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Abstract: Collaborative problem-solving (CPS) integrates cognitive and social
dimensions, which makes it a critical skill in educational contexts. However, existing
models often treat dialogues as linear sequences, which limits their ability to capture
the graph-like structures and intricate interrelations inherent in CPS discussions.
These limitations hinder the accurate representation of speaker roles, conversational
transitions, and dependencies within multi-party interactions. To address this
challenge, we propose DiaRoBERTa, a novel model tailored for CPS dialogue
classification. Building on Multi-Party Conversation (MPC) techniques, DiaRoBERTa
leverages the ability of MPC to model dialogues as interconnected graphs rather than
as mere linear sequences. Specifically, MPC techniques allow us to incorporate
specialized markers that encode speaker roles and conversational transitions, thereby
explicitly capturing the complex relational dynamics among participants. This enables
the model not only to maintain the sequential order of utterances but also to represent
the non-linear dependencies and interaction patterns critical for understanding CPS
dialogues. Additionally, a targeted loss function addresses class imbalance, improving
performance on underrepresented categories.Experiments on a dataset of middle
school classroom discussions demonstrate that DiaRoBERTa outperforms baseline
models, achieving a 1.5% improvement over existing methods. These results highlight
DiaRoBERTa’ s effectiveness in adapting sequence-based approaches to handle
graph-like structures and its scalability for CPS skill assessment. By addressing key
limitations of current methods, DiaRoBERTa provides a robust framework for
advancing automated CPS dialogue analysis in collaborative educational settings.
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1. Introduction

As social challenges grow increasingly complex, Collaborative Problem-Solving (CPS) has
emerged as a critical skill for success in the 21st century(OECD, 2017). Defined as the
process by which individuals or groups work collectively to achieve common goals (Hesse et
al., 2015), CPS fosters essential cognitive and social skills, including critical thinking,
perspective-taking, and collaboration.

The significance of CPS is particularly evident in education, where effective CPS
fosters student engagement, improves interaction quality, and enhances learning outcomes
(Hwang & Chen, 2023; Xu et al., 2023), with social skills playing a critical role in facilitating
collaborative processes and ensuring effective communication among participants (Wang et
al., 2023; He et al., 2024; Lee et al., 2015).



The classification of CPS skills is important for understanding how students use these
skills in CPS learning. Traditionally, this process depends on manual coding, which ensures
high reliability but requires significant time, labor, and coder expertise (Castleberry & Nolen,
2018). In contrast, pre-trained language models such as BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019) utilize attention mechanisms and leverage the extensive semantic
knowledge acquired during pretraining. These models demonstrate superior performance in
dialogue classification tasks (Pugh et al., 2021), which underscores their potential to enhance
the analysis of CPS dialogue data.

This study aims to improve the classification of collaborative problem-solving (CPS)
dialogues by addressing the limitations of sequence-based models in capturing the complex
interactions among multiple speakers. To achieve this, we introduce DiaRoBERTa, a novel
model designed specifically for CPS dialogue classification. Building on Multi-Party
Conversation (MPC) techniques, DiaRoBERTa integrates special markers to enrich sequence
representations, explicitly encoding speaker roles and conversational transitions. Additionally,
the model incorporates a targeted loss function to address class imbalance, ensuring more
robust classification of CPS-specific social skills.

The contributions can be summarized as follows:
 This study proposes an automatic CPS dialogue classification approach through a

tailored DiaRoBERTa model that effectively captures social and cognitive skills.
 This study introduces a novel MPC-based sequence representation that explicitly

encodes speaker roles and transition dynamics, addressing the limitations of traditional
sequence-based models in CPS dialogue classification.

 This study incorporates a targeted loss function that significantly improves the model’s
ability to address class imbalance, enhancing performance on underrepresented
categories.

2. Categorization of Collaborative Problem - Solving Skills

2.1 Categorization of Collaborative Problem-Solving Skills

Based on the framework proposed by Hesse et al., this study categorizes CPS into five core
skill categories: participation, perspective-taking, social regulation, task regulation, and
learning and knowledge building (Chen et al., 2024), as shown in Figure 1. These categories
are chosen for their practicality in assessment, observation, and instruction.

The social domains focus on managing interpersonal interactions. Participation refers
to active engagement in group discussions, reflecting an individual ’ s willingness to share
ideas and consider others’ input. Perspective-taking highlights the ability to integrate different
viewpoints and reconsider problems from diverse perspectives. Social regulation involves
managing group dynamics by resolving conflicts and coordinating actions to achieve shared
goals.

