tween the input two opinion texts. More significantly, mo-
tivated by the logically dependent multi-task learning with
causal inference (Chen et al. 2020), we introduced a causal
transfer module to capture the dependency of emotional ex-
pression and semantic matching on the final conflict inter-
action label as discussed above (in Figure 1). Finally, it was
fused with the sentence semantic representation to perform
the final classification. We construct two benchmark datasets
from two popular online communities in China, Zhihu.com1

and ScienceNnet.cn2, for the new proposed task, and conduct
extensive experiments to demonstrate the advantages of the
proposed approach over different baselines.

This work establishes a novel theoretical framework for
opinion conflict interaction recognition by formally defining
the task, introducing a causal inference-enhanced multi-task
deep learning to model sentiment-content interplay, and val-
idating its effectiveness through newly constructed bench-
marks, thereby advancing research beyond traditional stance
detection and semantic matching paradigms. In summary,

1https://www.zhihu.com/
2https://sciencenet.cn/

our contributions are as follows.
• We defined a new opinion conflict interaction recognition

task, which tries to recognize the conflict interaction be-
tween a pair of two user’s opinions. It is quite different
from existing text mining tasks, such as stance detection,
semantic matching or overall controversy detection.

• We proposed an opinion conflict interaction recognition
model based on causal inference-enhanced multi-task
deep learning (CIMDL) to model the interaction be-
tween the differences in emotion expression and the con-
sistency of thematic content given two opinions.

• We build two benchmark datasets for the newly defined
task, and extensive experiments reveal the superior per-
formance of the proposed method overall baselines.

Related Works
Controversy Detection of Online Content
Previous studies have focused on the controversy detection
of online content on different platforms, such as knowl-
edge collaborative editing platforms, news websites, and so-
cial media. According to the different types of data used,
the methods can be divided into content-based methods,
structure-based methods, and hybrid methods.

Content-based methods utilize the content features of
the online information to identify the controversy within
it, including dictionary-based methods (Pennacchiotti and
Popescu 2010) and machine learning or deep learning-based
methods (Das, Lavoie, and Magdon-Ismail 2016; Beelen,
Kanoulas, and Van De Velde 2017; Koncar, Walk, and Helic
2021) to extract the features of the content. The structure-
based approach mainly utilizes the interaction network be-
tween the online information and published users, and iden-
tifies possible controversy based on different structural fea-
tures of the network, such as graph partitioning modular-
ity (Guerra et al. 2013), graph random walk (Garimella
et al. 2018) and graph motif (Coletto et al. 2017). Re-
cent studies usually construct hybrid methods that consider
both the online content and the interaction network between
users or information, using traditional social network anal-
ysis methodologies (Emamgholizadeh et al. 2020), machine
learning techniques (Popescu and Pennacchiotti 2010) and
deep learning methods with graph neural networks (Bensli-
mane et al. 2023; Wang et al. 2021).

However, these studies mostly focus on macro-level con-
tent controversy in online information, such as a single web
page, a collection of tweets for an event/topic or comments
on the same tweet. As a result, they cannot be applied di-
rectly to recognize the conflicting interaction in pairwise
user opinions from the micro-perspective of user interaction.

Text Matching
Text matching mainly focuses on traditional information re-
trieval and Q&A context. Although our task is different
from the text matching task, they share the same prob-
lem form of assigning a label given a pair of two input
texts. Therefore, methods in text matching, especially fea-
ture representation and feature learning based on deep neu-
ral networks, can provide insights for the method design
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for the new task. The early work on text matching ap-
plied traditional vector space model and text similarity upon
word frequency distribution, such as TF-IDF and BM25.
The emergence of text embedding, especially deep learn-
ing (Ward 2014; Lin and Lin 2023) and the pre-trained
language model (such as BERT (Devlin et al. 2019) and
Sentence-BERT (Reimers and Gurevych 2019)), has im-
proved text representation and similarity computation. In
addition, interaction-based deep learning models do not di-
rectly compute the similarity of text representations, but
model the interaction between two text representations to
enhance the performance of text matching, such as the CNN
model to extract features from the interaction matrix (Pang
et al. 2016), the Co-Attention (Yu et al. 2021) or dual atten-
tion (Wang et al. 2022) mechanism to extract the interaction
feature, and data augmentation based on Gaussian noise and
noise mask signal (Wang et al. 2024).

