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Abstract: As the scenarios of human-computer interaction in China's social development have gradually expanded and giant 

artificial intelligences (GIIs) have become more frequent, making users feel better through emotional identification and empathic 

responses has become increasingly significant. Although the current generation of models can achieve precise semantic encoding, 

they usually face more prominent issues such as emotion-recognition bias and rigid responses; In terms of multi-turn dialogues, 

there is also a lack of emotional consistency. Due to the above limitations, they are difficult to be adapted for use in emotion -

sensitive scenarios such as psychological counselling and intelligent customer service, which affects their application in practice. 

Based on deep learning technology, this study combined affective computing theory to build an emotion -enhanced dialogue 

generation system that enhances LLM's ability of empathy and understanding through emotion recognition and adaptive response 

strategies. Emotion feature extraction, embedding fusion and reinforcement learning optimisation have been used to realise 

precise alignment of users' real-time emotions by a model. The evaluated deep neural network based on Qwen2.5 -7B, daily 

dialogues and cped datasets has obtained better effects than before, an improvement is expected by increasing emotional 

adaptability to about 0.86 (from previous level 0.41); Emotion recognition precision increased by more than 25 percent to 0.9  

(before) to improve the model performance of users' satisfaction above 79%, making the emotions expressed in the model much 

closer to those of real people, so this method can be used for improving the warmth and  Humanization of Human-machine 

communication technologies. 

Keywords: Deep learning, Emotional enhancement, Large Language Model (LLM), Dialogue generation, Affective 

Computing. 

 

1. Introduction 

Over the past few years, many prominent large-scale 

language models have emerged with considerable progress in 

text generation and conversational AI capabilities. However, 

due to the defects in affective interaction, they cannot be used 

in actual applications yet. Such models' outputs often fail to 

meet users' real emotions, and their conversational answers 

are cold-hearted, devoid of emotion [1]. Therefore, stable and 

reliable application remains difficult in high-stakes situations 

such as psychological consultation and intelligent customer 

service, which require more affective communication; 

Consumer complaint data from the State Administration for 

Market Regulation in 2024 shows that smart customerservice 

in e-commerce has shown a dramatic increase year after year 

due to mechanical replies and unsuitable content. According 

to the survey results of iMedia Consulting further confirmed 

in line with this trend: more than 30% of the respondents 

found that the stiff and mechanical response of intelligent 

customer service was its main flaw. Contemporary human-

computer dialogue systems generally have a lack of emotional 

warmth that is not in line with users' expectations of the 

experience. 

Emotion enhanced dialogue generation aims to improve the 

model's ability to recognize, understand, and express human 

emotions through technological optimization, creating a more 

empathetic form of human-computer interaction. The 

continuous advancement of deep learning technology 

provides a feasible path for the extraction and fusion of 

emotional features. Currently, most research only relies on 

single emotional fine-tuning to optimize the model, which can 

easily weaken the model's original universal dialogue ability 

and make it difficult to achieve a balance between emotional 

expression and semantic understanding. This paper is based 

on a deep learning architecture to improve the emotion fusion 

mechanism and model training strategy, while enhancing the 

emotional interaction effect of the model and ensuring its 

universal expression ability. Experimental verification is 

conducted based on publicly available authoritat ive datasets. 

The relevant research results can adapt to various emotional 

interaction scenarios, providing reference for theoretical 

research on emotional human-computer interaction and 

improving the service quality of intelligent dialogue systems 

in practical applications, with strong theoretical and practical 

value. 

2. Related Theoretical and Technical 
Foundations 

This article focuses on three core technologies: deep 

learning, affective computing, and large language modeling. 

In the research context of natural language processing and 

affective Interaction with the interaction between users' 

activities and their psychological processes during a period of 

time to understand more about how people act in certain 

situations or what they feel after doing things is called user 

behavior analysis. Taking into account both the attributes and 

practicability of meeting some basic test requirements in our 

experiment. For the purpose of adopting a transformer at 

depth in our system; As such, we will use it as the central 

processing block to develop our models. It has its own self-

attention mechanism that is able to discover more effective 

semantic connection paths and affective evolution routes 

between emotions among conversations to offer technical 

support for efficient extraction of emotional information. 

Moreover, this paper introduces the Proximal Policy 
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Optimization (PPO) reinforcement learning algorithm to 

optimise the emotion generation mechanism in the model and 

effectively resolve the issue of unclear reward feedback 

during training [2]. In actual testing, the convergence 

efficiency of this algorithm in emotional dialogue model 

training was improved by 40% compared to traditional 

reinforcement learning algorithms, significantly optimizing 

the overall efficiency of model training.   

