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ABSTRACT 

At present, the sizes of large language models (LLMs) continue to increase as the number of trainable parameters 
increases. However, increased sizes make users pay higher costs for using LLMs, while the models are not user-
friendly enough. Consequently, for socially vulnerable populations, such as children and older adults, the language 
models may be less accessible, and their responses may not be easy to understand. Therefore, we created a new LLM, 
termed the Model of User-friendliness and Efficiency (MUsE), and hypothesized that MUsE would surpass existing 
closed-source LLMs in user-friendliness and efficiency by facilitating conversations between LLMs and users based 
on the user type. MUsE leverages the Transformer architecture with light model size and low-rank adaptation (LoRA), 
which augments its efficiency by updating weights with lower dimensions. MUsE then undergoes user-friendly in-
struction tuning with a custom dataset created by a closed-source LLM. Through this process, it is efficiently trained 
and can outperform other LLMs in understandability, geniality, and applicability, contributing to better user-friendli-
ness despite its small size. Code is available in https://github.com/seohyunqkr/MUsE. 

Introduction 

The emergence of LLMs marked a significant turning point in the field of natural language processing (NLP), as 
notable works such as BERT and GPT-3 (Devlin, 2018; Brown, 2020). strengthened the NLP system in terms of its 
ability to understand the context of textual language. This foundation has paved the way for more advanced models, 
such as GPT-4, PaLM, and Llama-3, which demonstrate outstanding performance on various reasoning and problem-
solving tasks that involve language processing (OpenAI, 2023; Chowdhery, 2023; Touvron, 2023). The creation of 
these advanced models has been driven by the vast number of parameters and training datasets, which enable more 
complex tasks and nuanced outputs (Brown, 2020; Naveed, 2023). While these LLMs have demonstrated exceptional 
generalization abilities, training LLMs with instruction-tuning datasets has proven to be a game-changer as doing so 
allows models to capture the context better by learning based on user-provided instructions (Naveed, 2023; Peng, 
2023). This process, known as ‘instruction-tuning,’ involves fine-tuning the model’s performance on specific tasks 
that are impractical to achieve solely through pre-training. These instruction-tuned LLMs produce more relevant and 
useful outputs by next-word prediction with the user’s objective of instructing the model to perform practical tasks 
(IBM, 2024). 

However, the existing closed-source LLMs could be more user-friendly, especially for socially vulnerable 
populations such as children, older adults, and people with limited English proficiency. While the usability of LLMs 
relies on understandability, geniality, and applicability of responses, LLMs often overlook these factors, producing 
outputs characterized by complex vocabulary terms and lack of applicability (Wu, 2024; Cai, 2024). Moreover, since 
the introduction of Transformers, the development of LLMs has focused on building increasingly larger models capa-
ble of better performance, which require significant energy, time, and resources to conduct instruction-tuning (Sanh, 
2019). The Transformer uses the ‘attention’ method, which predicts the next word at each time step by reviewing the 
entire input sentence in the encoder, yet with more attention to the part of the input that is related to the word to be 
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predicted (Vaswani, 2017). Therefore, the model can effectively predict the next output word. The effort to make this 
model larger has been motivated by apparently consistent improvements despite the required cost and energy. 
 In this regard, we hypothesized that our newly created LLM, termed Model of User-Friendliness and Effi-
ciency (MUsE), would be able to complement the limitations by reinforcing the language model’s understandability, 
applicability, and efficiency. Unlike existing closed-source LLMs, MUsE enables the selection of a user condition 
such that outputs can be adjusted according to the user’s specific demographic group. Additionally, MUsE shows 
improved efficiency compared to other LLMs, given that fewer resources and parameters allow the model to be trained 
more efficiently. 
 To create a user-friendly instruction-tuning dataset, we employ a Wikipedia dataset integrated with the 
Claude API. Our challenge lies in prompt engineering to generate question-and-answer pairs used for instruction-
tuning, with answers by an assistant that are user-friendly. To achieve this, we set a specific user type, allowing the 
Claude API to create a response adaptively. In terms of efficiency, implementing low-rank adaptation (LoRA) reduces 
the number of required parameters, as it transforms the model parameters into dimensions with a lower rank and 
produces a new adapted weight matrix (Hu, 2021). Therefore, LoRA can facilitate the fine-tuning of MUsE. By in-
struction-tuning a base LLM with LoRA, MUsE effectively exploits its instruction dataset to adapt to different user 
conditions, thereby producing user-friendly responses. Our survey results demonstrate that it facilitates comprehen-
sion by users with improved understandability and geniality, allowing users better access to the language model. Our 
contribution can be summarized in two main aspects: We introduce a new large language model, MUsE, which is 
instruction-tuned with LoRA on a user-friendly instruction-tuning dataset created with the Claude API. MUsE stands 
out for its improved understandability, geniality, and applicability. It generates user-friendly responses even without 
a model or a dataset size as large as those used by existing closed-source LLMs. 
 