Problem Definition
Let {Tx, Ty} be a pair of interactive opinion texts between
two users, such as the comment and its reply in online com-
munities. Specifically, Tx = {w1

x, w
2
x, . . . , w

n
x} and Ty =

{w1
y, w

2
y, . . . , w

m
y }. wi

x and wi
y denote the individual word

in sequences Tx and Ty , respectively. n and m represent the
number of words in Tx and Ty . The objective of the Opinion
Conflict Interaction Recognition task is to train a classifier
that leverages the textual content of these two opinion texts.
The classifier automatically categorizes the interaction type
of {Tx, Ty}, specifically recognizing whether it is a conflict-
ing interaction or other types. The classifier outputs a label
y(x,y) ∈ {c1, c2, . . . , ck}, where ci denotes predefined opin-
ion interaction categories such as ‘Support’, ‘Conflict’, or
‘Neutral’. Here, k is the number of categories.

Methodology
Overall Architecture

The overall architecture of CIMDL is shown in Figure 2. It
end-to-end recognizes opinion conflict interactions and ex-
tracts multi-dimensional features via hierarchical, special-
ized encoders. By integrating causal inference and multi-
task learning, it leverages fine-grained sentiment insights to
achieve accurate opinion conflict recognition.

In CIMDL, the Text Representation & Encoding mod-
ule is first used to obtain word embeddings of input text
pairs. The text pairs are also fed into the Sentence Seman-
tic Matching (SSM) module to obtain holistic-level repre-
sentations. In addition, word embedding sequences are fed
into the Sentiment & Content Feature Extraction module
to derive sentiment-specific and content-specific features.
These features are forwarded to the Multi-task Learning
with Causal Inference module, returning sentiment category
and generating the causal fusion representations. The latter
are then fused with the semantic matching representations
from the SSM module. Finally, the fused representations are
fed into the Final Classification module to output the opinion
interaction category.

Text Representation & Encoding
The input texts Tx and Ty are respectively encoded into
sequences of word embedding vectors by a fine-tuned
RoBERTa model (Cui et al. 2021). The hidden repre-
sentation from the last transformer layer of RoBERTa
serves as the word-level representations, denoted as X =
[x1, x2, . . . , xn] ∈ Rd×n and Y = [y1, y2, . . . , yn] ∈ Rd×n.
Here, d represents the dimensionality of word vectors (768
for RoBERTa), and n is the sequence length after augmented
alignment.

Sentiment & Content Feature Extraction
Based on the word-level representations, this module ex-
tracts semantic sentiment features and thematic content fea-
tures using specialized deep neural networks.

Sentiment Feature Encoder Conflicting online opinions
usually convey specific sentiments. To capture these nu-
anced sentiments, a bidirectional GRU (Bi-GRU) network
is used to encode the text representation sequence X and Y .

X ′ =
→

GRU(X)⊕
←

GRU(X),

Y ′ =
→

GRU(Y )⊕
←

GRU(Y ).
(1)

Here,
→

GRU and
←

GRU denote the forward and backward
GRU hidden states, respectively. The symbol ‘⊕’ denotes
the concatenation operation along the feature dimension.
To emphasize salient sentiment information, we apply an
attention-based weighted aggregation to the outputs of the
Bi-GRU. The process is formalized as follows:

Xw = softmax(WX ′), Xsen = X ′XT
w,

Yw = softmax(WY ′), Ysen = Y ′Y T
w .

(2)

Xw ∈ Rn×n and Yw ∈ Rn×n are attention weight matrices
derived from X ′ and Y ′. The learnable W ∈ Rn×dwmaps
the features encoded by Bi-GRU to the attention space,
where dw is the feature dimension outputted by Bi-GRU.

Thematic Content Feature Encoder We use the Self-
Attention mechanism (Vaswani et al. 2017) to capture word
relationships and emphasize key content. The text represen-
tations X and Y are first mapped into their respective Q,
K, and V matrices through independent linear layers. Sub-
sequently, the attention weights are calculated as follows:

Weight = softmax

(
Q ·KT

√
dK

)
. (3)

Here, dK denotes the dimension of the matrix K. The
Weightx and Weighty , as variants of Weight for X and Y
respectively, are then used to compute context-aware content
representations Xcontent and Ycontent:

Xcontent = LayerNorm(WeightxVx),

Ycontent = LayerNorm(WeightyVy),
(4)

where LayerNorm(·) denotes layer normalization for output
stabilization; Vx and Vy denote the V values after the linear
layer on X and Y respectively.
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Figure 2: The overall structure of CIMDL model.

Multi-task Learning with Causal Inference
To leverage the close relationship between sentiment expres-
sion and opinion conflict interactions, while fully utilizing
the sentiment and content features extracted in the earlier
stage, we propose a framework that integrates causal infer-
ence within a dependent multi-task learning paradigm. The
framework models the dependency between sentiment clas-
sification of each text and the final opinion conflict interac-
tion classification, thereby providing a more nuanced under-
standing of opinion conflict interactions.

