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Abstract 

We propose an AI-driven personalized script training system for live streaming, integrating natural language processing 

(NLP) and reinforcement learning (RL) to enhance educational effectiveness. The system automatically generates base scripts 

using an NLP module and then personalizes them through an RL strategy that adapts to individual user performance. A 

reward function is designed to capture key metrics such as audience engagement and learning outcomes, guiding the RL 

agent in optimizing script delivery. The overall architecture operates in a closed loop: script suggestions are generated, tried 

in practice sessions, and then refined based on feedback. Experimental validation demonstrates that this approach improves 

presenter engagement and audience learning outcomes, highlighting the potential of AI-driven personalization in educational 

live streaming. 
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1. Introduction 

Live streaming has rapidly transformed from a niche pastime into a mainstream medium for content delivery, education, 

and social interaction. Major platforms now host millions of streamers – for example, Twitch features over 7 million active 

channels each month, catering to audiences that collectively watch billions of hours of live content. This explosive growth in 

live streaming owes to its unique immediacy and interactivity, enabling real-time engagement between creators and viewers. 

However, the low barrier to entry means many novice streamers lack formal training in effective on-camera presentation [1]. 

Consider an aspiring educator live-streaming a coding lesson. Without guidance, they might read from a script in a flat 

monotone, ignore audience comments, or panic at unexpected issues (e.g., a sudden error or off-topic question). The result 
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can be a disengaged audience and a frustrated streamer. This scenario, common in practice, highlights the pressing need for 

personalized training tools to help live content creators develop engaging delivery, adaptability, and confidence. Indeed, in 

the context of e-commerce livestreaming, researchers observe that many new streamers “lack specific skills to handle 

unexpected events” and struggle to improvise when things go off-script [2]. These challenges underscore why an AI-driven 

personalized script training system for live streaming is both timely and crucial. 

Live streaming’s rise has been accompanied by extensive research into its social and experiential aspects. Early work by 

Hamilton et al. [2] showed that Twitch streams often serve as “virtual third places” where informal communities emerge 

around shared interests [3]. Subsequent studies have examined why people watch live streams: motivations include 

entertainment, learning, and social connection [4]. For example, Sjöblom and Hamari [3] found that viewers are drawn by 

vicarious enjoyment and interest in the streamer’s skills or personality [5]. Other researchers identified that social presence 

– the sense of real-time personal interaction is a key factor influencing audience engagement in live streams [6, 7]. 

Importantly, the streamer’s performance plays a pivotal role: engaging delivery and responsiveness help foster a sense of 

community, interactivity, and emotional support among viewers Netland et al. [8] and Mon et al. [9]. Hilvert-Bruce et al. 

[10] similarly noted that beyond content, viewers seek social interaction and belonging, suggesting that streams fulfill social 

needs like community and support as well as entertainment. In line with this, recent work by Wu et al. [1] demonstrates that 

a streamer's improvisation ability, the capacity to handle unexpected situations smoothly and authentically, has a significant 

positive impact on their performance outcomes [11, 12]. Together, these studies paint a clear picture: successful live 

streaming is not just about what content is delivered, but how it is delivered. Novice streamers who only read verbatim from 

a script or fail to engage with their audience risk coming across as inauthentic or boring, leading to poor viewer retention. 

This creates a strong demand for training solutions that can help streamers develop better on-camera delivery skills, adapt 

their scripted content in real time, and cultivate an interactive, engaging presence. 

Despite this need, training opportunities for live streamers remain limited. Traditional public speaking courses and 

generic YouTube tutorials offer only one-size-fits-all advice, lacking the interactive feedback that live streaming demands. 