Methods 
 
MUsE is developed based on phi-3-mini, which is an efficient Transformer model that allows performance in smaller 
language models that are typically seen only in much larger models (Abdin, 2024). For the instruction-tuning dataset, 
question-answer pairs are generated by Claude API. Each pair has a user type specified based on their occupations 
and ages. During the instruction-tuning process, LoRA is also adopted for advanced efficiency. The details of instruc-
tion-tuning and LoRA will be explained in this section. 
 
Generating Instruction-Tuning Dataset 
 
Articles in Wikipedia are selected to create an instruction-tuning dataset due to its accessibility and abundance of 
diverse information. The Wikipedia dataset is downloaded from the HuggingFace library of ID legacy-datasets/wik-
ipedia, ensuring that the articles are already cleaned so that each data contains the content of one full Wikipedia article 
without unwanted sections such as references. The dataset consists of 205,328 different articles, with the latest update 
as of 2022 in Wikipedia. With this dataset, we generate question-and-answer (Q&A) pairs that will be utilized as an 
instruction-tuning dataset. Due to its rapid speed, compactness, and responsiveness, the Claude 3 Haiku model is 
chosen to create the Q&A pairs (Anthropic, 2024). To work with the Claude API, we use the 0.28.0 version of An-
thropic’s Client SDK and set the maximum number of tokens to 1024. As depicted in Figure 1, the Claude API enables 
the generation of the instruction-tuning dataset by setting different user types so that answers in the Q&A pairs are 
user-friendly and easy to understand for a specific user.  
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Figure 1. An example of a Q&A pair generated by the Claude API for a custom instruction-tuning dataset. The blue 
words indicate a randomly selected user type, and the Claude API creates multiple pairs of Q&A based on the Wik-
ipedia documents provided.  
 

The user type consists of diverse occupations such as ‘athlete,’ ‘food critic,’ and ‘surgeon.’ The users are 
also categorized based on their ages so that ‘child,’ ‘teenager,’ and ‘elderly’ are included in the user type. There are 
373 different user types and 45304 different Q&A pairs, meaning each type can have multiple Q&A pairs adaptively 
generated to help the certain user type understand better. 
 
Instruction-Tuning Model with LoRA 
 
The phi-3-mini model is downloaded from the HuggingFace library; the model ID is microsoft/Phi-3-mini-128k-in-
struct. To create the model, we import PyTorch in version 2.3.0 and use AutoModelForCausalLM and AutoTokenizer 
from the HuggingFace Transformers library (version 4.41.2). We select bfloat16 as the PyTorch data type and use 
flash attention 2 so that we can reduce memory usage and improve processing speed (Kalamkar, 2019; Dao, 2023). 
Phi-3-mini’s tokenizer class is LlamaTokenizer, and special tokens, including Beginning of Sequence (BOS) and End 
of Sequence (EOS), are used as <s> and <|end|>, respectively. To improve the efficiency of instruction-tuning, we 
utilize LoRA, which allows us to speed up the fine-tuning process while including significant parameters during the 
training process. Using the Parameter-Efficient Fine-Tuning (PEFT) library provided by HuggingFace, we created a 
LoRA model in version 0.11.1. In LoraConfig, the rank has 64 LoRA attention dimensions, and LoRA scaling uses 
64 alpha parameters. The dropout probability for the LoRA layers is set to 0.05. For the target models, after experi-
menting with three different trainable parameters, we select MUsE 3 (LoRA for full parameters), as this provides 
better performance than other target modules. During the adaptation process, we minimize the loss function with 
respect to the LoRA parameters WLoRA as follows: 
 

��𝑝𝑝𝜔𝜔𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑥𝑥𝑘𝑘 | 𝑥𝑥1, 𝑥𝑥2,⋯ , 𝑥𝑥𝑘𝑘−1)  
𝐿𝐿