Multi-task learning leverages inter-task dependencies to
enhance overall model performance. Specifically, we treat
opinion conflict interaction recognition as the main task and
sentiment classification as an auxiliary task. Additionally,
we incorporate Co-Attention interaction and causal transfer
components to enhance the expressivity of the model.

Sentiment Classification as an Auxiliary Task We clas-
sify the sentiment feature representations extracted from the
Sentiment Feature Encoder into sentiment categories, and
use the annotated sentiment labels as the supervisory signal
for training the classifier (the details of the annotation are
shown in the Benchmark Dataset Construction section). By
leveraging the inherent relationship between sentiment clas-
sification output and the final opinion interaction label, this
task contributes to improving the performance of the main
task during joint model training.

Specifically, the sentiment feature vectors Xsen and Ysen

are mapped to a lower-dimensional space using a linear
layer, followed by Max-Pooling to refine them into X ′sen and
Y ′sen. They are then fed into a shared Multilayer Perceptron
(MLP) classifier, which independently returns the sentiment
category (0 or 1) for each text:

X ′sen = MaxPooling
(
Linear(Xsen)

)
,

Y ′sen = MaxPooling
(
Linear(Ysen)

)
,

(5)

Senx, Seny = MLP(X ′sen, Y
′
sen). (6)

Co-Attention Interaction To deeply mine the interac-
tions between text pair {Tx, Ty}, we integrate the senti-
ment and thematic content features, and employ the Co-
Attention mechanism (Tay, Luu, and Hui 2018) to capture
fine-grained key interaction features at the word-sequence
level. Sentiment representation matrices Xsen and Ysen are
concatenated with their corresponding content representa-
tion Xcontent and Ycontent, along the feature dimension. The
concatenated representations are then processed through a
linear layer followed by GELU activation, returning Xsum

and Ysum.

Xsum = GELU
(
Linear(Xcontent ⊕Xsen)

)
,

Ysum = GELU
(
Linear(Ycontent ⊕ Ysen)

)
.

(7)

Then, Xsum and Ysum serve as Query and Value sequences
alternately in Co-Attention mechanism (Lu et al. 2016; Ren
et al. 2024). Xsum first served as Query, while Ysum as both
Key and Value, to compute the Co-Attention weight matrix,
as:

CoWeightx = softmax(Y T
sumXsum). (8)

CoWeightx represents the relevance of the specific posi-
tion of Tx on different positions of Ty . Finally, the Value
sequence Ysum is weighted by CoWeightx to produce the
Co-Attention output representation CoAttOutx ∈ Rd′×n:

CoAttOutx = YsumCoWeightx, (9)

where d′ denotes the dimension size of Xsum and Ysum. Af-
ter that, we swap the roles of Xsum and Ysum, to obtain the
attention output representation CoAttOuty ∈ Rd′×n.

Causal Transfer To further integrate sentiment represen-
tations into opinion conflict interaction recognition, we in-
corporate a causal transfer mechanism inspired by (Chen
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et al. 2020) into multi-task learning framework to capture
the dependency between sentiment labels and the opinion in-
teraction label, i.e., the causal effects of sentiment labels on
opinion interaction label. Grounded in causal inference, this
mechanism models causal inter-dependencies between tasks
using intermediate variables, to enhance information trans-
fer between tasks and overall performance of the model. The
mechanism consists of two key components.

• Label Embedding Sentiment labels Senx and Seny are
embedded into dense vectors, as:

Esen
x = WsenSen

∗
x, E

sen
y = WsenSen

∗
y. (10)

The sentiment labels (Labelsen by (14)) are converted into
one-hot vectors (Sen∗x and Sen∗y) and then mapped to a con-
tinuous embedding space using a learnable weight matrix
Wsen ∈ Rdsen×Csen . Here, dsen represents the embedding di-
mension and Csen is the number of sentiment categories.

• Label Transfer To achieve causal fusion, the senti-
ment label embeddings Esen

x and Esen
y are respectively con-

catenated with the output of the Co-Attention interaction
CoAttOutx and CoAttOuty after pooling (an analysis of
pooling strategies is shown in the experiment section as Fig-
ure 4) to get the causal fusion representations Fx and Fy .

Fx = Pool(CoAttOutx)⊕ Esen
x ,

Fy = Pool(CoAttOuty)⊕ Esen
y .