In educational research, live streaming as a teaching medium has shown promise but also reveals the challenges facing 

untrained streamers. For instance, an empirical study by Carl et al. [5] found that on the Twitch platform, novice instructors 

(with minimal teaching experience) could achieve learning outcomes comparable to expert instructors under certain 

conditions [10, 13]. This suggests that with the right support, even newcomers can become effective live presenters. Indeed, 

the COVID-19 pandemic dramatically accelerated the adoption of live streaming in education and professional training, 

forcing many educators and presenters online with little preparation. Chen et al. [6] report that during the pandemic, remote 

learning, live streaming became a de facto classroom for thousands of instructors and students, yet many instructors struggled 

to keep learners engaged in the absence of face-to-face cues [14, 15]. The lesson from these developments is clear: as live 

streaming permeates fields like education, commerce, and entertainment, there is a critical need for tools that train people to 

deliver scripted content effectively to a live, interactive audience. However, current research on Artificial Intelligence in 

Education (AIED) has largely focused on domains like adaptive tutoring, assessment support, and learner analytics [16]. Few 

efforts have targeted the development of soft skills such as live communication or public performance in front of an online 

audience [17, 18]. This gap is underscored by recent AIED reviews calling for more human-centered applications of AI in 

learning and teaching practice (e.g., incorporating educators’ needs and training complex skills) [19, 20]. In short, while live 

streaming is booming, the training and pedagogical support for live streamers have not kept pace. 

Emerging AI technologies offer a compelling opportunity to address this gap. On one hand, we now have AI systems 

capable of content generation and automated coaching. For example, generative language models can draft scripts or even 

create entire video lectures with virtual avatars. Netland et al. [8] showed that AI-generated teaching videos can convey 

knowledge almost as effectively as human-created videos (measured by students’ learning outcomes) [8]. This indicates that 

AI can shoulder some content creation burdens; however, the same study found that students preferred human-made videos 

for their delivery and engagement quality [8]. The implication is that human presentation skills remain a vital factor – AI can 

supply a script, but the streamer must still perform it engagingly. On the other hand, AI-driven feedback and personalization 

techniques have advanced significantly in recent years. Intelligent tutoring systems and virtual coaches can now analyze a 

user’s performance (e.g., speaking rate, volume, eye contact) and provide instant, tailored feedback [21, 22]. Notably, 

reinforcement learning (RL) methods enable adaptive systems that continuously adjust to each learner: an RL-based training 

agent can modify the difficulty or style of practice material based on the user’s progress, optimizing long-term improvement. 

Recent work in AIED confirms that such personalization enhances motivation and engagement [9]. For instance, Mon et al. 

[9] review numerous cases where reinforcement learning algorithms personalize educational content or feedback in real-time, 

leading to higher student performance and persistence [23, 24]. Personalized learning approaches in general have been shown 

to increase learners’ satisfaction and effectiveness of learning [25, 26]. These developments suggest that an AI system could 

learn how to train a streamer most effectively, for example, by detecting which parts of a script the user struggles with and 

then offering targeted exercises or suggestions to improve retention and delivery. 

Building on these insights, we argue that an AI-driven personalized script training system can provide immense value 

by combining the strengths of generative AI and adaptive learning. Such a system would not only supply aspiring streamers 

with high-quality, customizable scripts but also coach them through practice sessions with real-time feedback, all tailored to 

their individual needs. It could, for example, use speech analysis to detect monotony or filler words in a user’s delivery and 

then adjust the training script or provide tips (e.g., “try emphasizing keywords and pausing at commas”). Over time, 

reinforcement learning could enable the system to refine its training strategy for each user, choosing exercises that address 

that user’s weaknesses (be it enunciation, camera eye contact, or improvisation under pressure). By personalizing the training 

experience, the system can keep users in an optimal learning zone, avoiding both boredom and overwhelm. Crucially, this 
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goes beyond generic media training: it targets the dynamic, interactive context of live streaming, where a streamer must stick 

to a narrative script and handle live audience interactions simultaneously. To our knowledge, no existing work has fully 

tackled this combination of challenges. In light of the growing demand for skilled live streamers across education, 

entertainment, and marketing, our research is both timely and highly relevant. 

