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● Experiences

○ Associate Research Fellow, Institute of Information Science, Academia Sinica

○ Assistant Professor, Department of Computer Science, National Chengchi University

● Research areas

○ Natural language processing

○ Computational linguistics

○ Information retrieval

● Recent Projects:

○ Core model training for the TAIDE project

○ NTUH ICD-coder



Agenda

● Is it ethical to use LLMs in proposal/paper writing?

● The choice of LLMs

● General editing

● Related work survey

● Result analysis

● Proofreading



Publishers’ Policies

● Nature

○ https://www.nature.com/articles/s42256-023-00678-6

● Association for Computational Linguistics (ACL)

○ https://2023.aclweb.org/blog/ACL-2023-policy/

https://www.nature.com/articles/s42256-023-00678-6
https://2023.aclweb.org/blog/ACL-2023-policy/


AI Policy of Nature

● AI Authorship

○ The use of an LLM (or other AI-tool) for “AI assisted copy editing” purposes does not 
need to be declared

○ Use of an LLM should be properly documented in the Methods section
○ Human accountability for the final version of the text and agreement from the authors 

that the edits reflect their original work.
● Generative AI images

○ While legal issues relating to AI-generated images and videos remain broadly 
unresolved, Springer Nature journals are unable to permit its use for publication.

○ With some exceptions

https://www.nature.com/nature-portfolio/editorial-policies/ai



Assistance Purely with the Language of the Paper

● When generative models are used for paraphrasing or polishing the author’s 
original content, rather than for suggesting new content - they are similar to 
tools like Grammarly, spell checkers, dictionary and synonym tools, which 
have all been perfectly acceptable for years. 

● If the authors are not sufficiently fluent to notice when the generated output 
does not match their intended ideas, using such tools without further 
checking could yield worse results than simpler-but-more-accurate English. 

● The use of tools that only assist with language, like Grammarly or spell 
checkers, does not need to be disclosed.



Short-form Input Assistance

● Even though predictive keyboards or tools like smart compose in google 

docs are also powered by generative language models, nobody objected to 

them, since hardly anyone would try to use them to generate a long, unique 

and coherent text: it would simply not be practical. 

● Similarly to language tools above, the use of such tools does not need to be 

disclosed in response to the writing assistance question.



Table Editing
Transpose the following latex table:

\begin{table}[tbh!]

    \centering

    \small

    \begin{tabular}{lccccc}

        \toprule

        Model & Accuracy & Precision & Recall & F-score 

\\ %& Main\\

        \midrule

         Vicuna & 0.0426 & 0.0473 & 0.3012 & 0.0817 \\ 

         JointLAAT & 0.6150 & 0.7531 & 0.7702 & 0.7616 

\\ %& 0.6284 \\

         Ours & 0.6738 & 0.8208 & 0.7885 & 0.8043 \\ % & 

0.7686 \\

         % Ours & & & & & \\

         \bottomrule

    \end{tabular}

    \caption{Experimental results of full-code 

prediction, reported scores are 

micro-averaged.}\label{tab:overall}

\end{table}



Figure Generation



\begin{figure*}[t!]

\centering

\begin{tikzpicture}

\begin{axis}[

  legend columns=4,

  ybar,

  width=17cm,

  height=6cm,

  bar width=4pt,

  ymin=0, ymax=120,

  enlargelimits=0.1,

  enlarge y limits=0.0,

  ylabel={Accuracy (\%)},

  ylabel style={font=\footnotesize},

  % yticklabel=\pgfmathprintnumber{\tick}\%,

  yticklabel style={font=\scriptsize}, % show % on ticks 

  ymajorticks=false,

  grid style={dashed,gray!35},

  symbolic x coords={Qwen-3 1.5B,Qwen-3 8B,Qwen-3 32B,GPT-OSS 

20B,GPT-OSS 120B,GPT-5},

  xtick=data,

  xtick style={draw=none},

  xticklabel style={font=\scriptsize},

  nodes near coords,

  nodes near coords align={vertical},

  every node near coord/.append style={

    color=black,

    font=\tiny,

    /pgf/number format/fixed,

\addplot+[bar shift=-30pt, draw=gray!70!black, fill=gray, fill 

opacity=0.9]

coordinates {

  (Qwen-3 1.5B,5.0)