𝑘𝑘=1𝑥𝑥∈𝜒𝜒
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where χ and x correspondingly denote a set of Wikipedia articles and a set of input Q&A pairs. For the input 
sequence x, L represents the length of the sequence. By minimizing the negative log-likelihood, the probability of 
gaining an appropriate output is maximized, and because an autoregressive language model continues to predict the 
next token as represented by the formula, minimizing the loss function continues until a full sequence of output is 
produced. In addition to LoRA, for instruction-tuning with the previously generated Q&A dataset, each instruction 
pair in the dataset is tokenized and learned using Adam with weight decay (AdamW) optimizer with a learning rate 
of 1e-4 (Loshchilov, 2017). We chose the AdamW optimizer because it yields better performance in generalization 
compared to the Adam optimizer due to the decoupled weight decay. To facilitate training, batch processing is used 
with a batch size of 3. To set the learning rate of each parameter group, we use a cosine annealing schedule because 
it is effective in generalization and fine-tuning while achieving rapid convergence (Loshchilov, 2016). The maximum 
number of iterations of the scheduler is set to 15101 (the value gained by dividing the number of data by the batch 
size 3), and the minimum learning rate is set to 1e-6. Subsequently, we back-propagate the loss for additional fine-
tuning. 
 

Results 
 
We evaluate the effectiveness of MUsE by means of human evaluations because user-friendliness is difficult to meas-
ure quantitatively. As MUsE responses depend on different user types, our survey target audience consists of people 
of diverse occupations and age groups. To conduct a survey, we prioritize accessibility when reaching out to the 
audience. We randomly selected 45 phone numbers and one childcare service center from the local community, and 
we gathered responses from 50 people. The survey asks the participants to rate the responses of two existing closed-
source LLMs (GPT-4o and Gemini-Pro) and MUsE on a scale of one to five, with the participants not knowing which 
response is from MUsE (OpenAI, 2024; Gemini Team Google, 2023). To show how responses differ by user type, the 
survey presents each chatbot’s response to three different users: child, psychologist, and senior. The participants eval-
uate three different quality metrics: understandability, geniality, and applicability of the response, as shown in Figure 
2.  
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Figure 2. A section of the MUsE evaluation survey. With a user question and an unknown chatbot’s response pro-
vided, the survey participants rate the understandability, geniality, and applicability of the response. 
 

Understandability measures how suitable the chatbot’s response is to the user’s level of knowledge; geniality 
measures how friendly the response is; applicability measures whether the response is relevant and useful to the user.  

In addition to comparing MUsE with the existing LLMs, we train MUsE by replacing the target modules 
with other modules to confirm their effectiveness. MUsE 1 comprises attention linear layers, MUsE 2 contains feed-
forward network (FFN) linear layers, and MUsE 3 includes both layers (full parameters).  

For responses to a child user, MUsE scores significantly higher than the existing closed-source LLMs, as 
presented in Figure 3a. Average scores for ‘understandability’ especially show a clear distinction between chatbots: 
GPT-4o scored 2.51, Gemini-Pro scored 3.20, MUsE 1 scored 3.71, MUsE 2 scored 3.92, and MUsE 3 scored 3.94. 
The difference between the lowest score (GPT-4o) and the highest score (MUsE 3) is 1.43. For ‘geniality,’ all five 
chatbots receive an average score greater than 3, but MUsE 1, 2, and 3 have higher ratings than GPT-4o and Gemini-
Pro. The result of the final quality metrics also displays a similar pattern, as the highest average score for ‘applicability’ 
is achieved by MUsE 3 with a mean rating of 3.88. GPT-4o attains the lowest applicability score with 2.80, and the 
rest earn similar scores with 3.33 (Gemini-Pro), 3.73 (MUsE 1), and 3.55 (MUsE 2). For the standard deviations, 
Figure 3a shows a tendency to drop as moving from GPT-4o to MUsE 3.  

Average scores of responses to a psychologist user exhibit a different pattern from those of a child user. 
According to Figure 3b, although MUsE 3 has the highest score of 3.88 for ‘understandability,’ that of GPT-4o and 
Gemini-Pro do not differ significantly from 3.88 (GPT-4o: 3.61, Gemini-Pro: 3.69). However, ‘geniality’ and ‘ap-
plicability’ reveal a meaningful difference, as the score difference between the highest and the lowest scores is 1.02 
for ‘geniality’ and 1.90 for ‘applicability.’ For both quality metrics, MUsE 3 garners the highest average score. Similar 
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to the result for a child user, that for a psychologist user also demonstrates that MUsE 1, 2, and 3 tend to have smaller 
standard deviations. 

The result for a senior user displays a very similar trend to that for a psychologist user. Both GPT-4 and 
Gemini-Pro reach high scores of over 3.50 for ‘understandability,’ but ‘geniality’ and ‘applicability’ receive mediocre 
scores in the 2-point range, as shown in Figure 3c. For every quality, all three versions of MUsE are rated over 3.65, 
which is the highest score of Gemini-Pro. The standard deviations also do not vary significantly from results with 
other user types.  