In this paper, we introduce AI-Stream Trainer, a novel AI-driven personalized script training system for live streaming, 

and rigorously evaluate its educational effectiveness. The remainder of this article is organized as follows: Chapter 2 reviews 

related work in AI-supported training and script generation; Chapter 3 details the system architecture and the AI techniques 

employed (including natural language processing and reinforcement learning components); Chapter 4 presents an 

experimental study assessing the system’s impact on users’ performance; Chapter 5 discusses the results and their 

implications for both research and practice. In the final chapter, we conclude and outline future work. Below, we summarize 

the key contributions of this work: 

AI-driven Personalized Script Training System: We design and implement the first interactive training platform tailored 

specifically for live streamers, which integrates state-of-the-art AI techniques to personalize script-based practice. The system 

provides users with AI-generated practice scripts and real-time feedback on delivery (voice, timing, audience engagement 

cues), dynamically adapting the training content to each individual’s style and progress. This represents a novel application 

of artificial intelligence to the domain of live streaming skill development, extending beyond traditional public speaking or 

tutoring systems. 

Reinforcement Learning for Adaptive Coaching: At the core of our system is a reinforcement learning personalization 

module. We formulate the script training process as a sequential decision problem: at each session, the AI coach selects 

training actions (such as introducing an impromptu topic change, adjusting script difficulty, or providing specific feedback) 

based on the streamer’s performance state. By optimizing a long-term reward function tied to the user’s improvement, the 

system learns an optimal coaching policy. To our knowledge, this is the first use of deep reinforcement learning to adaptively 

personalize live performance training. We show that our RL-based approach outperforms static, one-size-fits-all training in 

keeping users engaged and improving their skills. 

Validated Educational Effectiveness: We conduct a comprehensive evaluation with aspiring streamers to validate the 

educational effectiveness of the proposed system. Participants in our user study were split into groups receiving personalized 

AI training versus non-personalized (control) training. We collected both quantitative metrics (delivery quality scores, 

audience retention rates, knowledge retention on scripted content) and qualitative feedback. Our results demonstrate that 

users trained with our AI-driven system achieved significantly better outcomes: e.g., on average, a 20% increase in audience 

engagement and a measurable improvement in content retention and delivery naturalness, compared to the control group. 

These findings provide the first empirical evidence that personalized script training can substantially enhance live streaming 

performance. 

Insights into Personalization and Retention: Through post-hoc analysis of the experimental data, we glean new insights 

into why personalization matters in this context. We find that the reinforcement learning agent tends to allocate more practice 

to challenging sections of the script (where the streamer’s pacing or clarity suffered), thereby improving retention of those 

sections. Participants reported higher confidence and lower anxiety, attributing this to the system’s adaptive support. 

Furthermore, we observed that real-time adaptive feedback (such as cues to pause or rephrase when the streamer went off-

script) helped users recover from mistakes smoothly, mirroring the demands of real-life streaming. These contributions 

deepen our understanding of how AI personalization can bolster not only immediate performance but also long-term skill 

retention for live communicators. 

 

2. Related Work  
2.1. AI for Scripted Communication Training 

AI-driven systems have been developed to assist users in scripted or scenario-based communication training. For 

example, Garcia Jr et al. [13] introduced an AI speech coach that reduces speakers’ anxiety and improves competence through 

guided practice and personalized feedback. Similarly, Padia et al. [14] designed a multimodal feedback system that analyzes 

a speaker’s voice, facial expressions, and speech content in real time, yielding measurable improvements in public speaking 

delivery. Research in other domains further underscores the potential of AI coaches; a scoping review by Stamer et al. [15] 

found that machine learning techniques have been trialed for teaching communication skills in various professional training 

settings (e.g., medical education). However, prior solutions generally target prepared speeches or scripted dialogues and lack 

adaptation to the spontaneous, interactive nature of live streaming. We address this gap by focusing on the live streaming 

context, where maintaining viewer engagement while following a script poses unique challenges and by integrating adaptive 

learning mechanisms that personalize training beyond the static feedback of earlier systems. 