(11)

Sentence Semantic Matching
Word-level vector sequences form the basis for extracting
sentiment and content features, as well as the downstream
Co-Attention interaction computation. However, sentence-
level information is also vital for recognizing opinion con-
flict interactions. Prior research has shown that incorpo-
rating sentence-level representations enhances the model’s
ability to capture global semantics in text matching tasks (Yu
et al. 2024a). Similarly, the global semantic context adds
an additional layer of granularity, which is valuable for the
model to comprehend the opinion-related content.

Thus, we introduced a Sentence Semantic Matching
(SSM) module, which captures semantic relationships
between text pairs from the sentence-level perspective,
complementing the word-level interaction representation.
Sentence-BERT (Reimers and Gurevych 2019), pre-trained
on Chinese online community data 3, is applied as the
encoder for semantic matching representation. Sentence-
BERT extends BERT architecture by incorporating Siamese
and triplet network for parameter updates, enabling it to cap-
ture entire semantic representations effectively.

Specifically, text sequences Tx and Ty are concatenated
with a [SEP] token into Txy , then encoded by Sentence-
BERT. The embedding of the [CLS] token at the begin-
ning of the sequence, denoted as XYcls, is extracted and
passed through a linear transformation layer to produce the
sentence-level semantic matching representation SSMxy .

3https://huggingface.co/DMetaSoul/sbert-chinese-qmc-
domain-v1

Final Classification and Model Training Fx, Fy and
SSMxy are concatenated as the final representation vector
Ocausal, activated by GELU.

Ocausal = GELU (Fx ⊕ Fy ⊕ SSMxy) . (12)

Ocausal is passed through a Multi-Layer Perceptron (MLP),
serving as the causal fusion encoder, to produce the final
opinion interaction representation Oconflict ∈ Rk:

Oconflict = MLP(Ocausal). (13)

Here, k represents the number of classes. Oconflict is fed into
a softmax classifier to generate a probability distribution
over predefined interaction categories. The category with the
maximum probability, denoted as Labelout, represents the
output label.

As shown in Figure 2, the model outputs three labels for
each pair of opinion interaction texts, i.e., the opinion in-
teraction label and the sentiment labels for the two texts.
The training process optimizes the model based on these
labels. While the sentiment label embeddings in (6) are de-
rived from the ground-truth sentiment labels during training,
it is the predicted labels during testing. To address this train-
test discrepancy (Chen et al. 2020), we employ the Gumbel-
softmax method (Lu et al. 2017) to infer the sentiment labels
in unseen testing data to obtain label embedding in (10). This
method approximates unknown labels by leveraging Gum-
bel random sampling based on the predicted probability dis-
tribution of categories, using a re-parameter trick to approx-
imate the multinomial sampling by:

Labelsen = sofmax((πi + g)/τ). (14)

Here, πi represents the prior probability of the sentiment
label, i.e., the probability vector obtained from (6), g is
a Gumbel-distributed random variable, and τ (τ > 0) is
the temperature parameter. As τ increases, Labelsen tran-
sitions from a one-hot to a smoother distribution, facilitat-
ing gradient-based optimization during training while main-
taining an effective label approximation in inference. Dur-
ing training, the sampled label (Labelsen) will replace the
ground-truth sentiment label for label embedding in (10),
and it also plays the same role during testing.

The model’s loss function comprises the main loss
Lossmain on opinion conflict interaction recognition (main
task) and the auxiliary loss Lossauxiliary on sentiment classi-
fication (auxiliary task), jointly optimizing these two tasks
within the multi-task learning framework. Both losses em-
ploy cross-entropy, and the total loss is a weighted sum:

Losstotal = Lossmain + wl × Lossauxiliary. (15)

Where wl is the fixed weight, and we analyze how it affects
model performance in the experiment section. During train-
ing, the AdamW optimizer is used.

Experimental Results
Experimental Setup
Benchmark Dataset Construction To assess the pro-
posed method, we constructed two datasets from two popu-
lar Chinese online knowledge communities, Zhihu.com and
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ScienceNet.cn. Zhihu is the largest Q&A platform in China,
and ScienceNet is the most influential Chinese online sci-
entific community. We crawled users’ opinion interaction
records and manually annotated them. Zhihu dataset con-
sists of comments and corresponding replies in Q&A thread
on selected controversial topics. These interactions were an-
notated as “Support” (agreement between two opinions) and
“Conflict” (disagreement or conflict between two opinions).
ScienceNet dataset includes comments and replies on the
web-blogs about scientific or academic topics. In addition
to “Support” (S) and “Conflict” (C) , we have also annotated
“Neutral” (N) for some smooth interaction since the com-
munication in ScienceNet is smoother than in Zhihu and
there exist many general discussion without obvious emo-
tional support or conflict.