  (Qwen-3 8B,83.1)

  (Qwen-3 32B,82.1)

  (GPT-OSS 20B,75.3)

  (GPT-OSS 120B,84.7)

  (GPT-5,97.3)

};

% Overall Judge

\addplot+[bar shift=-25pt, draw=gray!70!black, fill=gray, fill 

opacity=0.3]

coordinates {

  (Qwen-3 1.5B,19.3)

  (Qwen-3 8B,97.9)

  (Qwen-3 32B,98.6)

  (GPT-OSS 20B,98.1)

  (GPT-OSS 120B,98.1)

  (GPT-5,96.9)

};

% Small Construction

\addplot+[bar shift=-18pt, draw=Tomato1!70!black, fill=Tomato1, fill 

opacity=0.9]

coordinates {

  (Qwen-3 1.5B,15.6) (Qwen-3 8B,98.8) (Qwen-3 32B,99.1)

  (GPT-OSS 20B,94.7) (GPT-OSS 120B,95.0) (GPT-5,97.8)

};



Content Filtering

● Removing the header/footer of the response from LLMs

● Removing all the inappropriate language usage
○ 旨在、信息、總的來說…

Here’s a refined version of your contribution statement, keeping it precise, formal, and polished:

\item Our approach is theoretically equivalent to conventional beam search while 
substantially reducing memory and computational overhead. Empirical results across 
three modern transformer architectures—Multi-Head, Grouped Query, and Sliding 
Window Attention—demonstrate that it preserves output quality, with differences from 
conventional beam search being statistically insignificant.

Would you like me to make it more concise (for a bullet-style contribution list) or more detailed 
(closer to a full-sentence claim in a paragraph)?



Literature Search

● Generative text models may be used as search assistants, e.g. to identify 

relevant literature. 

● However, we expect the authors to read and discuss such references, just 

like the references identified by a regular search engine or a semantic 

literature recommendation tool. 

● The usual requirements for citation accuracy and thoroughness of literature 

reviews apply; beware of the possible biases in suggested citations.



Literature Review

● Google Scholar

○ Recent, accurate works

● Allen AI Paper Finder

○ https://allenai.org/blog/paper-finder

● ChatGPT Deep Research

● Gemini 

● Perplexity

https://allenai.org/blog/paper-finder




To tailor the survey effectively, could you clarify a few things:

1. Who is the target audience? (e.g., NLP researchers, data scientists, industry professionals, 
students)

2. What is the primary goal of the survey? (e.g., understanding usage trends, evaluating performance 
perceptions, identifying common challenges)

3. How long should the survey be? (e.g., short with ~10 questions, or more detailed with ~20-30 
questions)

4. Are you interested in specific types of LLMs or clustering applications (e.g., topic modeling, 
customer segmentation, document deduplication)?

5. Do you need different question types? (e.g., multiple choice, Likert scale, open-ended questions)

Once I have these details, I can generate a focused and effective survey for you.



ChatGPT Deep Research



2. Related Work

Our work is situated at the intersection of unsupervised text clustering and the emergent reasoning capabilities of large language models (LLMs). We position our contribution relative to three 
dominant paradigms in this rapidly evolving area.

2.1 LLMs as Feature Extractors

The most established approach for leveraging modern neural models in text clustering has been to use them as powerful feature extractors. This paradigm began with static embeddings like 
Word2Vec (Mikolov et al., 2013) and GloVe (Pennington et al., 2014), but became dominant with the advent of contextual encoders like BERT (Devlin et al., 2019). This line of work treats the text 
representation and the clustering algorithm as two distinct, sequential steps.

