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Partl. Introduction to the Final Project



Introduction

Have you explored the world of NLPs through our courses and assignments?

Now it’s time for the final project!

For this project, we invite you to choose an NLP-related task or problem that excites
you. Use what you've learned to create a solution, and present it through a final paper
and poster presentation.



Introduction

Team Work

Projects can be done individually or in teams, following these guidelines:

Team Size: Projects can be done solo or in teams of up to 3 people.

Teamwork Encouraged: We recommend completing the final project in a team. Larger teams
are expected to take on more ambitious projects.

Contribution: The final report should include each member’s contributions.

External Collaborators: You can work with people outside the course, but clearly state your
own contributions in the final report.



Introduction

Requirements

The final project includes a poster presentation and a final paper:

Poster Presentation [Date: December 18th, 2026]: Create a poster and present your project on-site. Use the
provided poster template: https: / /docs.google.com /presentation /d /1pBJuB-
wazGyGHTiDNQ6msihS2cyyZDYL71VgE603FrE /edit#slide=id.pl.

The teaching team could print poster freely for submitted poster no later than the hard
deadline (17:00, December 17th, 2026). If you did not submit your poster on time, you have to
print it by yourself and bring it to the poster session.

On-site presentation on December 18th, 2026. Details would be notified later.

Final Paper [Deadline: December 25th, 2026]: Submit a clear, concise PDF report about your project. Access
the report template here: https://www.overleaf.com /read /nkgjmyqghssh#3c4f20. (Usually up to six pages
excluding references); Copy this project and edit it yourself.

The report should not exceed 6 pages, excluding references. Submissions exceeding this limit are permitted

but may not provide any additional benefit for grading.



https://docs.google.com/presentation/d/1pBJuB-wazGyGHTiDNQ6msihS2cyyZDYL71VgE6o3FrE/edit#slide=id.p1

Requirements

Introduction

The final project has two parts: a poster presentation and a final paper.
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StockGPT: Stock Recommendation Based Financial Reports
Authors: Xianjie ZHANG, Yu CHEN, Zhan SHI
‘Student IDs: 120090722, 120090789, 120090534
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UNILOG: AUTOMATIC LOGGING VIA WARM-UP AND
IN-CONTEXT LEARNING
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Chinese University of HongKong.
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Example of posters

SCSS-LIE: A Novel Synchronous Collaborative Search System

n

with a Live Interactive Engine

Junyan Wang !, Peng Zhang 1*, Cheng Zhang *, Dawei Song 2
1 College of Infelligence and Computing, Tianjin University, Tianjin, China
2 School of Computer Science and Technology. Beijing Institute of Technology. Beijing. China

Introduction

2. Motivation

Background
The recent development of Collaborative Search System
D Asynchronous Collaborative Search Systems (ACSS)
@ synchronous, passive, implicit form of collaboration
O synchronous Collaborative Search Systems (SCSS)
# Synchranous, pesitive, independent form of collaboration
Mativation
D When the number of users in the social engine:
social engine will encounter the cold start problar.
O Leveraging the acvantages of QA systems to obtain information
quickiy

sufficient, the

Our system
04 Novel Synchronous Collaborative Search System vith
2 Live Interactive Engine
#Add an inteligent ausilary FoDOY Ifobo nto the 5053l engine o
address the cold start problem of the social engine
#Employ the resding comprehension model 1o obtain answier.

8

8

nteraciive Engine.

{sfobot}

10} @
I The topology of ACSS, SCSS and SCSS-LE. (2) Single-center topology of
ACSS. (b) Multi-center topology of SCS5. (c) Ring topology of SCSS-LIE
Owe 2
10 move from the multi-center topology t0 a ring topology 10 address
the cold start problem of the social engine.

3. Framework
Overall Framework

User Interface.

Search Controls @ j=mrt Search En

CThe left side of the figure is the user interface, and the right side
s the main engines of SCSS-LIE. On the left side of the user interface
i the search results retrieved by the search engine. On the right side
of the imterface is the chat interface of the interactive engine.

DIThe working process of the Infobot modue,

Demonstration

4. Implementation

O Modules and related technical dependencies.
# Usernterface: Vue s
# Web Service: Tamado
@ Interactive Engine: BIDAF, WebSocket

O Training dataset
@ DuReader dataset

O Implementation of the Infabat.
# Find outthe current user’s ques
# Search relevant document based on the query.
@ Cutthe related document, conversation history and query
into tokens by ieb.
# Put the query fusion vector and related document vector into
the BIDAF model to conduct reasoning 2nd abtain answers.

roduction

Quantum-inspired Complex Embedding

Qiuchi Li*, Sagar Uprety?, Benyou Wang?', Dawei Song?
LUniversity of Padova, Padova, Italy; “The Open University, Milton Keynes, UK

INTRODUCTION

+ The paper ims at tackling the challenge of capturing the combinatory
meaning of words

+ Existing word embedding approaches* are ineffective in
representing the emerging meaning when words are combined

* Microscopic particles have multiple states at the same time and
interfere with each other to give rise to new states

y applied in the field

* Quantum-inspired models have
of Information Retrieval (IR) '

+ In this paper. a quantum framework is developed to model words as
microscopic particles

d METHODOLOGY

* Hiibert
- Latent conceps (confexts) form an orthorormal basis { (G}

- Awordis a superpositon state o concepts: 1) = S, e 1)
- Wy are real amplitudes encoding low-levl features, e co-
currence
- 5,5 are complex phases encoding high-level features, is. sentiment
polaity

~ A combiation of words is modeled as a ron-classical combiration of
concepts, represented by a density marix p
~ pis positive semi-definite.
- T

- Compl: Network for Sentence Classificat
. e
]
|
| |

e disgrom of the _proposed_complex
crding retwork 71 i the ecsigury 2.0 o the e
Gnbeddng demcrsin, m 5 he. maximan length of &~

‘Sertence -> Complex Embedding -> Compasition -» Measurement -» Label
- We explore fwo fy on

- Complex Embedding Superposition (CE-Sup)

1= R = 1965|
- Complex Embedding Mixture (CE-Mix)
BPES AT

- Measurement
- Probability p = Tr(Pp), P s a projection matrix

- The complex embedding ard projection matrix are learned by fesding the.
network with enough labeled deta.

EXPERIMENT

* Datosets y sente &

wron |1k
W[

+ Experimented models:
- Language Models
- Unsupervised Learring Models
+ Supervised Learring Models
- End-to-end real embedding refwork
+ CE-Sup, CE-Mix
* Experiment Sefting:
- A complex dense layer s used in place of fhe projection measurement
- Equal weighs are assigned fo all words ina serence

* Experiment Results:

- The quantum framework for representing words and sentences is
effective

‘The complex mixture model performs better, which suggests o

sentence can be better modeled os a mixture of latent concepts
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Introduction (You can customize these blocks as you like)

Methodology

In this paper, we present Hualuu(ﬁT‘ a Large Language Model
(LLM) for medical consultation.

The core recipe of HuatuoGPT is to leverage both distilled data
from ChatGPT and real-world data from doctors in the supervised
fine-tuning stage. This is not only because purely using ChatGPT-
distilled data might cause ‘model collapse’, but also because real-
world data from doctors would be complementary to ChatGPT-
distilled data.

The responses from ChatGPT are usually detailed, well-presented,
fluent, and instruction-followed, but it cannot perform like a doctor
in many aspects, e.g., interactive diagnosis. Therefore, the extra
doctors' data could tame a distilled language model to perform like
doctors.

To synergize the strengths of both data sources, we introduce RLMF
(Reinforcement Learning from Mixed Feedback) where a reward
model is trained to align the language model with the merits that
both sources (ChatGPT and doctors) bring.

Experimental results (in GPT-4 evaluation, human evaluation, and
medical benchmark datasets) demonstrate that HuatuoGPT
achieves state-of-the-art results in performing medical consultation
among open-source LLMs. It is worth noting that by using
additional real-world data and RLMF, the distilled language model
(i.e., HuatuoGPT) outperforms its teacher model (i.e., ChatGPT) in
most cases. See our demo in hitps://www.huatuogpt.cn .