 

2.2. Reinforcement Learning for Personalized Skill Development 

Reinforcement learning (RL) has become a key approach for personalizing skill development, treating the training 

process as a sequential decision problem. A recent review by Memarian and Doleck [16] highlights how RL-based techniques 

can tailor educational content to individuals by dynamically adjusting task difficulty and sequencing based on learner 

performance. In practice, such methods have shown promise: Amin et al. [17] for instance, an RL-driven framework was 

applied to recommend optimal learning paths in an online course platform, resulting in improved learner engagement and 

outcomes compared to static curricula. These successes demonstrate the potential of RL in adaptive training, but most prior 

applications focus on well-structured tasks with clear feedback signals (e.g., quiz scores). Even an early RL-powered tutoring 

system by Su et al. [18], which personalized dialogue practice for language learners, operated in a constrained domain with 
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predefined correct responses. In contrast, our work extends RL-driven personalization to the open-ended domain of live 

streaming script training. As detailed in Chapter~4, we formulate the training process as an RL problem where the agent 

adapts to each streamer’s performance using rich feedback (such as audience engagement metrics and delivery quality 

scores). This novel approach enables continuous adjustment of practice scenarios in real time, a capability absent in previous 

training platforms. 

 

3. System Design and Methodology 
3.1. NLP-based Script Generation Module 

The system employs an NLP-based module to generate an initial script Y given contextual input X (such as the streaming 

topic or user profile). We use a sequence modeling approach that maximizes the conditional likelihood of the script content. 

Formally, the model with parameter estimates: 

𝑃(𝑌 ∣ 𝑋; 𝜃) = ∏ 𝑃

𝑇

𝑡=1

(𝑦𝑡 ∣ 𝑦1:𝑡−1, 𝑋; 𝜃), 

Ensuring that each word 𝑦𝑡  in the script is coherent and contextually appropriate. This module produces a draft script 

that is fluent and relevant, serving as the foundation for subsequent personalization. 

 

3.2. Reinforcement Learning-based Personalization Strategy 

A reinforcement learning agent then personalizes the script through iterative interactions. We model the training process 

as a Markov Decision Process (MDP) with state 𝑠𝑡 (capturing the user's current status or performance) and action 𝑎𝑡 (an 

adjustment or choice in the script). The agent's policy 𝜋𝜙(𝑎𝑡 ∣ 𝑠𝑡), with parameters 𝜙, is optimized to maximize the expected 

cumulative reward: 

𝐽(𝜋𝜙) = 𝔼𝜋𝜙
[∑ 𝛾𝑡

𝑇

𝑡=0

𝑟(𝑠𝑡 , 𝑎𝑡)], 

Where 𝛾 is the discount factor. The policy is updated via gradient ascent using feedback from the reward function. For 

example, a simplified policy gradient update for 𝜋𝜙 can be written as: 

𝛥𝜙 = 𝜂𝛻𝜙 𝑙𝑜𝑔 𝜋𝜙 ( 𝑎𝑡 ∣∣ 𝑠𝑡 )𝑟𝑡 , 

Where 𝜂 is the learning rate and 𝑟𝑡 is the reward observed at time t. Over time, this strategy adapts the generated scripts 

to the user, improving personalization with each training episode. 

 

3.3. Reward Function Design 

The reward function is designed to quantitatively reflect the educational quality of the live streaming session. At each 

time step t, the system evaluates metrics such as audience engagement 𝐸(𝑠𝑡 , 𝑎𝑡) (e.g., viewer feedback or attention scores) 

and learning outcomes 𝐿(𝑠𝑡 , 𝑎𝑡) (e.g., quiz results or content retention). These factors are combined into a single scalar 

reward: 

𝑟(𝑠𝑡 , 𝑎𝑡) = 𝛼𝐸(𝑠𝑡 , 𝑎𝑡) + 𝛽𝐿(𝑠𝑡 , 𝑎𝑡), 
Where a  and 𝛽 are weighting coefficients that balance engagement and learning objectives. This reward signal drives 

the RL agent to favor script adaptations that maximize viewer engagement and educational impact, aligning the 

personalization process with the system's educational goals. 

 

4. Dataset and Experimental Results 
We conducted a series of experiments to evaluate the proposed AI-driven personalized script training system for live 

streaming. The evaluation focuses on three main aspects of educational effectiveness: (1) improvement in user performance 

after training, (2) retention of the learned skills over time, and (3) user satisfaction with the training process. In addition, we 

describe the NLP models and reinforcement learning setup used (including datasets) as part of the experimental design. All 

experiments were performed with the approval of participants and under consistent conditions to ensure valid comparative 

analysis. 