Each sample consists of a pair of sentences with three an-
notated labels. The opinion interaction labels were annotated
by three trained students majoring in Information Systems,
with disagreements resolved through majority voting, where
the Cohen’s Kappa values for Zhihu and ScienceNet are 0.75
and 0.67. The sentiment labels of two opinions were gener-
ated using one of the state-of-the-art Chinese sentiment anal-
ysis models from Baidu AI API 4, returning 0 (negative) or 1
(positive) for each opinion text. Zhihu dataset was split into
training, validation, and test sets with 7:2:1, while 8:1:1 for
ScienceNet dataset.

Table 1 summarizes dataset statistics. The average length
of comments and replies in Zhihu dataset is shorter than in
ScienceNet. This is mainly due to the informal and daily
conversational nature of Zhihu, compared to the academic
discussions on ScienceNet. Notably, despite its shorter aver-
age, the Zhihu dataset includes a higher proportion of longer
samples (exceeding 300 characters) and a more skewed dis-
tribution of the text length. These distinctions provide varied
evaluation scenarios for the proposed method and result in
different hyperparameter settings in the experiments.

Evaluation Metrics We used several metrics for the eval-
uation. First, Accuracy (Acc) was to evaluate the overall
classification performance. Furthermore, to address class
imbalance issue, Macro-average Precision (P), Recall (R),
and F1 are employed to equally weight all classes. We also
report the F1 for each category to provide a detailed analysis
of the model’s performance across different categories.

Baselines We selected three sets of baselines for compar-
ison. The first two sets measure opinion conflict interaction
based on content matching between texts, where a fully con-
nected layer is employed for classification after getting the
pre-trained embeddings of the input texts from the language
models. Prior work shows that pre-trained language mod-
els outperform traditional methods in text matching (Zhang
et al. 2021; Song et al. 2022). Thus, our focus is on compar-
ing against various pre-trained models.

• RoBERTa-based Models.

– RoBERTa (Cui et al. 2021), the backbone for our
CIMDL.

4https://ai.baidu.com/tech/nlp apply/sentiment classify

– RoBERTa-Bi-LSTM, The RoBERTa embeddings
were encoded with Bi-LSTM and the outputs were
concatenated..

– RoBERTa-Bi-LSTM-ATT, extended with a Co-
Attention mechanism as the interaction module after
RoBERTa-Bi-LSTM.

• More Pre-trained Language Models (PLMs).

– Sentence-BERT (Reimers and Gurevych 2019),
SimCSE (Gao, Yao, and Chen 2021). Follow-
ing Reimers (Reimers and Gurevych 2019), with
encoded and average-pooled interaction contents,
(u, v, |u − v |) is used for matching representation.

– BERT (Devlin et al. 2019), MacBERT (Cui et al. 2020)
and WoBERT (Su 2020), are used to encode the con-
catenated two texts with [SEP], and the embedding of
[CLS] token is used for matching.

• Large Language Models (LLMs). Zero-shot learning
with prompts is used to infer opinion interactions, where
prompt details are shown in Online Appendix A.

– Llama 3.3 (Grattafiori et al. 2024), as State-of-the-art
open-source LLM.

– Qwen-Max (Yang et al. 2025), DeepSeek-
V3 (DeepSeek-AI et al. 2024), as SOTA Chinese
LLMs.

Training Setting To accommodate the differing features
of the two datasets, we tailored hyperparameters accord-
ingly. For the Zhihu dataset, we configured a max text length
of 100, 100 training epochs, and a 128-unit hidden layer.
For the ScienceNet dataset, we set the max text length to 64,
60 training epochs, and a 64-unit hidden layer. Early stop-
ping was employed to mitigate over-fitting. Training initi-
ated with a 5e-4 learning rate, modulated by a cosine an-
nealing scheduler that starts from a small value and linearly
increases to the initial rate. The batch size is set to 128 for
both. All models are built and run in a software environment
comprising PyTorch 2.1.0 and CUDA 12.1, on a hardware
setup featuring a 24GB RTX 3090 GPU.

Overall Performance Comparison
The overall comparison results are summarized in Table 2,
which shows that the proposed CIMDL achieves the best
performance for both datasets. In the first set of base-
lines, on the Zhihu dataset, the performance of the two
extended models based on RoBERTa backbone was lower
than original RoBERTa. However, our CIMDL enhances the
RoBERTa encoder by integrating the hierarchical feature ex-
traction modules and a multi-task learning framework with
causal inference. This effectively improves its ability on the
opinion conflict interaction recognition task, outperforming
RoBERTa by 2.37% in Recall and 2.00% in F1.