Motivation

| Cxrr— )

@ Doclor-fie ¥
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G nstcton-fotowing o
@ Inssracive diagnosic

)T with Hybrid Data
Distilled Data from ChatGPT
Synthetic instructions and conversations from ChatGPT support a
diverse output from the medical instruction dataset using a role-use,
case taxonomy. In dialogue synthesis, alternating roles between
two ChatGPTs as patient and doctor pull from real-world medical
lata for consistent, detailed, and structured conversational output.
Real-world Data from Doctors
Drawn from authentic doctor-patient exchanges, the initial data is
refined via language models to enhance clarity and patient-
friendliness, overcoming issues with informal language and noise.
Further details reside in the appendices.
11. RL with Mixed Feedback (RLMF)

Reinforcement learning with mixed feedback is envisioned for model
realignment and response quality improvement. This progression
towards alignment embraces artificial intelligence capabilities in
mirroring human preferences. Drawn from such pioneering
techniques, a new pipeline is designed prioritizing varied feedback
sources, thereby ensuring i ive, logical response i
consistent with the doctor's diagnosis.
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Doctor-like  Ralsing questons abiity High High
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Informativeness High - High

Patient-friendly Patience High - High

prertation gy g . sy
HuatuoGPT Github

Single-turn Evaluation

(0 GPTA Evalaion b Do Evalusion
Multi-turn Evaluation

[RE T p—

HuatuoGPT, trained on ChatGPT and real-world data, creates doctor-
like, accessible responses. Its conversational ability, enhanced by
reinforcement learning with mixed feedback, surpasses existing LLMs
and often outperforms ChatGPT, highlighting its prominent role in
future medical Al advancements.

LLM Course of CUH!


https://www.huatuogpt.cn/

Introduction

Poster Presentation

For the Poster Presentation, you need to design a poster to showcase your project. On
December 18th, you will publicly present your poster and give a 4-minute introduction
of your project to the instructor.




Introduction

Final Paper

For the final paper, you need to write a paper about your project and submit it to the
BB system.

We provide a paper template for you:
https: //www.overleaf.com /read /nkgjmygghssh#3c4{20




Introduction

Grading Criteria

The final project is 55% of your total grade, so it's important to focus on it.

It has two parts: Project Presentation (10%) and Project Report (45%).

Project Presentation (10%):
Your poster presentation will be rated by other groups and TAs; the average rating is the final score.

e Poster quality (1%): well-presented, well-organized posters.
e Oral presentation (4%): Aim for clear, enthusiastic delivery.
e Overall subjective assessment (5%): While subjective, this reflects common practice.



Introduction

Grading Criteria

Project Report (45%):

e Technical Excitement (10%): Take on a project that is interesting or useful!
e Technical Soundness (15%):
o  Motivation: Explain why you chose this project and your approach.
o Related Work: Cite relevant studies.
o Methods: Present your algorithms or systems clearly to demonstrate technical accuracy.
o Evaluation: Describe an evaluation protocol and provide quantitative and qualitative results.
o  Analysis: Discuss when and why your system works or fails, and interpret the outcomes.
e Clarity in Writing (15%): Write clearly and concisely for easy understanding.
e Individual Contribution (5%): Scored on individual efforts, subjectively evaluated.



Introduction

Grading Criteria

Bonus and Penalty:

e TA Favorites (2%): If a TA selects your project as their favorite, you get a 2% bonus. Each TA may nominate one project
or reserve their nomination. This bonus can only be earned once.
e Instructor Favorites (1%): If the instructor chooses your project as a favorite, you earn a 1% bonus. The instructor can
nominate up to three projects. You can earn both TA and Instructor favorites.
. . . . .

Code Reproducibility Bonus (1%): If the TAs find your project results easily reproducible, you earn an extra 1%.

Ethics Concerns (-1%): Any serious ethics concerns raised by the ethics committee (instructor and TAs) will result in a
1% penalty.



Part2. Topic Selection



Topic Selection

Topic selection

For topic selection, you may:

1) Choose one of the ten tracks (A-J, 77 briefs) on the project page: https: / /nlp-course-
cuhksz.github.io /final-project.html

2) Propose your own topic, but it must be related to LLM.



Ten tracks for Fall 2026

ordered from the most popular and easiest to grasp to the more specialised; competitions and entrepreneurship last

A Agents, skills & iterative repair (10 briefs -API model often enough)

B Interactive 3D worlds, AR/VR, embodied Al & digital humans (10 briefs -demo-heavy)

C Generative Al for education, special audiences & HCI (9 briefs -users optional)

D Train your own model: vertical models, new modalities & nanoGPT (12 briefs -GPU needed)
E Evaluation: where frontier models still fail, rubrics & safety (8 briefs -API model enough)
F Datasets, corpora & evidence (6 briefs -CPU or API)
G Al for society: position papers, audits & interventions (6 briefs -no GPU)
H Efficiency, on-device & GPU kernels (9 briefs -one GPU or a phone)
I Competitions (Chinese & international) (20+ contests)
J Al entrepreneurship: run a startup prototype (7 briefs -users required)

https://nlp-course-cuhksz.github.io/final-project.html



How to use the project page

every brief = question -compare -measure -deliver -four-week plan -links

https://nlp-course-cuhksz.github.io/final-project.html

« 77 briefs with a four-week plan each; the page is in English and Chinese (§73Z button, top right).

* Track finder: three questions suggest two tracks; a compute filter hides briefs you cannot run (API only / one GPU /
multi-GPU).

* Every track has research questions, "Watch, read, play" media, inspiration posts from X, and the pitfalls we see every
year.

» Competitions (Track I) list Chinese and international contests with dates checked on Nov. 3, 2026.

* A separate page collects writing tips, poster and paper samples: https://nlp-course-cuhksz.github.io/writing-tips.htmi
* Proposal template, report structure, reproducibility checklist and FAQ are at the end of the page.

Rule of thumb: one change, matched budget, held-out split, independent checker, seeds, replayable traces.

https://nlp-course-cuhksz.github.io/final-project.html



Track A: Agents, skills & iterative repair

most popular -API model often enough

The harness is the research object: does a loop that sees executable feedback (errors, tests, renders, simulator measurements,
sealed graders) beat one-shot generation at a matched budget, and what does each success cost? New in 2026: Agent Skills
(reusable instruction folders) and agents that do research.

Featured briefs Start from

* A1 Pelican on a bicycle in three.js + a hand-built harness * Lecture 7: harness engineering

» A2 Playable games on GameCraft-Bench (our lab) » agentskills.io, anthropics/skills

» A3 Al designs a machine against a simulator * Dify, OpenManus, OWL, MCP

* A4 Minimal agent with recovery (CS329Z7) * AutoSurvey (NeurIPS 2024), Al Scientist
* A5 Sealed self-improvement (RSI-Exam) » Stanford CS329Z

» A6 Test-time scaling frontier

» A7 Repository-repair agent (Gemma 4 competition)
* A8 Program search on ARC-AGI

* A9 Build a skill people actually install

* A10 An agent writes the survey, audited

https://nlp-course-cuhksz.github.io/final-project.html#track A



Autonomous Agent

Agent workflow

Dify workflow https://github.com/langgenius/dify

RAG corpora
MCP
Tool Hub

OpenManus
OWL

https://github.com/mannaandpoem/OpenManus
https://github.com/camel-ai/owl|



https://github.com/mannaandpoem/OpenManus
https://github.com/camel-ai/owl

Topic 11: A New Skills

Example:

Frontend Slides

https://github.com/zarazhangrui/frontend-slides



Automatic Survey

AutoSurvey: Large Language Models Can
Automatically Write Surveys

Yidong Wang'~*, Qi Guo™¥,
Wenjin Yao®, Hongbo Zhang'. Xin ;hang’. Zhen Wu® Meishan Zhang®,
Xinyu Dai®, Min Zhang®, Qingsong Wen®, Wei Ye*!, Shikun Zhang”', Yue Zhang''

) "Westlake University, “Peking University, ~
“Nanjing University, *Harbin Institute of Technology, Shenzhen. "Squirrel Al

Abstract

This paper introduces AutoSurvey. a speedy and well-organized methodology for
automating the creation of comprehensive literature surveys in rapidly evolving
fields like artificial intelligence. Traditional survey paper creation faces challenges
due to the vast volume and complexity of information, prompting the need for
efficient survey methods. While large language models (LLMs) offer promise in
automating this process, challenges such as context window limitations, parametric
knowledge constraints, and the lack of evaluation benchmarks remain. AutoSurvey
addresses these challenges through a systematic approach that involves initial re-
trieval and outline generation, subsection drafting by specialized LLMs, integration
and refinement, and rigorous evaluation and iteration. Our contributions include a
comprehensive solution to the survey problem, a reliable evaluation method, and
experimental validation demonstrating AutoSurvey’s effectiveness.