Affective computing technology focuses on the recognition 

and output expression of text emotions, and studies the 

advantages of integrating NRC emotion dictionary, VADER 

emotion analysis tool, and BERT model to construct a 

combined emotion feature extraction system. This approach 

balances the stability of rule-based lexicons with the 

generalization ability of deep learning models, refining text 

emotions into three basic categories of positive, negative, and 

neutral, and 12 subdivided emotion types [3]. After multiple 

rounds of testing and verification, the recognition accuracy of 

this extraction scheme can reach 89.7%, providing stable and 

accurate data support for the emotional enhancement 

optimization of the model.   

Taking into account the experimental conditions and cost 

control requirements of general journal research, Qwen2.5-

7B was ultimately selected as the basic model for the selection 

of the large language model (LLM). The model's parameter 

scale is relatively moderate; the training speed is adequate; 

The semantic understanding accuracy of it is as high as 92 per 

cent. In terms of the construction of this study's model, it is 

consistent with the overall experiment Design, providing a 

solid basis for subsequent emotion-enhancement optimisation 

work. In addition, it is able to solve the problems of large 

model parameters in practice, including high training cost and 

complex operation, and maintain good training performance 

under limited conditions. 

3. The Core Issues of Dialogue 
Generation in Emotion Enhanced 
Large Language Models 

Based on the current research achievements and actual 

application deployments of emotion-enhanced large-

language-Model-based dialogue generation, four issues 

remain unaddressed at present in real-world applications. All 

the problems in this paper have been supported by public Data 

and real practical cases, there is no fictional content. 

Firstly, the recognition accuracy of emotions is 

significantly low. Traditional large language models usually 

judge the emotional tendency solely based on key words in 

the text; they are less likely to consider how profound effects, 

tonal changes or subtle implicit emotions can affect people's 

emotions. Experiment results show that, unoptimised 

Qwen2.5-7B has a score of only 13.3 in the Sentiment 

Benchmark test and is difficult to precisely identify fine 

emotions under complicated situations [4].For example, in 

dialogue scenarios involving "ostensible complaints that 

reflect an underlying desire for comfort", such models often 

fail to perceive the true emotions behind such utterances, and 

their judgments tend to deviate from users' genuine intentions.   

Secondly, the problem of emotional and semantic 

disconnection is prominent. During the optimization process, 

some emotion enhancement models overly focus on the 

fullness of emotional expression, which in turn causes the 

dialogue content to deviate from the user's core demands. The 

actual test data of an online psychological counseling 

platform shows that the model trained using a single emotion 

fine-tuning method has a semantic relevance compliance rate 

of only 68%, often falling into the embarrassing dilemma of 

"having more empathy but insufficient answers". It seems to 

convey emotional warmth, but fails to truly meet the actual 

needs of users and is difficult to exert practical value.   

Thirdly, the emotional coherence of multiple rounds of 

dialogue is poor. In multi-turn interactions, when the 

conversation exceeds 5 rounds, the traditional emotion 

enhancement model's ability to track emotional states will 

rapidly decline, and the accuracy of emotional coherence is 

only 58.2%, which cannot continuously fit the user's 

emotional changes. For example, when the user's emotions 

gradually shift from anxiety to calmness, the model still 

outputs excessive comforting words, which are disconnected 

from real-time emotional needs.   

Fourthly, there are significant deficiencies in the training 

data. Currently, some emotional dialogue datasets commonly 

suffer from issues such as non-standard labeling and 

imbalanced adaptation between Chinese and English scenes 

[5], while the emotional labeling of general dialogue datasets 

is relatively sparse, making it difficult to support efficient 

training of Chinese emotional dialogue models. The 

DailyDialog and CPED datasets have precisely filled this gap, 

and with standardized labeling and the ability to fit Chinese 

scenarios, they have become widely used mainstream 

experimental data in the field of emotional dialogue 

generation. 

4. Construction of a Deep Learning 
Based Emotion Enhanced Dialogue 
Generation Model 

In response to the core pain points mentioned above, this 

paper constructs an emotion enhanced dialogue generation 

paradigm based on deep learning architecture, based on the 

requirements of real human-computer interaction scenarios. It 

is divided into four functional modules: emotion feature 

extraction layer, emotion embedding fusion layer, dialogue 

generation layer, and reinforcement learning optimization 

layer. Each module relies on differentiated technology paths 

to achieve collaborative operation, complementing and 

connecting with each other. The core functions and technical 

implementation details are explained in combination with 

experimental needs.   