Compared to the second group of baselines, which re-
lies solely on text matching, CIMDL integrates both text
matching as SSM module and sentiment analysis as the
causal inference-enhanced multi-task learning. Addition-
ally, CIMDL employs Co-Attention to extract the interac-
tion between two texts, outperforming the overall matching
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Dataset
Name

Dataset
size

Average length of
commented text

Average length of
reply text

% of
Support (S)

% of
Neutral (N)

% of
Conflict (C)

Zhihu 9897 20.60 11.79 24.80 / 75.18
ScienceNet 18000 48.86 29.87 39.35 51.84 8.90

Table 1: Statistical information of the datasets.

Zhihu ScienceNet

Model Acc P R
F1

Acc P R
F1

S C avg C N S avg
RoBERTa 86.46 81.31 78.95 68.67 91.36 80.02 73.90 63.13 57.44 19.20 77.61 77.46 58.09
RoBERTa-LSTM 84.38 78.21 75.58 63.41 90.07 76.74 75.15 66.53 58.08 20.58 79.44 77.47 59.16
RoBERTa-LSTM-ATT 85.81 80.50 77.52 66.67 90.98 78.83 74.60 65.42 57.78 20.33 78.53 77.57 58.81
BERT 85.55 79.88 77.75 66.67 90.77 78.72 73.80 62.37 55.67 12.39 78.04 76.61 55.68
MacBERT 84.90 78.97 76.52 64.85 90.38 77.61 74.60 65.03 56.52 14.91 78.93 77.06 56.97
WoBERT 87.24 82.26 80.66 71.01 91.82 81.41 74.25 65.37 57.15 17.95 78.03 77.33 57.77
Sentence-BERT 85.16 80.56 74.28 62.50 90.75 76.62 73.00 61.52 57.16 20.30 76.97 76.44 57.90
SimCSE 85.94 80.83 77.40 66.67 91.09 78.88 74.85 65.63 58.29 21.05 78.44 78.32 59.27
Qwen-Max 73.44 60.92 59.61 37.04 83.17 60.10 55.60 54.07 60.48 40.20 44.23 68.98 51.14
DeepSeek-V3 73.70 63.26 63.77 44.20 82.79 63.50 56.40 52.96 60.27 36.93 49.22 70.00 52.05
llama3.3 69.79 60.06 61.64 41.41 79.65 60.53 53.40 53.16 56.49 40.41 38.55 66.35 48.44
CIMDL 87.63 82.81 81.32 71.98 92.06 82.02 76.20 70.65 59.50 24.27 79.97 78.78 61.00

Table 2: Overall Performance Comparison. The values in bold represent the best in each column.

method based on BERT, WoBERT, and MacBERT. Further-
more, the SSM module captures semantic information at a
broader level, providing more comprehensive insights than
Sentence-BERT and SimCSE.

CIMDL significantly outperforms large language models
(LLMs) on both datasets. This shows that while LLMs ex-
hibit advanced zero-shot learning and reasoning ability, their
language understanding capabilities are still insufficient for
fine-grained opinion conflict interaction identification with-
out task-specific training. Compared to LLMs’ training and
fine-tuning, our model offers higher training efficiency and
lower computational overhead. This highlights the effective-
ness and practicality of the CIMDL method in the era of
LLMs.

Extensive Experiments
Difference from Sentiment Classification Task The
multi-task learning method employed in our CIMDL in-
corporates sentiment labels. To demonstrate the differences
(shown in Figure 1) between the proposed opinion conflict
interaction recognition task and typical sentiment classifica-
tion/sentiment matching task, we conduct an experiment of
directly inferring the opinion conflict label with annotated
sentiment labels. In the first two settings, we respectively
map the ‘Negative’ (‘Positive’) sentiment of Tx or Ty to the
‘Conflict’ (‘Support’) label of the opinion interaction. Also,
in another sentiment matching setting, the inconsistent (con-
sistent) sentiment labels of Tx and Ty indicated ‘Conflict’
(‘Support’) label. These sentiment-induced labels in the test
set were compared with the ground-truth opinion interaction
labels using the above metrics. The experiments were per-

Zhihu

Setting Acc P R F1

Senx 72.04 61.98 63.13 62.43
Seny 72.26 57.78 56.13 56.51

Sentiment Matching 32.66 42.54 41.29 32.40

CIMDL 87.63 82.81 81.32 71.98

Table 3: Comparison to sentiment classification task on
Zhihu dataset.

formed on the Zhihu dataset, as in Table 3.
The results show that using sentiment label or its match-

ing as predicting labels for opinion conflict interaction
recognition falls short of task requirements. This highlights
the distinct nature of sentiment classification/matching ver-
sus opinion conflict interaction at the task level, where Fig-
ure 1 shows the examples on it.