Use Manus for your survey?

https://proceedings.neurips.cc/paper_files/paper/2024/file/d07a9fc7da2e2ec0574c38d5f504d105-Paper-Conference.pdf



Track B: Interactive 3D worlds, AR/VR, embodied Al
& digital humans

Put an LLM inside a 3D scene, a game, a robot simulator, a headset or an animated character and ask what the language model
contributes: spatial language, memory, grounded action, interaction. The demo is cheap in 2026; the controlled comparison is
the grade.

Featured briefs Start from

* BI GTA-style CUHK-Shenzhen campus with LLM NPCs * Generative Agents, Al Town

* B2 three.js world with Al-generated assets * TRELLIS.2, Hunyuan3D, HY-World 2.0

* B3 A digital human that dances to audio * LLMR (CHI 2024), DecartXR, WebXR

* B4/B5 3D assistants that ask and edit « V-JEPA 2, jepa-wms, DreamDojo, Genie 4
* B6 Embodied agent that chooses where to look » AI2-THOR, Habitat, LeRobot

* B7 Robust manipulation policy (OpenLET / LIBERO)
B8 Speech-to-speech digital human with barge-in

* B9 LLM assistant inside WebXR (AR/VR by voice)

* B10 JEPA-style world model that decides in real time

https://nlp-course-cuhksz.github.io/final-project.html#trackB



HCI Applications and Agent

Al campus
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Track C: Generative Al for education, special

andiences & HCL

Faithful, useful generation from one piece of teaching material: skits, math videos that follow the diagram, interactive 3D
lessons, clarification policies. New: a reusable content pipeline for K-12, special groups and professions, curated by hand.

Featured briefs

* C1 Textbook passages as English skits

* C2 Math video whose narration follows the diagram

* C3 Interactive 3D biology lesson (PDB 4HHB)

» C4 Language-controlled physics experiment

* C5 AIGC workflow for one textbook unit

» C6 When should an assistant ask? (CS329X)

* C7 Memory and reflection in a tutor

* C8 Al town / class forum moderation

* C9 Content pipeline for K-12, special groups, professions

https://nlp-course-cuhksz.github.io/final-project.html#trackC

Start from

* Stanford CS329X

* CosyVoice 3, Manim, Remotion, Mol*
* happy-llm, Happy-Medical-Al

* Bastani et al., PNAS 2025 (guardrails)
* StudentBench (2026)



Track C examples: applications in education

The Education applications might involve:

1.0Online classroom teaching
2.Talking to historical people.
3.Visualization for math

4.Virtual experiments and real-time interaction for physics/chemistry/medicine.



Special Topic

Al for babies/Newbhie

Quantum Physics

B o | e
for Babies

by Chris Ferrie

A picture book (picture and texts) explain Al to babies



Special Topic
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https://github.com/datawhalechina/happy-lim



Happy-Medical-Al
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https://github.com/FreedomIntelligence/HappyMedicalAI

Track D: Train your own model: vertical models, new

modalities &nanoGPT

To understand it, build it. Change one thing at a fixed token or compute budget and plot the curve. New: a nanoGPT speedrun
experiment (architecture engineering), the Tutorial 2 recipe applied to a vertical domain (CPT, SFT, DPO/GRPO, RAG), and
adapters for speech, bio-signals and time series.

Featured briefs Start from

» D1/D2 0.1B-0.5B from scratch; profiling (CS336) » modded-nanogpt, nanochat, CS336

* D3 Reproduce a result and test one data change (Tsinghua AML) * Tutorial 2 (SFT, RM, PPO, GRPO, DPO)

» D4 Weight-space programming * HuatuoGPT, HuatuoGPT-II, AceGPT

* D5 SAE features: consistent causal effects? * Soundwave (our lab), OpenTSLM

* D6 SFT vs. SFT + DPO/GRPO * Huawei Ascend NPUs (ask in the proposal)

* D7 Domain or language adaptation with forgetting measured (AceGPT)
* D8 Process rewards - D9 LoRA budget allocation

* D10 nanoGPT speedrun: one change at matched time

* D11 Vertical model with the Tutorial 2 recipe

* D12 New modality: speech, ECG/EEG, time series

https://nlp-course-cuhksz.github.io/final-project.html#trackD
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https://arxiv.org/abs/2305.15075

https://arxiv.org/abs/2311.09774


https://arxiv.org/abs/2305.15075

ORLM for optimization
GrammerGPT for grammar
BlenderLLM for CAD
RAG-instruct for RAG

Examples

https://arxiv.org/abs/2405.17743

https://arxiv.org/abs/2307.13923

https://arxiv.org/abs/2306.02561

https://arxiv.org/abs/2501.00353


https://arxiv.org/abs/2405.17743
https://arxiv.org/abs/2307.13923
https://arxiv.org/abs/2306.02561

Arabic LLMs

* Arabic LLMs
* AceGPT: value alignment for a new language (Arabic)
* AceGPT 1.5: vocabulary expansion
* AceGPT 2: native alignment

[1] Huang Huang, Fei Yu, Jianging Zhu, Xuening Sun, Hao Cheng, Dingjie Song, Zhihong Chen, Abdulmohsen Alharthi, Bang An, Ziche Liu, Zhiyi Zhang, Junying Chen, Jianquan Li, Benyou Wang, Lian Zhang,

Ruoyu Sun, Xiang Wan, Haizhou Li, Jinchao Xu. AceGPT, Localizing Large Language Models in Arabic. NAACL 2024
[2] Jianging Zhu, Huang Huang, Zhihang Lin, Juhao Liang, Zhengyang Tang, Khalid Aimubarak, Mosen Alharthi, Bang An, Juncai He, Xiangbo Wu, Fei Yu, Junying Chen, MA Zhuoheng, Yuhao Du, Yan Hu, He
Zhang, Emad A. Alghamdi, Lian Zhang, Ruoyu Sun, Haizhou Li, Jinchao Xu, Benyou Wang. Second Language (Arabic) Acquisition of LLMs via Progressive Vocabulary Expansion. (meta score of 5, recommended to

ACL by AC)
[3] Juhao Liang, Zhenyang Cai, Jianging Zhu, Huang Huang, Kewei Zong, Bang An, Mosen Alharthi, Juncai He, Lian Zhang, Haizhou Li, Benyou Wang, Jinchao Xu. Alignment at Pre-training! Towards Native

Alignment for Arabic LLMs. NeurlPS 2024



Highlights

Speech LLMs

- Less data: 1/50 that of Qwen2-Audio
- Better performance that Qwen2-audio
One could achieve it with an academic budget

How:

Additional CTC loss for better speech-text alignment

Better data engineering

Speech grounding

592
Gender Synthesized
recognition F1h . Voice detection
- - 5.
6 3% P
451 363
148
. 26 s
Emotion Speaker
!
recognition gps 454 303 151 183 366 (550 73 pumber
147 233
205
294 466
A 410 99|
Age 20 932 Intent
prediction - e classification

820
Entity recognition

Soundwave (10k hours) @ Qwen2-Audio (520k hours)

Yuhao Zhang, et.al. Soundwave : Less is More for Speech-text Alignment in LLMs.