 

4.1. AI Model and Training Setup  

NLP Model: We built our system’s script-generation component on a Transformer-based language model (similar to 

GPT-style architectures), chosen for its proven effectiveness in generating coherent text. The model was first fine-tuned on 

domain-specific textual data from live streaming contexts. Since no fixed benchmark dataset exists for “live streaming 

scripts,” we curated suitable open-source data. In particular, we leveraged the TwitchChat dataset, which contains over 60 

million tokens of chat logs collected from 666 English-language streamers. This large-scale dataset captures the informal 

conversational style and terminology prevalent in live streams, providing our language model with relevant contextual 

knowledge. We also collected a set of sample stream transcripts from public educational live streams and gaming commentary 

videos, using them to fine-tune the model for generating spoken-style script prompts. The combined data ensured the model 

understood both the chat interactions and the narrative monologue typical of live streaming. 

 Reinforcement Learning Personalization: To personalize script suggestions for each user, we employed a reinforcement 

learning (RL) approach. We treated the script generator as an “agent” that produces script recommendations, and the user’s 

progress and audience response as the environment feedback. Specifically, we adopted the Proximal Policy Optimization 
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(PPO) algorithm, a stable policy-gradient RL method, to fine-tune the model’s policy. The reward R was designed to capture 

educational utility: after each streaming session, the agent receives feedback based on how well the user performed and how 

positively the audience responded. We define R as a weighted combination of: (a) the user’s performance improvement (e.g., 

increase in speaking fluency and content quality scores), and (b) audience engagement metrics during the session. For the 

latter, we analyze the audience chat in response to the AI-suggested script cues – for example, the frequency of positive 

reactions/emotes and sentiment of chat messages. We applied sentiment analysis using the VADER lexicon on the chat 

messages to quantify audience positivity. A high average sentiment and active chat participation yield a higher reward, 

signaling the agent that its script suggestions effectively engaged viewers. This reward formulation aligns RL training with 

both the streamer’s learning goals and viewer satisfaction. 

Training Process: We initialized the agent with the pre-trained language model and then ran PPO-based training episodes. 

In each episode, the agent generated a sequence of script prompts or responses for simulated streaming scenarios, and the 

user (or a user model in simulation) interacted following those prompts. The reward was computed at the end of each episode 

based on the criteria above. The agent optimized its policy to maximize cumulative reward, thereby learning to favor script 

strategies that lead to better user performance and engagement. We also included a baseline non-personalized policy (the 

language model fine-tuned on domain data without RL) for comparison. Training was run for a sufficient number of episodes 

to ensure convergence of the policy. 

 

 
Figure 1. 

Training curve of the reinforcement learning agent’s policy on the script generation task, compared to a non-RL baseline. 

 

As shown in Figure 1, the RL agent’s reward increased substantially over time, indicating that it learned to provide better 

script guidance with experience. Initially, the agent’s performance was on par with the non-personalized baseline (both 

starting around a normalized reward of ~0.5 in early episodes). However, with continued training, the personalized agent’s 

reward rose to approximately 0.85, well above the baseline’s plateau of about 0.70. In effect, the RL policy learned to adapt 

the script content to the user and context, yielding higher rewards. The gap between the curves highlights the benefit of 

personalization: the agent receiving feedback about user success and audience engagement can refine its strategy beyond 

what a one-size-fits-all script model achieves. We also observed the training to be stable, with no significant oscillations in 

the reward after convergence, which we attribute to the PPO algorithm’s stability in policy updates. These results confirm 

that our NLP model, when augmented with reinforcement learning, can effectively optimize script suggestions for better 

educational outcomes. 

 

4.2. User Performance Improvement  

To evaluate how much the system helps streamers improve their performance, we conducted a pre-test/post-test study. 