Ablation Study To evaluate the effects of different com-
ponents in our model, we conducted a ablation analysis. As
shown in Table 4, these variants sequentially removing the
Sentence Semantic Matching (SSM), Causal Transfer (CT),
and Co-Attention Interaction from CIMDL. In the last vari-
ants, all three components were removed. Results indicate
that CIMDL significantly outperforms all variants, confirm-
ing the collective contribution of each component to improv-
ing opinion conflict interaction recognition.

The SSM module provides holistic semantic matching in-
formation for opinion conflict interaction recognition. Its re-
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Zhihu ScienceNet

Model Acc P R
F1

Acc P R
F1

S C avg C N S avg

-w/o SSM 85.55 79.56 78.96 67.83 90.68 79.25 74.90 68.20 58.16 21.28 78.65 77.64 59.19
-w/o CT 84.11 77.41 77.63 65.34 89.70 77.52 74.85 65.24 58.25 21.43 79.12 77.39 59.31

-w/o ATT 85.03 79.74 75.20 63.49 90.58 77.04 75.70 71.93 58.44 21.24 79.58 78.00 59.61
-w/o above 84.90 78.72 77.53 65.88 90.30 78.09 75.15 68.06 58.88 24.70 79.12 77.58 60.47

CIMDL 87.63 82.81 81.32 71.98 92.06 82.02 76.20 70.65 59.50 24.27 79.97 78.78 61.00

Table 4: Experimental results of ablation study.

moval led to F1-score drops of 2.77% and 1.81% on the
two datasets, underscoring the complementary role of the
holistic-level representations to the word-level representa-
tions utilized elsewhere. The CT component integrates sen-
timent category representations learned from the sentiment
classification task into downstream classification, via label
embedding and label transfer. The Precision and F1-score
on the two datasets drop by 5.40%/4.50% and 5.41%/1.69%
after removing . This demonstrates the effectiveness of the
causal inference-based approach, and highlights the value
of sentiment information for opinion interaction recogni-
tion. The Co-Attention Interaction component captures fine-
grained dependencies between interacting contents. Exper-
imental results show that key features extracted by Co-
Attention interaction significantly enhance the performance.

Effect of the Feature Extraction Method In CIMDL, we
use a hierarchical and specialized feature extraction strat-
egy, employing Bi-GRU with attention mechanisms for sen-
timent features, Self-Attention for thematic content features,
and a pre-trained Sentence-BERT with frozen embeddings
as the feature extractor for the SSM module. To validate the
effectiveness of these feature extraction methods, we con-
ducted two groups of comparative experiments. For senti-
ment and thematic content feature extraction, we tested three
variant configurations: Bi-GRU with attention mechanisms
for both features (referred to as BiGRU), Self-Attention for
both features (Self-ATT), the exchange strategy (Exchange),
i.e., Self-Attention for sentiment feature, Bi-GRU with at-
tention mechanisms for thematic content. For the SSM mod-
ule’s feature extraction, we evaluated two additional setups,
i.e., replacing Sentence-BERT with RoBERTa fine-tuned
on social media dataset (RoBERTa-FT) 5 and fine-tuning
Sentence-BERT on our training data (SBERT-FT).

As shown in Table 5, CIMDL outperforms all variants on
the two groups of tests, demonstrating the superiority of the
feature extraction design in the methodology of CIMDL.

Effect of Hyper-parameters
The Weight of Auxiliary Loss In CIMDL, we introduce
a weight wl to balance the contribution of the auxiliary
task (sentiment classification) to the total loss. To assess the

5https://huggingface.co/Jiabo/Roberta Chinese sentiment

Figure 3: The effect of wl on two datasets.

impact of wl, we conducted a set of experiments on two
datasets, varying wl from 0.2 to 0.8 with interval of 0.1 while
keeping other hyper-parameters fixed. The results shown in
Figure 3, demonstrated that both the Accuracy and Precision
improved as wl increased from 0.2 to 0.5 on the ScienceNet
dataset, but then declined when wl increases to 0.8. A simi-
lar trend is observed in the Zhihu dataset. Thus, optimal per-
formance is achieved with a balanced auxiliary loss weight
(wl ≈ 0.5), effectively leveraging sentiment classification to
enhance opinion conflict interaction recognition.