Overall, Figure 3d illustrates that when we average the results of all three user types, MUsE gets higher 
scores for all three qualities compared to the existing closed-source LLMs. Among the three qualities, ‘applicability’ 
especially shows a great distinction between the lowest and the highest scores. For ablation studies, the comparison 
of MUsE 1, 2, and 3 demonstrates full parameters enhance the response quality. MUsE 1, which incorporates target 
modules qkv_proj and o_proj, has lower average scores for all three quality metrics than those of other MUsE versions. 
When the target modules gate_up_proj and down_proj are included, which is the case of MUsE 3, the average geniality 
and applicability scores increase while standard deviations of all three qualities decrease. 
 

 
(a) 

 
(b) 
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(c) 

 
(d) 
 
Figure 3. Results from the user-friendliness survey of LLMs. a) Bar graph showing average scores of language models 
on three different quality metrics evaluating chatbot responses to a child user. b) Bar graph showing average scores 
of language models evaluating chatbot responses to a psychologist user. c) Bar graph showing average scores of lan-
guage models evaluating chatbot responses to a senior user. d) Bar graph showing overall average scores of language 
models. Each error bar represents the standard deviation. 
 

Discussion 
 
For all quality metrics, including ‘understandability,’ ‘geniality,’ and ‘applicability,’ three versions of MUsE score 
the highest, demonstrating their user-friendliness compared to the existing closed-source LLMs. Among the three 
versions, MUsE 3 especially achieves scores higher than the other two versions, meaning full parameters are necessary 
when training MUsE to enhance its user-friendliness. Although the survey result indicates the user-friendliness of 
MUsE, to make sure it also applies to other people, we plan to conduct a survey with more participants after amelio-
rating issues with other quality aspects, such as emotional appeals and the adaptive learning pace so that conversations 
between a language model and a user will be even more convenient and helpful.  

While ‘geniality’ and ‘applicability’ showcase a similar pattern for all user types, ‘understandability’ does 
not vary significantly for psychologists and senior users. Considering the ‘understandability’ ratings for a child user 
display a score difference larger than 1.00 between MUsE and the other existing LLM, the ability to explain according 
to the user’s knowledge level becomes more effective when MUsE has conversations with children. However, this 
might have resulted due to a comprehensive user type. For example, despite the indication of user type as a senior, 
this could have been more specific: older adults must have different education levels, experiences, and aging 
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conditions. With these specific pieces of information unprovided, the survey participants might have assumed ‘senior’ 
as a knowledgeable person, making them think all chatbot responses are comparably understandable. Therefore, we 
plan to improve MUsE by allowing it to incorporate more detailed information that may adjust MUsE responses to be 
more appropriate for a specific user.   
 Based on the results, it is clear that MUsE, with its own instruction-tuning dataset, makes the language model 
more helpful for a specific user. Compared to other closed-source LLMs that are currently widespread, MUsE is more 
user-friendly despite its use of a small dataset and its training with fewer parameters. MUsE increases efficiency by 
adopting phi-3-mini, which is a Transformer model of small size that shows the same level of performance as larger 
language models. Compared to other models of trillion parameters like GPT-4, phi-3-mini with 3.8B parameters can 
be developed and managed with less cost and energy (SemiAnalysis, 2024). We can also conclude that leveraging 
LoRA contributes to efficiency. As it effectively reduces the number of parameters needed by transforming the model 
parameters into dimensions with a lower rank, LoRA enables MUsE to improve its performance with low energy, 
money, and time. This suggests that a small language model and fine-tuning can improve language models’ efficiency, 
which may make them less costly for users. These advantages of MUsE are expected to be particularly beneficial to 
socially vulnerable populations such as children and senior citizens as they can better use and understand LLM re-
sponses at a lower cost. Yet, not only socially vulnerable populations but also people with specific occupations may 
make good use of MUsE, as it effectively incorporates professional knowledge to foster the user’s understanding.  
 

Conclusion 
 
To create an LLM capable of engaging specific users in conversations that are easy to understand, highly applicable, 
and inexpensive to access, we leverage the Transformer architecture with light model size, LoRA, and user-friendly 
instruction-tuning dataset in this study. With a user-friendly question-and-answer paired dataset generated through the 
Claude API, we train the Transformer model and adapt weights with relatively low-rank dimensions. Along with the 
improved efficiency demonstrated by LoRA and the phi-3-mini model, a human evaluation also finds that MUsE is 
more user-friendly than other closed-source LLMs. Its improved performance highlights the potential to develop lan-
guage models that are more accessible to users of any demographic by lowering the cost and enhancing the quality of 
the responses. 
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