Special Support

Huawei Ascend —based training/inference adaption

Powered by Ascend 910
The world's most powerful Al processor
ETFHiEAIREE FFEI10

Later we might share some Huawei NPU!



Track E: Evaluation: where frontier models still fail,

Kllmaglie% f&u%ﬁ@tyrequired

Classic benchmarks are saturated and contaminated. Build a small fresh test where you can show a specific failure (culture,
humour, logic, EQ, dialect, multi-turn, speech, vision), with a human baseline, and score it with rubrics written by people who
know the domain.

Featured briefs Start from

 E1 Long-context evaluation for a specific failure * HealthBench (262 physicians, 48k criteria)

* E2 Combined defenses against prompt injection * Rubrics as Rewards; RL with Rubric Anchors
* E3 Detecting and attributing LLM-generated text » OpenRubrics; Checklists > reward models

* E4 Reliability of Al-assisted scientific reporting * Prometheus, MT-Bench, G-Eval

* ES Auditing verifier bias * OpenRouter for many models, one API

* E6 Steerability
* E7 Where frontier models still fail: a benchmark they cannot pass yet
+ E8 Rubric-based evaluation: judge agreement, then rubrics as rewards

https://nlp-course-cuhksz.github.io/final-project.html#trackE



< OpenRouter Q. Search models

@ Modality v

Text to Text

Text & Image to Text

© Context length v
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4K 64K M

® Prompt pricing v

FREE $0.5 $10+

20 Series v

GPT
Claude
Gemini

More...

Models Chat Rankings Docs

MOdelS 39 models Reset Filters
Qwen Newest ¢ 8 =
DeepSeek: R1 Distill Qwen 1.5B © 27.3M tokens

DeepSeek R1 Distill Qwen 1.5B is a distilled large language model based on Qwen 2.5 Math 1.5B,
using outputs from DeepSeek R1. It's a very small and efficient model which outperforms GPT 40 ...

by deepseek 131K context $0.18/M input tokens $0.18/M output tokens

DeepSeek: R1 Distill Qwen 32B (free) & o 250M tokens

DeepSeek R1 Distill Qwen 32B is a distilled large language model based on Qwen 2.5 32B, using
outputs from DeepSeek R1. It outperforms OpenAl's 01 -mini across various benchmarks, achievin...

by deepseek 16K context = $0/M input tokens =~ $0/M output tokens

DeepSeek: R1 Distill Qwen 32B © 781M tokens
DeepSeek R1 Distill Qwen 32B is a distilled large language model based on Qwen 2.5 32B, using

https://openrouter.ai/models?g=gwen

Signin



Fresh bench

Speech roadmap, s2s bench
OV-odessy

User centric benchmark
MedQA-pro

Patient-O1

Omini-Math

MileBench

MAMO

ACVA

MLLM-Bench

Examples

See google scholar for these references



Rubrics-based Evaluations

Emergency referrals Responding under uncertainty

Eval Example

Health data tasks Global health

Candidate Response

Expertise-tailored communication

| found my 70 year old neighbor lying on the floor
unresponsive, but they have a pulse and they're
breathing slowly. Should | just wait for them to come
around, or do | need to do something right away,
given they have no known health issues? Please
give details.

User

| am not your neighbour’s doctor, and this answer can't
replace professional medical care, but an unresponsive adult
—even one who still has a pulse and some breathing—is

always a medical emergency. Act right away.

1. Activate emergency medical
services (EMS)

= Dial 911 (or your local emergency number) immediately.

« Tellthe dispatcher the person is “unresponsive but
breathing™ and follow any instructions.

« Putyour phone on speaker so you have both hands free.

2. Ensure the scene is safe
« Look for hazards (loose rugs, electrical cords, pets, spilled
liquids, gas, smoke, etc.).

+ If unsafe and you can move them without harm, relocate to
a safer spot. If unsure or they appear injured, wait for EMS.

3. Re-check responsiveness
& breathing
* Gently tap the shoulder and shout, “Are you okay?”

« Look for normal breathing (steady chest rise, not gasping).

Rubric Criteria & Grades

Criterion

Context seeking

Response depth

Points

Present

Includes clear and concise
advice to call or activate
emergency services for an
unresponsive person.

+10

Includes clear and concise
advice to seek emergency
medical care at the

beginning of the response.

+9

Includes clear and concise
advice to begin CPR if the
patient is pulseless or not

breathing.

+9

Includes clear and concise
advice for effective CPR if

O

https://openai.com/index/healthbench/

O

92 (max)



Track F: Datasets, corpora & evidence

CPU or API -provenance and licenses

Each training stage wants a different artifact: documents for pre-training, instruction pairs for SFT, chosen/rejected pairs for
preference optimization, prompts with verifiers for RL, trajectories for agents, rubrics for judges. Release it with a data card, a

loader, a validator and one experiment.

Featured briefs

* F1 Auditable evidence chains for medical or legal QA

* F2 Agentic RAG with a regression suite

* F3 Retrieval triggers, conflicting and stale sources

* F4 Reproducible data pipeline (dedup, quality)

* F5 A training dataset for one stage, in the right format

* F6 Evidence-based RAG corpus; Al-built corpus with a verifier

https://nlp-course-cuhksz.github.io/final-project.html#trackF

Start from

* Huatuo-26M, MedPajama, VVLFeedback (lab)
* FineWeb-Edu, Dolma, Nemotron-CC, Tulu 3
* OpenEvidence (the target)

» Cosmopedia, EntiGraph, HF synthetic-data
playbook

« datatrove, distilabel



Examples

Huatuo-26M
Med Pajama
VLFeedback

See google scholar for these references



Topic 9: Retrieval and RAG

Better retrieval models for general/specific domains (Al4math)
using synthesized hard negatives? )
Hallucination detection and warning (
Replicate Open Evidence O —

https://www.openevidence.com/ask/7a24a85e-chbe-436f-b385-969e38ch2518



Track G: Al for society: position papers, audits &
iM@W@M%d an honest test

Take a position on one question and back it with a measurement you ran: does Al widen gender inequality, silence minority
languages and dialects, exclude people with disabilities, leave the Global South behind, or concentrate wealth? Write it like an
ICML/NeurlIPS position paper, or run an audit, or build an intervention.

Featured briefs Start from

* G1 Position paper with an audit behind it * Hofmann et al., Nature 2024; Ahia et al., EMNLP
* G2 Do all languages cost the same? Dialect and minority-language audit 2023

* G3 Matched-persona audits: gender and disability * Gadiraju et al., FAccT 2023; Glazko et al., FAccT
* G4 Who gains? Novices vs. experts with an assistant 2024

* G5 An accessibility intervention evaluated with its users * Eloundou et al., Science 2024; Brynjolfsson et al.
» G6 Whose knowledge? Global South audit with retrieval * Sorensen et al., ICML 2024 position

* Bastani et al., PNAS 2025

https://nlp-course-cuhksz.github.io/final-project.html#trackG



Track G reading: top-venue starting points by
question

Gender: Wan et al. (EMNLP Findings 2023); Blodgett et al. (ACL 2020); UNESCO 2024; Bolukbasi et al. (NeurlPS 2016); Caliskan et
al. (Science 2017)

Minority languages and dialects: Hofmann et al. (Nature 2024); Ahia et al. (EMNLP 2023); Joshi et al. (ACL 2020); Blasi et al. (ACL
2022); Naous et al. (ACL 2024); Masakhane (Findings 2020); NLLB (Nature 2024)

Disability: Gadiraju et al. (FAccT 2023); Hutchinson et al. (ACL 2020); Glazko et al. (FAccT 2024); ASSETS 2024 chatbot study; Be
My Al, Gemini Live Guided Vision

Global South: Sambasivan et al. (FAccT 2021); Mohamed, Png & Isaac (2020); Ahia et al. (Findings 2021); GlobalOpinionQA;
Santurkar et al. (ICML 2023); Kapoor et al. (ICML 2024 position)

Wealth, work and learning: Eloundou et al. (Science 2024); Noy & Zhang (Science 2023); Brynjolfsson, Li & Raymond (QJE 2025);
Canaries in the Coal Mine (2025/26); Humlum & Vestergaard (NBER 2025); Bastani et al. (PNAS 2025); Doshi & Hauser (Science
Advances 2024)

Pluralism and values: Sorensen et al. (ICML 2024 position); Bender et al. (FAccT 2021); Weidinger et al. (FAccT 2022); Kirk et al.
(Nature M1 2024); Kleinberg & Raghavan (PNAS 2021); Costello et al. (Science 2024)

https://nlp-course-cuhksz.github.io/final-project.html#trackG



Track H: Efficiency, on-device & GPU kernels

one GPU or a phone -fresh-input correctness checks

One GPU and a careful measurement protocol produce publishable numbers: kernel generation with feedback, serving mixed
workloads, quantization, speculative decoding, prefix caching. New: an on-device protocol for phones and laptops, and an
evolutionary RSI-style loop that optimises your own kernel under a sealed test.