Pooling Strategy Selection In the final stage of the Causal
Transfer, we applied pooling operations to the Co-Attention
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Zhihu ScienceNet

Model Acc P R
F1

Acc P R
F1

S C avg C N S avg
BiGRU 85.94 81.56 75.99 65.16 91.19 78.18 75.25 63.25 55.34 24.04 79.15 78.66 53.95
Self-ATT 86.85 82.56 78.19 68.34 91.70 80.02 75.40 67.66 58.34 20.92 79.41 78.01 59.45
Exchange 86.98 82.03 79.89 70.06 91.68 80.87 75.40 69.21 58.45 22.03 79.41 77.71 59.72
RoBERTa-FT 86.85 82.24 78.80 68.92 91.66 80.29 75.85 68.28 57.95 16.89 79.60 79.01 58.50
SBERT-FT 86.59 81.92 78.22 68.11 91.51 79.81 75.40 69.21 58.45 22.03 79.41 77.71 59.72
CIMDL 87.63 82.81 81.32 71.98 92.06 82.02 76.20 70.65 59.50 24.27 79.97 78.78 61.00

Table 5: The comparative experimental results with different feature extraction methods.The experimental results of the Ex-
change and Fine-tuned SBERT, on the ScienceNet dataset are exactly the same.

Figure 4: Performance of different pooling strategies on the
two datasets.

output vectors CoAttOutx and CoAttOuty , concatenat-
ing them with sentiment label embeddings. Specifically, we
adopted a last-step pooling strategy, which extracts represen-
tation of the final time step from the sequence. To assess the
effect of different pooling strategies on model performance,
we compared four pooling strategies, i.e., Max pooling, Av-
erage pooling, First-step pooling (extract the [CLS] token),
and the Last-step pooling. Figure 4 compared the Preci-
sion and F1-score for each strategy. Across both datasets,
the Last-step pooling consistently achieved the highest Pre-
cision and F1-score. However, Max pooling and Average
pooling were found to discard some fine-grained interaction
features captured by the Co-Attention mechanism. Further-
more, the [CLS] token pooling introduced redundancy when

combined with the SSMxy , as both focus on holistic-level
representations. Compared to these alternatives, the last-
step representation effectively retained fine-grained features
from Co-Attention while complementing the holistic seman-
tic information from SSMxy , achieving a balanced and non-
redundant integration of hierarchical representations.

Case Analysis
To demonstrate the efficacy of CIMDL in recognizing opin-
ion conflict interactions, we also present several representa-
tive cases from the ScienceNet dataset, shown in Online Ap-
pendix B. The selected typical cases showed that by integrat-
ing sentiment analysis and content understanding, CIMDL
effectively discerns various categories of opinion interac-
tions and outperforms the models that rely solely on text
matching.

Social Implication
At the platform level, our proposed task and method enable
the recognition of comment pairs that exhibit opinion con-
flict interactions. This capability allows online platforms to
detect emerging interpersonal conflicts in a timely manner.
By facilitating early intervention, platforms can potentially
reduce the escalation of disputes and maintain a harmonious
community environment. Furthermore, the automatic recog-
nition of such interactions can help prioritize content for
human moderators, thereby reducing manual review efforts
and improving the efficiency of moderation workflows.

From a broader societal perspective, the generalizability
of our method—without reliance on topic- or event-specific
training data—enables cross-topic analysis of conflict inter-
action patterns and suggests a potential application in identi-
fying emerging social controversies through large-scale dis-
course analysis. Such insights could support public institu-
tions and policymakers in detecting contentious public is-
sues at an early stage and in informing responsive gov-
ernance strategies. Our work also provides insight for the
growing body of research that leverages machine learning
and AI-based methods to understand social dynamics in dig-
ital spaces.

Conclusion
This study theoretically advances opinion analysis by for-
mally defining opinion conflict interaction as a novel
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task and establishing a causal multi-task learning frame-
work that captures the interplay between emotional diver-
gence and thematic consistency, moving beyond traditional
stance/sentiment classification and text matching paradigms.
We propose a novel dependent multi-task deep learning
model for this unique task. It extracts multi-level representa-
tions and leverages microscopic sentiment insight to assist in
recognizing opinion interaction categories, within a causal
inference-enhanced multi-task learning framework. The pro-
posed model demonstrates superior performance over state-
of-the-art baselines (including PLMs and LLMs) on newly
constructed benchmarks.

This research enables more precise detection of opinion
conflicts in online communities through its emotion-content
interaction analysis, offering community managers and pub-
lic opinion managers a scalable tool to proactively identify
escalating conflicts, mitigate toxic interactions, and monitor
conflict trends. Given the practical significance, this work
has limitations on the incorporation of more semantic ele-
ments in the opinion and potential application based on it,
and future work will incorporate additional micro-level in-
formation, beyond sentiment, and extend the application to
real-world scenarios such as public opinion analysis and on-
line user behavior modeling.
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