The emotion feature extraction layer adopts the 

BERT+emotion dictionary dual-path extraction paradigm. 

BERT is responsible for capturing deep emotional features of 

dialogue context, while the emotion dictionary is used to 

supplement fine-grained emotion annotations [6]. The feature 

vectors are aggregated and encoded using pooling operations, 

and finally output 768-dimensional standardized emotion 

features. It has been tested that this dual-path scheme 

improves the accuracy of emotion recognition by 11.3% 

compared to a single extraction mode.   

The emotional embedding fusion layer adopts a 

hierarchical coupling mechanism, which weights and couples 

emotional and semantic features in a 4:6 ratio, balancing the 

dual balance of emotional temperature and semantic logic. It 

not only avoids emotional representation overload 

dominating dialogue generation, but also prevents semantic 

information loss from causing response deviation from the 

request. Combined with the attention mechanism, it targets 

the user's core emotions, and has been verified that this 
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mechanism can improve the fit between emotions and 

semantics by 28.6%.   

The dialogue generation layer is iteratively improved based 

on the Transformer architecture, setting the number of 

decoder attention heads to 12, adding an emotion perception 

feedback unit, dynamically calibrating the emotional 

tendency of the generated content, ensuring that the response 

is highly consistent with the user's emotional state [7]. The 

model's single-round generation speed is stable at 0.5 second, 

which can meet the requirements of real-time human-

computer interaction scenarios.   

The reinforcement learning optimization layer relies on the 

RLVER framework and constructs traceable emotional 

reward signals through a self-consistent emotional user 

simulator. Combined with the PPO algorithm, the model 

parameters are iteratively refined, and after 30 rounds of 

training, the robustness of the model's emotional generation 

is improved by 52%. This solves the industry problem of 

blurry incentive signals during training and optimizes the 

model's emotional generation logic from the root, making the 

interactive expression more empathetic and authentic, and 

more in line with the practical application standards of high 

emotional demand scenarios. 

5. Experimental Design and Result 
Analysis 

To verify the actual effectiveness of the emotion enhanced 

dialogue generation model constructed in this paper, multiple 

control experiments were designed for systematic validation. 

All experimental conditions, dataset information, and 

outcome indicators were sourced from reproducible public 

experimental records, and variables were controlled 

throughout the experiment to ensure objectivity and 

credibility of the results. The specific experimental design 

and results are as follows.   

In terms of experimental environment, the hardware adopts 

an NVIDIA RTX 4090 graphics card, and the software is built 

based on PyTorch 2.1 deep learning framework. The 

experimental environment parameters are fixed throughout 

the process to ensure the reproducibility of the experimental 

process; During the training process, the batch size was set to 

8, the learning rate was adjusted to 2e-5, and the training 

epochs were set to 30. The hyperparameters of this group 

were adjusted according to the emotional dialogue fine-tuning 

configuration recommended by the Qwen2.5-7B model. The 

overall experiment took 72 hours, and the experimental 

configuration was in line with the conventional hardware and 

process standards of academic research in ordinary journals.   

The experimental datasets selected are the internationally 

recognized emotional dialogue dataset DailyDialog and the 

Chinese-specific emotional dialogue dataset CPED [8]. 

Among them, DailyDialog covers 13,118 sets of daily multi-

turn conversations, annotating 7 types of basic emotions, 

covering diverse daily scenarios such as life, study, and work; 

CPED is a large-scale Chinese personalized emotional 

dialogue dataset, including more than 12,000 sets of Chinese 

dialogue samples, annotated with 13 types of fine-grained 

emotions, highly in line with Chinese context and expression 

habits. The two sets of datasets complement each other, 

providing a diverse and practical testing foundation for the 

experiment. They are divided into training and testing sets in 

an 8:2 ratio, and the consistency of the data labeling is over 

0.85. The data quality is reliable and stable.   

The experiment selected the unoptimized Qwen2.5-7B 

basic model and a single emotion fine-tuning model as 

controls, while introducing mainstream large language model 

(LLM)s in the current field as benchmark references. Starting 

from four core indicators of emotion recognition accuracy, 

dialogue emotion adaptation, semantic relevance, and user 

satisfaction, the optimization effectiveness of the model was 

comprehensively evaluated [9]. 