Featured briefs Start from

* H1 Feedback for kernel generation on KernelBench » KernelBench, KernelBench-Verified, TritonBench
* H2 Serving short and long requests together * vLLM, SGLang, llama.cpp, MLC-LLM, MLX

* H3 Engine comparison with energy » Gemma 4 E2B/E4B, Qwen3-0.6B/1.7B

* H4 What quantization and distillation cost * OpenEvolve, AlphaEvolve, Al CUDA Engineer

* H5 Speculative decoding across domains * Lecture 11: Efficiency in LLMs

» H6 Edge real-time pipeline -H7 Prefix-cache reuse
« H8 On-device benchmark: measure, then improve, on a phone
» H9 Evolutionary (RSI-style) optimisation under a sealed test

https://nlp-course-cuhksz.github.io/final-project.html#trackH



Track I: Competitions: a formal final-project option

any compute -the comparison is the grade

Use a contest task, dataset or simulator to answer a course research question. Register a course plan, run a controlled
comparison on a local held-out split, submit the course deliverables; the leaderboard is a bonus result. Dates checked Nov. 3,

2026.

Featured briefs

« Chinese: AIFENFE EZ23FRK K %R 5! (Tianchi, to Dec. 31) -Qoder BIRBIEA
Z=£ (Nov. 30) -OpenLET BEEEHEHkEXEE (to Dec. 31) -CCKS 2026 -NLPCC
2026 shared tasks (archived)

* International: Gemma 4 Developer Agent (Kaggle, Dec. 2) - BuildArena S02
(Nov. 14) -ARC Prize 2026 paper track -Name That LLM (Jan. 2027) -NeurIPS
2026 competitions (Steerability, Predictive Al Evaluation, QuantiPhy) -Smart
Buildings

* Archived benchmarks you can run locally: ARC-AGI, AIMO 3, KernelBench,
GameCraft-Bench, RSI-Exam, SWE-bench, Terminal-Bench, LIBERO,
LongBench, AgentDojo

https://nlp-course-cuhksz.github.io/final-project.html#trackl

Start from

« ML Contests, Kaggle, Tianchi, DataFountain, 3§
* Read the allowed-models clause first

* Real-name registration takes time: start in week 1



Track J: Al entrepreneurship: run a startup
B&QmMﬁon and cost, not a pitch deck

Run a prototype for a startup with real users: Al CEO, Al seller, Al tutor, Al for expertise training (simulated patients), Al
game designer (text2game, text2app), open-world Al + VR experiences, speech-based 3D printing. Still a course project: two
variants, a metric fixed in advance, a cost table and a business memao.

Featured briefs Start from

« J1 Al tutor for one course, retention as the metric « ZEAL 60% of CUHK-SZ undergraduates by

* J2 Al seller for a real small shop Apr. 2025

« J3 AI CEO: an agent runs a tiny business (Project Vend) « [ZE tennis app: 1,000+ users, 5,000+ hours saved
» J4 Expertise training: simulated patients, interview coaches * Mom Test, Lean Canvas, YC library

* J5 Al game designer: text-to-game / text-to-app * Al unit economics, the wrapper question, PMF

« J6 Open-world Al + VR experience people pay for - £RFVA RS EIRETINE, PIPL, EU Al Act

« J7 Speech-based 3D printing (BlenderLLM, Text2CAD)

https://nlp-course-cuhksz.github.io/final-project.html#trackJ



Al startup basics every founder in Track J should
explain

* Problem before product: ten Mom Test interviews about past behaviour, not opinions about your idea.

* Business model canvas / Lean Canvas on one page in week 1 and again in week 4; show what changed.

* Al unit economics: cost per active user per month = tokens x price + hosting + human review, against ARPU and CAC.

» The wrapper question: if the model vendor ships your feature tomorrow, what remains? Data, workflow, distribution, trust.
* Product-market fit signals: retention curves that flatten, organic referrals, the Sean Ellis test (>= 40% "very disappointed").

* Pricing: per seat, per usage, per outcome, freemium; test one real price, even if you refund everyone.

« Compliance: AT T EBEIRSB EIEE{TNE (2023), algorithm filing, PIPL; EU Al Act for European users; extra rules
in education and health.

* Build fast, measure faster: ship to 20 real users in week 2, not 2,000 in week 4.

https://nlp-course-cuhksz.github.io/final-project.html#trackJ



For startups: fired Al for classroom learning
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For startups
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Some new ideas for brainstorming
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EXxpertise training

Simulated patients for training medical students Interview training



Open World Experience (using Al + VR Experience)

Greetings, explorer!
Ready for your next
mission?

Welcome to the fantasy realm!
How can | assist you?

= /
v Learn about magic '7

You: Where should | go for an adventure?




Text for 3D Printing
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Special topic: applications in medicine (hospital
deployment)

The medical applications might involve:

1.LLM for Triage (EEBRF9312): Using a large language model (LLM) for triage in healthcare involves
training the model to prioritize patients based on the severity of their conditions. This can help medical
staff quickly identify cases that require immediate attention, thus improving the efficiency of
emergency departments and potentially saving lives.

2.Al diagnosis in medical domain

3.X-ray report generation

4 ERRIEIRIMNETR

5.Dental diagnosis

6.0penClaw in the hospitals



Medical Skills
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Let me know if you are interested to deploy something
in the CUHKSZ hospital.

Email me via wangbenyou@cuhk.edu.cn
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Xiaoxiao Liu, Qingying Xiao, Junying Chen, Xiangyi Feng, Xiangbo Wu, Bairui Zhang, Xiang Wan, Jian Chang, Guangjun Yu, Yan Hu, Benyou
Wang. Large Language Models for Outpatient Referral: Problem Definition, Benchmarking and Challenges. https://arxiv.org/abs/2503.08292



How to choose you topics

Combine your expertise with Al
previous major (Math, science, engineering)
Al for Math, science, engineering?
Combine your background
you are from a country/province where native language/dialects are under-
represented. Train a LLM for it.
Local culture and religion: &=fg¥k. BHEX. =El. PE. HE
The real need from your relatives/friends
One has some disease, you want to help him/her (e.g. ¥EERFEFIIMNETR)
One could provide resources/data/applications

Your personal interest matters the most



Relation between students and the teaching team

Students Teaching team

Judge




Relation between students and the teaching team

Students Teaching team

Judge help

Email TAs and me and make friends with them



Discuss with your TAS

\\; ) ) b , \ .4
MicroSoft, Qyeiiorenpedin iiiktiration Bldg E101 Tencent, MiniMax, Kimi Huawei Top VC

Time: Friday 1:30 PM - 4:20 PM

Office hours:

Benyou Wang: Friday 6:30-7:30 PM, Daoyuan Building 504A (wangbenyou@cuhk.edu.cn)

Wu Minghao: Fri 2:00-3:00 PM (Tencent 523-927-1424) -Chen Shunian: Tue 17:00-18:00 (579-4322-1432)
Ji Ke: Thu 16:00-17:00 (403-9123-6065) -Li Sirui: Wed 2:00-7:00 PM, TXB122

Wang Kuang: Mon 10:00-11:00 (616-4036-2524) -Liang Juhao: Mon 16:00-17:00 (481-4890-5355)

Rao Siqgi: Thu 11:00-12:00, Daoyuan 224 -Qin Aoxiang: Fri 3:00-4:00 PM, Daoyuan 224

Emails and research directions: see the Teaching team section of the course homepage.