Recent advancements have largely focused on producing higher-quality embeddings. Frameworks like BERTopic (Grootendorst, 2022) have gained popularity by combining state-of-the-art sentence 
embeddings (Reimers & Gurevych, 2019) with density-based clustering algorithms like HDBSCAN (Campello et al., 2013) and a class-based TF-IDF for interpretability. The Massive Text Embedding 
Benchmark (MTEB) (Muennighoff et al., 2023) includes a dedicated clustering task, driving competition and rapid improvement in embedding models specifically for this purpose. While efficient and 
scalable, these methods' success is fully dependent on the pre-trained embedding's alignment with the user's desired clustering criteria, and cluster interpretability remains a separate, post-hoc 
challenge.

2.2 LLMs as Generative Clusterers

A more recent and disruptive paradigm reframes text clustering as a generative, in-context learning task, effectively eliminating the need for traditional vector-based algorithms. Pioneering work in this 
area (Huang et al., 2024) proposes a "clustering-as-classification" framework. This is often a two-stage process: (1) The LLM is first prompted to generate a set of candidate cluster labels by 
processing small batches of the input data. (2) The LLM is then prompted again to merge semantically equivalent labels and, finally, to classify each document into one of the generated labels.

This approach leverages the LLM's emergent reasoning and summarization capabilities to produce clusters that are natively interpretable, as each cluster is defined by a descriptive semantic label. 
However, these methods face significant challenges in practice: they are often computationally expensive and slow due to the high volume of required API calls, and they are constrained by the LLM's 
context window, making it difficult to process large documents or maintain a coherent global label space (Wang et al., 2024a).

2.3 LLMs as Hybrid Guides and Refiners

A third body of work seeks a middle ground, integrating LLM reasoning into the clustering pipeline to guide, refine, or interpret the results of more traditional methods. This hybrid approach aims to 
combine the scalability of embedding-based methods with the semantic nuance of LLMs.

For instance, ClusterLLM (Zhang et al., 2023) uses an LLM as a "pseudo-oracle" to provide triplet-based similarity constraints, guiding a smaller embedding model to learn a representation space that 
better aligns with a user's specified perspective. Others have focused on post-processing, using LLMs to refine the boundaries of pre-computed clusters. LLMEdgeRefine (Wang et al., 2024b), for 
example, identifies "edge points" near cluster boundaries and prompts an LLM to re-assign them based on semantic context, thereby cleaning up the final cluster assignments.

Our work draws inspiration from this hybrid approach but identifies a key limitation: most existing methods still treat the LLM as an external component. They either use it as a pre-processor for 
embeddings or a post-processor for refinement, rather than integrating its reasoning directly into the distance-based clustering mechanism itself.

Google Gemini



Low-Novelty Text

● Some authors may feel that describing widely known concepts is a waste of 
their time and can be automated. 

● They should specify where such text was used, and convince the reviewers 
that the generation was checked to be accurate and is accompanied by 
relevant and appropriate citations (e.g., using block quotes for verbatim 
copying). 

● If the generation copies text verbatim from existing work, the authors need to 
acknowledge all relevant citations: both the source of the text used and the 
source of the idea(s).



New Ideas

● If the model outputs read to the authors as new research ideas, that would 

deserve co-authorship or acknowledgement from a human colleague, and 

that the authors then developed themselves (e.g. topics to discuss, framing 

of the problem)

● We suggest acknowledging the use of the model, and checking for known 

sources for any such ideas to acknowledge them as well. Most likely, they 

came from other people’s work.



New Ideas + New Text

● A contributor of both ideas and their execution seems to us like the definition 
of a co-author, which the models cannot be. While the norms around the 
use of generative AI in research are being established, we would discourage 
such use in ACL submissions. 

● If you choose to go down this road, you are welcome to make the case to the 
reviewers that this should be allowed, and that the new content is in fact 
correct, coherent, original and does not have missing citations. 

● Note that, as our colleagues at ICML point out, currently it is not even clear 
who should take the credit for the generated text: the developers of the 
model, the authors of the training data, or the user who generated it.



Programming

https://arxiv.org/pdf/2506.12713v1



Doing Experiments

https://arxiv.org/pdf/2506.18096



Proofreading

● Check and review the draft that is about to submit







Roles of LLMs in the Research Pipeline

● Conceptualization

● Investigation

● Implementation

● Writing

● Supervision

● Paper review

● Rebuttal 