Figure 1. Hesse’s Collaborative Problem - solving Framework



The cognitive domains address task-related processes. Task regulation refers to the
ability to structure problem-solving activities, manage resources, set goals, and explore
solutions to complex challenges. Learning and knowledge-building capture the capacity to
connect information from various sources, reflect on progress, and refine problem-solving
strategies.

In this study, we annotate dialogue sequences collected from collaborative activities
according to these five categories to identify key CPS skills. Dialogue segments that do not
match any of the five defined categories are labeled as N (None).

2.2 Input Data and Custom Markers

To enhance the model ’ s ability to capture dialogue context and speaker dynamics, we
introduce two custom markers: [SPK] marks the beginning of an utterance and explicitly
indicates which participant is speaking. [THN] marks a transition between speakers, explicitly
indicating that the preceding and following utterances are delivered by different individuals.
Given a dialogue with multiple utterances, the input sequence is constructed as:

Here, s denotes speaker identifiers, and u represents utterances.

Figure 2. The Architecture of the Network.

2.3 Model Architecture

Our proposed model builds upon the pre-trained RoBERTa architecture and introduces
enhancements tailored for dialogue classification tasks. Specifically, we incorporate custom
markers to model speaker roles and conversational transitions and utilize focal loss to address
data imbalance challenges. The overall network structure is depicted in Figure 2.

3. Experiments and Results

3.1 Dataset

The dataset consisted of transcripts from 40 middle school chemistry classroom discussions,
containing 1,310 conversational sentences. Each sentence was manually annotated into one
of six CPS categories by a professional teacher, covering both social and cognitive skills. To
ensure balanced evaluation, three discussion rounds (138 sentences) were selected as the
test set, with the remaining 1,172 sentences used for training. Each discussion included
multiple dialogue rounds, with an average of 32.75 sentences per round. The average
sentence length across the dataset is 14.24 words.



3.2 Model and Training Details.

The DiaRoBERTa model was designed for six-class classification tasks, incorporating [SPK]
and [THN] markers to explicitly model speaker roles and dialogue transitions. Training was
conducted on an NVIDIA 3090 GPU with a batch size of 16, learning rate of 4×10-5, and focal
loss to address class imbalance. The training process spanned nine epochs, with each epoch
requiring approximately one minute.

3.3 Results

As shown in Table 1, DiaRoBERTa achieved the highest accuracy (85.51%) and F1-score
(85.09%), surpassing BERT, BART (Lewis et al., 2019), and RoBERTa by over 1.5
percentage points, and it significantly surpasses general-purpose models such as Qwen 2.5
(Qwen et al., 2025), ChatGPT- o3 (OpenAI et al., 2025) and Deepseek-R1 (DeepSeek-AI,
2025) in performance as well.

Table 1. Performance Comparison of Models

An ablation study was conducted to evaluate the contribution of [SPK] and [THN]
markers. The results in Table 2 demonstrate that the SPK + THN Form (DiaRoBERTa)
achieves the best performance, which emphasizes the significance of combining speaker and
transition information for CPS classification.

These results confirm that the combination of [SPK] and [THN] markers plays a crucial
role in enhancing the classification of CPS dialogues.

Table 2. Performance Comparison of Models

4. Conclusion

This study presents DiaRoBERTa, a model for classifying CPS dialogues to identify social
skills, which outperforms traditional models like BERT and RoBERTa by improving
classification accuracy from 82.6% to 85.5%, thus highlighting its ability to capture the
complexities of collaborative interactions.

Future research can explore integrating multimodal features for better CPS interaction
understanding, applying DiaRoBERTa to diverse educational datasets for generalization
evaluation, integrating classroom behavior and learning outcome data for comprehensive
analysis of students' social skills, and leveraging advanced methodologies like graph neural
networks and dynamic attention mechanisms to capture complex social dynamics.

This work not only contributes to the field of educational data analysis, but it also offers
a scalable framework for assessing collaborative interactions in real-world settings, paving the
way for further innovations in AI-enhanced education.

Model Accuracy F1-Score
Qwen 2.5 21.01% 14.56%

ChatGPT o3 35.51% 19.69%
Deepseek R1 671B 47.10% 40.06%

BERT 81.16% 80.53%
BART 80.43% 80.07%

RoBERTa 82.61% 81.66%
DiaRoBERTa 85.51% 85.09%

Model Accuracy F1-Score
Utterance Form 83.33% 82.69%
Speaker Form 83.33% 82.45%
Context Form 82.61% 81.24%

SPK+THN Form(DiaRoBERTa) 85.51% 85.09%
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