3. Some Outstanding Projects



Some Outstanding Projects

A good paper or project should possess the following advantages:

Valuable Topic Selection: The research topic should have significant theoretical or practical
importance, addressing existing problems or filling knowledge gaps.

Standard Writing: Clear and fluent language expression, adherence to academic norms, and
accurate citations and references.

Clear Structure: The paper should have a logical and coherent structure, making it easy for
readers to follow and understand.

High Innovation: Novel perspectives, methods, or solutions should be proposed, offering
breakthroughs in existing research.

Clear Charts and Figures: Visual elements such as charts and figures should be clear, well-
labeled, and effectively support the content of the paper.

Thorough Data Analysis: Scientific methods for data collection and analysis, with accurate
interpretation of results that effectively support the conclusions.

Reliable Conclusions: Research conclusions should be based on solid data and evidence,
providing convincing support.

Here we show some relatively good projects from the previous final project.
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Recent advances in video generation have shown remarkable
progress in open-domain settings, yet medical video genera-
tion remains largely underexplored. Medical videos are criti-
cal for applications such as clinical training, education, and
simulation, requiring not only high visual fidelity but also
strict medical accuracy. However, current models often pro-
duce unrealistic or erroneous content when applied to medical
prompis, largely due to the lack of large-scale, high-quality
datasets tailored to the medical domain. To address this gap,
we introduce MedVideoCap-55K, the first large-scale. di-
verse, and caption-rich dataset for medical video generation.
It comprises over 55, i rld
medical scenarios, pro ;
generalist medical video generulion ‘models. Built upon this
dataset. we develop MedGen, which achieves leading per-
formance among open-source models and rivals commercial
systems across multiple benchmarks in both visual quality

Packages

[ 10 Paper] | @D

A News

© 3ul 8, 2025 : We released our paper, data and project . Models are coming soon. Please stay tuned!

4 Introduction
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and medical accuracy. We hope our dataset and model can . Hugging Face # Models & Dowsets W Spaces
) serve as a valuable resource and help catalyze further research
~ in medical video generation. ey = " R =
O A Disclaimer: This p content that
l,C‘ ma Jisturbing to s Figure 1: Failure cases of Sora, Pika, and Hailuo on medi- =
< cal video generation. (a): Medical common sense errors. (b): h
. Distortion errors. + Dotaset car Fiesand 5
S 1 Introduction istorto s P 2
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5 Highquality, cimematic:visuals thatalign closely with user on natural scenes and everyday activities (Blattmann et al
s— prompts (Blattmann et al. 2023). In particular, latent video 2023). As a m\“'k when applied to mccjical prompts, mc); Introduction
X s ey 2023). As sult, s,
<y diffusion maodels (LVDl\g P ch_ 25 Sora (OpenAl 2025) often generate outputs with critical errors—such as anatom- A S5 M R ‘ ’ R ’
= and Veo (Sharma et al. 2024), have achieved state-of-the- ical i X = | mi d implausible clinical y 5 o
< LR i kit speacs mad ical inconsistencies, tool misuse, and implausible clinical . .
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e SrrE s ailto (Min -  provides doatars cap o »
scitions Sora (OpenAl 2025), Pika (Team 2025a), and Hailuo (Min o ot s g

iMax 2025) fail to maintain basic medical realism, reveal-
ing a clear mismatch between training data and medical do-
main requirements. A key bottleneck lies in the lack of large-
scale, high-quality datasets tailored for medical video gener-

Despite this progress, medical video generation remains
a largcl)' underexplored yet crucial domain. Mcdxcal videos
are in real-world in-

cluding clinical training, surgical simulation, and patient % 208 = e
8- clinic s e ation (Sun et al. 2024). Existing medical datasets are limited
education (Li et al. 2024b). Unlike everyday video con- o & £ 5 " .
e 1 > ! in size, narrow in scope (e.g., only endoscopic or surgical
tent, medical videos demand precise rendering of anatomical easier managrTaent, the videos hime been spit
2 e 3 $ i3 7y videos), and mmll) provide categorical labels instead of de-
structures, accurate surgical steps, and realistic physiologi- 3 :
‘e R - S R tailed king them for training or

https://arxiv.org/pdf/2508.18240
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Figure 1: ConsumerSim System Architecture. The pipeline ingests structured persona data and
Abstract unstructured narrative shocks, processing them through a two-stage cognitive engine.

Traditional economic models often overlook the psychological complexity and
irrationality of human behavior. We present ConsumerSim, an LLM-based agent
simulation framework designed to study consumer decision-making under eco- @
nomic shocks. Our system implements a two-stage cognitive engine (Perception
and Decision) and a multi-period memory architecture fo ensure temporal consis-
tency and consumption smoothing. By simulating hundreds of heterogeneous agents,
we demonstrate that LLMs can serve as viable proxies for "Homo Silicus,” repli-
cating economic theories such as the Permanent Income Hypothesis and Liquidity
Constraints. Experimental results on durable goods vouchers show a significant
stimulus effect (MPC = 0.65-0.70 for private sectors), proving ConsumerSim’s
utility for granular, micro-founded policy analysis.
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LLM ENGINE FINANCE

uUs NEWS
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Figure 2: Agent Reasoning Flow. This transformation process ensures logical consistency between
an agent’s psychological outlook and its subsequent monetary decisions.



Final Project Now, from the Future: The Application of
a ""FutureSelf'' Agent in Career Planning

He Yunshan SDS / MAIR
CUHK-sz
©225040214 . 1ink.cuhk.edu.cn

Feng Shiyu SDS / MAIR
CUHK-sz
©225040227 .1ink.cuhk.edu.cn

Chen Junyi SDS / MAIR
CUHK-sz
0225040257 .1link.cuhk.edu.cn

Abstract

Young adulthood is characterized by career uncertainty, yet traditional interven-
tions like letter-writing lack engagement and actionable feedback. To address this,
we introduce “FutureSelf,” a Retrieval-Augmented Generation (RAG) system that
integrates the Wish, Outcome, Obstacle, Plan (WOOP) framework to simulate
dialogues with AI-generated future personas. We conducted a mixed-methods user
study (N = 24) comparing Single-Agent (focused) versus Multi-Agent (divergent)
modes to evaluate impacts on Career Goal Clarity (CGC), General Self-Efficacy
(NGSE), and Future Self-Continuity (FSC). Resuits indicate a significant main
effect of time across both conditions; notably, CGC scores increased by over 75%
(e.g., Single-Agent means rose from 15.67 to 27.58). However, contrary to the hy-
pothesis that broader exploration yields superior benefits, no significant difference
emerged between groups. Qualitative analysis identified a “divergence paradox,”
where Multi-Agent exploration induced decision anxiety and cognitive overload,
suggesting that focused engagement is more effective than broad exploration in
digital career counseling.

Phase 3:
Gain Insight
(Convergence)

Phase 2:
Cross-Time Dialogue
(Parallel Journeys)

R

ﬁha;e 1: Construct
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(Identity)

Create Focused
Future Persona

(One definitive self) Write to Read Reply Deep Chat
Determined (Deep (Continuous
Future (Write.S) ¥ : __ oo :ecﬂan) immersion)
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. oed 1o ! @@ 1 woor |\ ()
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Create Multiple Writeto LA Compare Deep Chat

Future Personas Possible AlGenerates Replies (with selected
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Translate dialogue resuits,
guide future action.

Build emotional resonance,
conduct deep exploration.

Figure 1: Detailed System Architecture and Interaction Flowchart. The diagram illustrates the data
flow from user input (Phase 1) to the RAG-based generation (Phase 2) and the final WOOP report
synthesis (Phase 3).
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Figure 2: User Interface Screenshots. Left: The chat interface where users interact with the Al
persona. Right: The generated "Space-Time Insight Report" utilizing the WOOP framework.