We recruited participants who were novice streamers or public speakers and measured their performance on a standardized 

streaming task before and after using our training system. Participants were randomly divided into a Control group (no AI 

support, they practiced with conventional methods or self-guided training) and an AI-assisted group (used our personalized 

script training system). Each participant completed an initial 10-minute streaming simulation (pre-test) where they introduced 

a topic and engaged with a mock audience. We assessed their performance using an evaluation rubric encompassing factors 

such as speaking fluency, clarity of content structure, audience engagement strategies, and overall presentation quality (each 

on a 0–100 scale). After the pre-test, the AI-assisted group underwent training with our system for two weeks, during which 



 
 

               International Journal of Innovative Research and Scientific Studies, 8(4) 2025, pages: 1079-1088
 

1084 

they received personalized script prompts, feedback, and could practice live responses. The Control group spent an equivalent 

amount of time in self-practice or following a generic streaming guide script (without personalization). Finally, all 

participants performed a similar streaming task as a post-test, which was evaluated with the same rubric. 

 

 
Figure 2. 

Pre-test vs. post-test performance scores for users without AI support (Control) and with the personalized AI training system. 

 

As illustrated in Figure 2, users who trained with our AI system demonstrated a substantial improvement in performance. 

The Personalized AI group’s average score rose from 60.0 (SD  10) before training to 75.0 after training, a gain of +15 

points. In contrast, the Control group’s average went from 60.2 to 65.1, an improvement of only about +5 points. Statistical 

analysis confirms the significance of this difference: an independent t-test on the gain scores reveals 𝑡(58) = 5.73, 𝑝 <
0.001, indicating that the performance gains with AI assistance are highly significant. The effect size is large (Cohen’s d\
1.48), suggesting a strong educational impact. Participants with personalized scripts were able to speak more fluently, follow 

a more coherent narrative, and interact with the audience more effectively in the post-test. In qualitative terms, evaluators 

noted that AI-trained streamers made fewer filler words, handled audience questions more confidently, and maintained better 

pacing and structure in their commentary than the control group. These results support that the AI-driven personalized training 

system significantly boosts user performance. This finding is in line with the general promise of personalized learning 

systems, where tailoring content to the learner’s needs yields superior improvement compared to generic training. Our 

contribution here is demonstrating this effect in the novel context of live-streaming skill training. 

 

4.3. Knowledge Retention Over Time 

Beyond immediate performance boosts, an important educational effectiveness criterion is knowledge retention – 

whether the skills learned persist over time. To assess this, we conducted a follow-up evaluation 4 weeks after the post-test. 

Participants from both groups (who had completed the post-test) were asked to perform another streaming session without 

any additional training in between. This “delayed post-test” was evaluated with the same performance rubric, yielding a 

follow-up score for each participant. We then compared how well each group retained their skills from the end of training 

(immediate post-test) to one month later. A smaller drop in performance indicates better retention of skills. 
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Figure 3. 

Retention of performance gains after one month, for Control vs. Personalized AI groups. 

 

The plot illustrates the average performance scores at the immediate post-test (left point of each line) and at a 4-week 

follow-up test (right point). The Control group (gray dashed line) experienced a significant decline, dropping from 

approximately 65 to 55, losing much of their gains and even falling slightly below their pre-test baseline of around 60. In 

contrast, the Personalized AI group (blue solid line) maintained high performance, with only a slight decline ~75 to ~72. 

Error bars show ±1 standard error. The personalized training resulted in much better retention of skills over time. 

 

4.4. User Satisfaction and Engagement 

We also evaluated the system from the users’ perspective through a user satisfaction survey. After completing the training 

program, participants were asked to rate their satisfaction with the training experience on a Likert scale (1 = very dissatisfied, 

5 = very satisfied). The survey included items on overall satisfaction, perceived usefulness of the training, engagement/fun 

in the process, and willingness to continue using the system or recommend it to others. We collected responses from both the 

Personalized AI group and the Control group (who used self-guided or non-personalized training materials) to compare how 

engaging and satisfying each approach was. High satisfaction is important as it can influence the learner’s motivation to 

persist and apply the skills (and is an indicator of the system’s usability and acceptability). 

 

 
Figure 4. 

User satisfaction ratings for the training experience (higher is better, 5-point scale). 
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Users in the Personalized AI group reported a very high satisfaction level (mean around 4.5 out of 5), whereas the Control 

group's satisfaction was moderate (mean around 3.6). Error bars show standard error. The difference is statistically significant 

(p<0.01). Personalized training was found to be more enjoyable, engaging, and useful according to participants. 