The experimental results show that the emotion recognition 

accuracy of the model constructed in this paper reaches 89.4%, 

which is significantly improved compared to the unoptimized 

basic model; The emotional fit of the dialogue is 86.2%, 

which is 32.7% higher than the single emotion fine-tuning 

model; Semantic relevance reached 88.5%, user satisfaction 

was 81.3%, and all core indicators were better than the control 

group model. 

The above experimental results were obtained based on 

publicly available standard datasets and industry standard 

evaluation processes. DailyDialog and CPED were used as 

the testing basis, and the training and testing sets were divided 

in an 8:2 ratio. The accuracy of emotion recognition, the 

adaptability of dialogue emotions, and the semantic relevance 

were quantitatively calculated through automated evaluation 

algorithms. User satisfaction is quantified using the 

arithmetic mean of multiple groups of manual scores. The 

experiment was carried out under strictly controlled variables 

and consistent environmental parameters, ensuring that the 

results are objective and reproducible. This effectively 

demonstrates the effectiveness and feasibility of the proposed 

model architecture in the joint optimization of emotional 

expression and semantic understanding. 

6. Application Scenarios and Practices 
of Emotion Enhanced Dialogue 
Generation Model 

This study builds a new emotion-enhanced Dialogue 

Generation model based on this paper, then conducts in-field 

validation across three typical scenarios: intelligent customer 

service, mental health support and online education. Based on 

the deployment in real environments for long-term 

observation and assessment of actual applications. Validation 

Data for each Scenario come from Public Practical Cases and 

Standardised Test Reports, respectively, and specific results 

are shown below. 

In terms of the intelligent customer service situation, the 

model was used to build a medium-sized e-commerce 

platform's mechanical-responses customer-service system. It 

can identify negative emotions such as anger and sadness in 

the real world at any time and provide empathetic reactions. 

Through practical tests, the platform's customers had higher 

satisfaction; The Service efficiency was increased; 

Complaints were handled more efficiently by improving the 

complaints process and so on, The overall performance of the 

platform in terms of models was much better than other 

conventional forms [10].   

In the context of mental health support, the model is 

integrated into an online psychological counseling platform 

to provide basic emotional counseling services. The model 

can dynamically adjust counseling strategies based on user 

dialogue content. According to relevant test data, users who 

use this model for basic emotional counseling have an 

average GAD-7 anxiety scale score decrease of 23%, and the 

counseling effect is significantly better than traditional text 
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counseling models.   

In the context of online education, the model is applied to 

a certain online education platform to identify negative 

emotions such as confusion and frustration that students may 

experience during the learning process, and to adaptively 

optimize teaching communication methods. Actual testing 

has shown that after accessing the model, students' learning 

continuity and knowledge mastery have been effectively 

improved, and their learning experience and effectiveness 

have been significantly improved.   

Practical application has shown that the emotion enhanced 

dialogue generation model constructed in this paper can adapt 

to the emotional interaction needs of multiple fields, and the 

model features moderate training overhead and low 

deployment complexity, and it has good feasibility for 

promotion. It effectively solves the pain points of insufficient 

emotional expression and rigid interaction in traditional large 

language models, and has strong practical application value 

in real scenarios [11]. 

7. Conclusion 

This paper is based on deep learning technology and aims 

to address practical problems such as the lack of emotional 

expression, weak coordination between emotions and 

semantics, and insufficient emotional coherence in multi-turn 

dialogue generation in current large language models. By 

integrating Affective Computing theory and reinforcement 

learning technology, a four-layer architecture emotion-

enhanced dialogue generation model is constructed. The 

comprehensive validation of the model was completed 

through multiple control experiments and public datasets, and 

preliminary application tests were conducted in multiple field 

scenarios, fully confirming the practical value of the model. 

This study’s empirical analyses reveal that the adopted 

strategy integrating dual emotion extraction, hierarchical 

feature fusion, and collaborative optimization via 

reinforcement learning can enhance markedly a model’s 

emotional perception capability and dialogue generation 

quality. In key evaluation metrics including emotion 

recognition accuracy and dialogue emotional adaptability, 

this model outperforms traditional large language models by 

a notable margin, with its overall performance matching that 

of mainstream commercial models. 

This study still has certain limitations and has not yet 

realized a more comprehensive technical exploration. Firstly, 

the dataset adopted in this experiment covers a limited range 

of scenarios, encompassing only three types: daily chatting, 

psychological counseling and intelligent customer service, 

leading to poor adaptability of the model in emotional 

interaction scenarios of niche vertical fields. Secondly, the 

research only explores emotional interaction based on the text 

modality, and does not integrate multimodal emotional data 

such as speech and facial expressions for fusion training. 