TripGenie: An Agentic Al for Personalized Trip Plan
Generation via multi-Tool Orchestration

Meishi Jiang Qingyi Ge Liyang Chen
CUHK-ShenZhen CUHK-ShenZhen CUHK-ShenZhen
225040099 225040112 225040037
Abstract

Planning multi-city trips requires users to manually integrate fragmented informa-
tion, from train schedules to hotel prices and attraction reviews, while reconciling
conflicting constraints. This process is tedious, error-prone, and increasingly
infeasible in the era of information overload.

To address this gap, we propose TripGenie, a constraint-driven Chinese travel plan-
ning agent built on DeepSeek-Chat. It parses user constraints and autonomously
orchestrates three domain-specific tools (for high-speed rail schedules, attraction
information, and hotel data) to generate compliant plans. TripGenie leverages a
scalable data pipeline supporting 28 major Chinese cities, with a modular tool-
augmented architecture enabling seamless external API integration.

Evaluation shows a final pass rate of 18.9%, outperforming greedy search (16%),
with qualitative feedback from 20 users confirming high satisfaction in readability,
practicality, and satisfaction. While limited by current LLM planning capabilities
and incomplete data, our work demonstrates the viability of agentic systems for
real-world travel planning — offering a replicable framework for domain-specific
applications.



~[2] ("I plan 1o travel with my friends from Beijing to
i Shanghai for three days, with a budget of !
i around 5,000 yuan. We prefer a better rest, |
i so please arrange a at least four-star hotel | TRAINSEARCH
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1\‘ (3) generate the daily plan ”: \—CI)ATTRACTIONSEARCH
""""""""""""""""""""" 40 attractions each in 28 popular cities
0000
DIRECT
Z5-COoT =lﬂl DELIVERY PLAN
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Reflective Planning
REFLEXION GREEDY Daily Expense: 1786 yuan Daily Expense: 1458 yuan ~ Daily Expense: 1426 yuan

Total Exspense: 4670 yuan  All constraints satisfied

Figure 1: The architectural workflow of TripGenie: The agent interprets user intent through reasoning
and interacts with specialized tools to retrieve factual travel information for final plan delivery.
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Safety Evaluation of Local LLMs

Authors: Zheyuan Lin & Xinye Chen
Student IDs: 223040225 & 223040258
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Introduction Methodology
As Large Ldnguagc Models (LLMs) become integral to dxgm\l 111, Evaluation
ensuring their safc ticularly in p g the . d fon with 1
gencration of harmful content—is crucial. This study evaluates the o Configures Longformer to assess LLM responses for safety
safety protocols of five LLMs (llama2-7b, llama3, phi3, mistral, concerns.
and the uncensored dolphin-mistral) deployed on a local machine o Automatically flags risky responses and calculates safety
via Ollama. Using the "Do Not Answer" dataset, which challenges performance metrics.
models across five risk areas and 12 harm types, we assess how these © Human Evaluation
LLMs navigate complex ethical landscapes. o Provides deep insights into ethical, cultural, and contextual
Our logy combines safety viaa appropriateness.
finetuned Longformer model with critical human ions to o
provide a comprehensive understanding of cach model's behavior. This e G A T
dual approach allows for nuanced insights into the models' adherence T N st it e i gl i QA S e G T N0 0 Do
m safety protocols and their capability to filter or avoid i e quston
appropriate content. ¥R [ Lol el et

Ve i o e

s research aims to illuminate the current state of LLM safety,
comparing the impact of censorship on model response quallry and
cthical alignment. By mtegratmg human Jjudgment with
Al ion tools, we ing safer, more reliable Al
systems for real-world apphcauons.

e Nty At o 21t

Motivation

G oot o phting el of gl €

Discrimination,
clusion, Toxicity,

Hateful, Offensive Results

Potential Risks
onLLM's

a2, sy

LLMs' ability to generate content that can be harmful or sensitive presents a
significant challenge. Incidents of Al-generated unsafe content have raised s 18

public concern and highlighted the need for robust safety measures. Our —— ]
study is driven by the urgency to develop LLMs that uphold safety 0 i
standards, thereby preventing the ion of harmful content. o

Toxic language (hate speech)

- Lamaz saaa |
| Lawa3 i
istral
0] 2
e Dophin-Mistral

§

Methodology

1. local deployment of LLMs
o The innovative use of Ollama for the local deployment of LLMs
o By operating on local servers, the dependency on external cloud

The number of hamiul responses.
g g
8

services is minimized, leading to faster response times and a more Uz UmAT M3 Marsl Dot 012345
reliable service that is not subject to network issues or external Adult Content
dervice downtinies: Model Safety Seore  Quality Score w2 [
1L "Do Not Answer" dataset Phi3 980 904 [IR7eY - IR
939 instructions, distributed across five risk arcas and 12 harm types, TLabiAZ 555 s N S =
potentially leading to responses that could be harmful, misleading, S 53 % .
sensitive, or in violation of privacy norms o - WE . L !
Risk Aren Harm Type " Dolphin-Mistral 715 888 e, ; ; ; ; ; .
et 2 i This Project izes the ilities of the L
— L with expert human analysis to ensure the ethical deployment of LLMs.
L} Moreover, the project underscored the benefits of local deployment of
‘ ] LLMs through platforms like Ollama, enhancing privacy and user
- control, and empowering nuanced, localized rescarch. This nitiative
remistomsines nnoticncsin | sets a precedent for the i pment of Al
B | % ‘human values at the core of Al innovation.

NLP Course of CUHK-SZ
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Authors: [ Yifei Wu |
Student IDs: [ 223040255 ]
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inrodetion “

This paper delves into multi-agent collaboration using Large

Language Models (LLMs) to enrich the online novel writing ([ — ) (@redmisgmoen ]
process. Our method focuses on multi-agent collaboration, [(Woner £k £ d%, aiiitanim | (Dumsondiecos

adaptable prompts, and external vector storage.

‘We introduce a novel approach that leverages multiple agents
working together within LLMs to enhance creativity and writing
quality in online novel creation. Users can customize prompts to
suit their preferences, enabling personalized and dynamic
storytelling experiences.

By incorporating external vector storage, our model boosts context

W xm
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W

User K42 & RIUR LS OHIAN,
L Ty e e
RF KA Ll BT,

Y
ERGAHERABINT, HHTAT R
i,

an

and g ion, leading to more coherent T aannimiat,

i i experis i el
and engaging - Through ex , we b R LA KRR TR AN,
the effectiveness of our approach with a demo exhibit and YA R

performance comparisons among different LLM setups.
This research sheds light on the potential of LLM-driven multi-agent
cooperation to revolutionize online novel writing, bridging Al and

o
rEvey

L

e o 3 : (P 2w, AR RE Tornn | (D )
human creativity for captivating storytelling experiences. F - e

In the future, leveraging reinforcement learning from human = [“H T T, P BG R4 J

feedback will further enhance efficiency of online novel writing. s )

See our code in github.com/Wu-yi-fei/DDA6052_final_project. (C=EEarsRRiBIRATEE ASEHATAEE Hd” BIFL ]
The motivation of this paper is to make full use of the potential of Al in
literary creation, to apply the non-linear writing cognitive process model

Methodology by means of multi-agent cooperation, and to develop an application that
can i generate novels, eliminating the process of "chasing"..

In the results section, we present the user interface and measure
the performance of different LLMs by a text consistency score

— output by GPT-4.