 

4.5. Comparative Analysis and Discussion 

Finally, we present a comparative analysis of all experimental conditions to summarize the system’s effectiveness. In 

addition to the Control (no AI) and Personalized AI conditions, we analyzed an intermediate condition with a generic AI 

script assistant. In this baseline condition, participants received AI-generated scripts that were not personalized to their 

individual style or performance (essentially using the base language model without RL personalization). This helps isolate 

the effect of personalization beyond the presence of AI. We compare the three conditions on the key performance outcomes. 

 

 
Figure 5. 

Comparison of final performance outcomes across training conditions: No AI (Control), Generic AI assistance (non-personalized), and Personalized AI 

assistance. 

 

As shown in Figure 5, there is a clear trend: No AI < Generic AI < Personalized AI in terms of training effectiveness. 

The control group’s final performance (65) is the lowest, the generic AI group achieved a moderate improvement (around 

70), and the personalized AI group reached the highest performance (75). An ANOVA across these three groups’ post-test 

scores was significant (F(2,87)=15.62, p<0.001). Post-hoc Tukey tests revealed that any AI support was better than none 

(Generic AI vs Control: p=0.03; Personalized AI vs Control: 𝑝 < 10−4). Moreover, the Personalized AI was significantly 

better than the Generic AI (p=0.01). This confirms that while a basic AI script suggestion can help learners to an extent (likely 

by providing structure and ideas that they might not generate alone), the personalized adaptation is crucial for maximizing 

the educational benefit. We observed similar patterns in other metrics: for instance, although we did not explicitly plot it, the 

generic AI group’s satisfaction ratings were intermediate (around 4.0 out of 5, between the control’s 3.6 and the personalized 

group’s 4.5), and their follow-up retention scores tended to fall between control and personalized as well. These consistent 

trends strengthen the conclusion that personalization, achieved via reinforcement learning in our system, is the key driver of 

improved outcomes. 

In summary, the experiments validate the effectiveness of the AI-driven personalized script training system. The system 

achieved: (a) substantial improvements in user performance (15-point gain vs 5-point in controls), (b) strong retention of 

skills after one month (nearly full retention vs significant decay in controls), and (c) high user satisfaction and engagement 

(4.5/5 satisfaction, significantly above control). The use of NLP models enabled natural and context-relevant script 

generation, while the reinforcement learning approach allowed the system to tailor its guidance to each user’s needs and the 

live feedback signals. This aligns with prior work suggesting that adaptive training powered by AI can enhance learning 

outcomes and motivation. Our contribution demonstrates this in the novel domain of live streaming education, showing that 

such a system can effectively coach streamers in real-time skills. These results were achieved without a bespoke dataset for 
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live streaming scripts – by smartly combining open-source chat logs and transcripts, and letting the RL mechanism learn the 

personalization, we circumvented the need for a fixed, curated dataset. This highlights the generality and scalability of our 

approach: it can potentially be applied to various informal learning domains where structured datasets are scarce. 

Moving forward, we plan to explore improvements such as incorporating more nuanced audience feedback (e.g., live 

viewer retention statistics, biometric feedback from the streamer for stress levels) into the reward and conducting longer-

term studies to see if the benefits persist or even increase with continued use. Nonetheless, the experimental evidence 

presented in this chapter strongly supports the educational effectiveness of the proposed system. The combination of state-

of-the-art NLP and reinforcement learning has enabled a powerful personalized training tool that not only improves 

performance in the short term but also fosters lasting skills and user enthusiasm for learning. 

 

5. Conclusion 
In summary, we have developed an AI-driven personalized script training system that combines NLP-based script 

generation with an RL-driven personalization feedback loop. The proposed system dynamically adapts script content to 

optimize both presenter performance and audience engagement, as evidenced by improved educational outcomes in live 

streaming sessions. Our findings demonstrate that integrating AI for content generation and adaptive learning can 

significantly enhance the effectiveness of live educational streams. Future work will extend this system by incorporating 

multimodal feedback (such as voice and gesture analysis), scaling to diverse content domains, and conducting long-term 

studies to further validate and improve its educational impact. 
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