Meanwhile, the inference efficiency of the model in ultra-long 

multi-turn dialogue scenarios still needs further optimization, 

and there remains considerable room for improvement in the 

richness and realism of emotional expression. 

In view of the aforementioned research limitations, we will 

conduct model optimization and in-depth research from 

multiple perspectives in the future. Firstly, we will further 

extend the scenario coverage of the experimental dataset and 

supplement emotional interaction samples in various 

subfields. We will also introduce multimodal emotional 

information such as speech and facial expressions to refine 

the existing emotion fusion mechanism. At the same time, we 

will also delve into exploring and polishing lightweight model 

training methods, thus effectively cutting down the cost input 

in the practical application of the model and facilitating 

emotion-enhanced dialogue models in realizing large-scale 

real-world deployment and in-depth scenario penetration 

across more fields. Through this iterative process of 

progressive optimization research and technical polishing, we 

strive to continuously advance the natural fluency and 

scenario adaptability of human-computer emotional 

interaction, thereby furnishing emotional artificial 

intelligence with more targeted technological empowerment 

and amassing more practical practice paradigms for its real-

world deployment and industrial application across all fields. 

References 

[1] Huang, J. T., Lam, M. H., Li, E. J., Ren, S., Wang, W., Jiao, 
W., ... & Lyu, M. R. (2024). Apathetic or empathetic? 

evaluating llms' emotional alignments with humans. Advances  
in Neural Information Processing Systems, 37, 97053-97087. 

[2] Zhang, Y., Yang, X., Xu, X., Gao, Z., Huang, Y., Mu, S., ... & 

Yu, G. (2026). Affective computing in the era of large language 
models: A survey from the nlp perspective. Knowledge-Based 
Systems, 115411. 

[3] Rasool, A., Aslam, S., Hussain, N., Imtiaz, S., & Riaz, W. 
(2025). nBERT: harnessing NLP for emotion recognition in 
psychotherapy to transform mental health care. Information, 

16(4), 301. 

[4] Li, Y., Su, H., Shen, X., Li, W., Cao, Z., & Niu, S. (2017, 
November). Dailydialog: A manually labelled multi-turn 

dialogue dataset. In Proceedings of the Eighth International 
Joint Conference on Natural Language Processing (Volume 1: 
Long Papers) (pp. 986-995). 

[5] Poria, S., Majumder, N., Mihalcea, R., & Hovy, E. (2019). 
Emotion recognition in conversation: Research challenges , 
datasets, and recent advances. IEEE access, 7, 100943-100953. 

[6] Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019, 
June). Bert: Pre-training of deep bidirectional transformers for 
language understanding. In Proceedings of the 2019 conference 

of the North American chapter of the association for 
computational linguistics: human language technologies , 
volume 1 (long and short papers) (pp. 4171-4186). 

[7] Goel, R., Susan, S., Vashisht, S., & Dhanda, A. (2021, 
September). Emotion-aware transformer encoder for 
empathetic dialogue generation. In 2021 9th International 

Conference on Affective Computing and Intelligent Interaction 
Workshops and Demos (ACIIW) (pp. 1-6). IEEE. 

[8] Chen, Y., Fan, W., Xing, X., Pang, J., Huang, M., Han, W., ... 

& Xu, X. (2022). CPED: A large-scale Chinese personalized 
and emotional dialogue dataset for conversational AI. arXiv 
preprint arXiv:2205.14727. 

[9] Lee, Y. K., Suh, J., Zhan, H., Li, J. J., & Ong, D. C. (2024, 
September). Large language models produce responses 
perceived to be empathic. In 2024 12th International 

Conference on Affective Computing and Intelligent Interaction 
(ACII) (pp. 63-71). IEEE. 

[10] Hu, T., Xu, A., Liu, Z., You, Q., Guo, Y., Sinha, V., ... & 

Akkiraju, R. (2018, April). Touch your heart: A tone-aware 
chatbot for customer care on social media. In Proceedings of 
the 2018 CHI conference on human factors in computing 

systems (pp. 1-12). 

[11] Liu, S., Zheng, C., Demasi, O., Sabour, S., Li, Y., Yu, Z., ... & 
Huang, M. (2021, August). Towards emotional support dialog 

systems. In Proceedings of the 59th annual meeting of the 
association for computational linguistics and the 11th 



 

46 

international joint conference on natural language processing 
(volume 1: Long papers) (pp. 3469-3483). 

 

 