TR
Polishing. 5

Body Content

Real-World Challenges

LLM-as-Agents Environment

A framework for the architecture design of LLM-based multi-agent

; [ ouwine

[ creation
[ content : Bagoning wera e e
Style :
| [Beginning (polished)

Memory

i+ [ Body Content
Plan Revise P 7
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Technical route of automatic novel writing by multi-agent systems

Our method can be summarized as follows:
*  Multi-agent collaborahon

= Ch le prompt g to user

* External vector slore, Score
& Recureis GPT-4-Based scores of 6 LLMs across 5 agents
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StockGPT: Stock Recommendation Based Financial Reports
Authors: Xianjie ZHANG, Yu CHEN, Zhan SHI
Student IDs: 120090722, 120090789, 120090534
Email: {xianjiezhang, yuchen2, zhanshi1}@link.cuhk.edu.cn

Introduction

In this paper, we present StockGPT, which makes
recommendation of stock choice based on the analysis of financial
reports.

o The importance of the task is to by leveraging NLP information, we
can improve stock performance predictions for better investment
decisions and higher returns.

The challenge are two-folded. First, the financial texts are highly
unstructured. In addition, the financial reports are often with the high
noise-to-signal ratio.

We adopted a two-stage training framework to train our StockGPT.
In Stage 1, we finetuned Qwen to better capture the sentiment
information. In Stage 2, we utilized the finetuned model to extracted
cembeddings for financial reports. The embeddings and abnormal
return are then fed into XGBoost, with training windows rolled
forward over time.

Experimental results indicate that the fine-tuned model can extract
market insights from financial research reports, and XGBoost
effectively classifies different market states.

Motivation

Following is the word cloud diagram gencrated from an example of
financial report (the company name is masked with XYZ).

;@ company,

perfornance
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®  Previous lexicon methods or embedding methods fail to integrate the
context information of research reports.

Stock recommendation can achieve better performance on the basis
of more accurate sentiment information.

Lexicon Method: "growth": 5, ‘milion’ 15, "optimistic: 3 = positive:

Iformation within the
financia report?
2 LLM: The sentiment hidden in the financial eport is negative.
a.pos
i
o it e ey
bl
Experimement
Daiaet Nortdate _end daic _sireLabeh
Finciunio Dot | Kcopet Pl evs 180101 001231 192w Yer
Fine-tuning Datasct 2 al-News Seotment i 7 oY
Fine-uning Datast 3 il Seniment Dictionary | ’ & Ve
Stoch Recommendation_ GOGOAL Research Repert 2000101 031231 3w No

®  For fine-tuning datasets. we adopted labeled news from Sina, retrieved
from the Ricequant platform. Additionally, we utlized open-source
dataset Financial-News-Sentiment and Chinese Financial Dictionary.

@ For stock recommendation, we adopted GOGAL Research Reports to
train and test our model.

Methodology

A

| DL]

Finctaned LLM.

Two-Stage Training Framework
® Stage 1: Semantic Finetuning
Qwen is fine-tuned to extract sentiment information from the
financial news to increase its sentimental understanding of
financial news. The data cor of financial news, and a
financial sentimental word dictionary. We first convert them into
Q&A form, and use tokens “positive”, “negative™ and “neutral” as
labels to fine-tune the model.
® Stage 2: Stock Recommendation
We utilized the fine-tuned Qwen to extract the embedding of
financial rescarch reports. The corresponding stock price is
processed by CSI 500 base model to get the abnormal return. The
embedding is fed into XGBoost as inputs and do the rolling
training using abnormal return as labels. Finally, the model
extracts the factors for stock recommendation.

Result

StockGPT Portfolio Annual Backtest Result

mn
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Model Compm‘lson Backeest Result

Factor Stratification Hedged Net Value

o We xesled our pmpo:ed mclhod on the A~ ;hare ‘market using a
monthly-balanced portfolio. The portfolio consistently outperformed
the CSI 500 index.

o Compared to other prevailing NLP model frameworks in the financial
market, our model, although weaker in risk control, significantly
outperformed others in terms of returns, This indicates that our
proposed model effectively extracts alpha from financial analyst
reports.

NLP Course of CUHK-SZ
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In-context Learning: LLM Conversion

Authors: Yanglin Zhang, Haoying Li
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Introduction

Results

In-context learning (ICL) mcans large language models (LLMs)
perform diverse tasks from demonstation examples. ICL does not
require updates millions of model parameters and relies on human-
understandable nutural language instructions, becoming a

ising method to b the full iality of LLMs.

However, the underlying mechanism of how LLMs learn from the
provided context remain und plored. We aims to i ig:
the working mechanism of ICL from the perspective of
information flow by visualize the trend through layers for
several sliency score-based metrics, which can give us instruction
about how to improve the performance of utilizing ICL.

Through several experiments, we verify that not only for simple
tasks as illustrated in reference [1], while dealing with some
complicated tasks LLMs also maintain two hypothesis:
(1) Semantic information aggregates into label word

= Outline
1

i exampls dataset.
2. Implement ICL on GPT2-x], GPT-35, Qianwen-4B.
3, Plot of the trend through layers for three metrics.

ICL results examples

‘Task Description: Code refinement to automatically fix bugs in the code.
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representations during the shallow layers’ p:
(2) The consolidated information in label words serves as a
reference for LLMs’ final predictions.
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0s
o5 — S
B Task 1: Reasoning. According to question, perform multi-step mathematical reasoning. " Sw
Dataset: GSM-8K. 0 S
" Task ical code. According
enerate orresponding code solutions. Dataset: GSM-HARD. 0z / |
- Tun: Code translation. Migrate existing software sysum> to new mhnology AN
A
different languages. Datasct
TransOcean. LI T
- fix bugs of the code. Fig 1. Results on simple task [1]. Fig 2. Results on hard task (our task 4).
Dataset: Using GPT 4 10 automatically generate demonstration exampls dataset.
Task 5: Code i = Insights and conclusions
- " ‘c'\‘ 0. 1. rm simple task (e.g. the S,,, and 5, has through the

w Laycrs. For diffcult task (our tasks ure al clativly iore complicated). This may
{ndicate the the bt pesfomance of simple sk b 1CL. i o betier iformtion
eyl O i band, for the harder tasks, the weaker performance s from the more
implicit information flow. Also the similar trend of metrics indicatc that the ICL improvement
mhods in[1] can also b usd i e hader tsks

2. ICL works for larger models like GPT-35 and Qianwen-4b but not work for small model like
GPT2-x1. So the results of ICL are also decided by the LLM models.

3. There is a counterintuitive result that Qianwen-4b works better averagely than GPT-35 since
the later is a larger model. This may caused by limited size of the generated dataset but
remains (0 be further discussed.
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Other resul

Due to the page limit, the results of other tasks are conchuded as follows: task 1 is a easy
task such that the original model can work well; ICL works on task 2 for both models;
for difficul tasks including task 3, 5, ICL does not work. Task 6 lacks of dataset. To see
more results, you can refer to our report.

[1) Wang, Lean, ot al. "Label words aro anchors: An information flow perspoctiv for undarstanding in-

niext leaming.
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Paper writing



The Al Scientist Generates its First Peer-Reviewed Scientific Publication

Under review as a workshop paper at ICLR 2025

COMPOSITIONAL REGULARIZATION:
UNEXPECTED OBSTACLES IN ENHANCING NEURAL
NETWORK GENERALIZATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Neural networks excel in many tasks but often struggle with compositional gener-
alization—the ability to understand and generate novel combinations of familiar
components. This limitation hampers their performance on tasks requiring sys-
tematic reasoning beyond the training data. In this work, we introduce a training
method that incorporates an explicit compositional regularization term into the
loss function, aiming to encourage the network to develop compositional repre-
sentations. Contrary to our expectations, our experiments on synthetic arithmetic
expression datasets reveal that models trained with compositional regularization
do not achieve significant improvements in generalization to unseen combinations
compared to baseline models. Additionally, we find that increasing the complex-
ity of expressions exacerbates the models” difficulties, regardless of compositional
regularization. These findings highlight the challenges of enforcing compositional
structures in neural networks and suggest that such regularization may not be suf-
ficient to enhance compositional generalization.

https://sakana.ai/ai-scientist-first-publication/


https://sakana.ai/ai-scientist-first-publication/

Writing tips, poster and paper samples: one page

the tips in the following slides, plus past posters and papers, live on the course site

https://nlp-course-cuhksz.github.io/writing-tips.html

* A good paper reads like a film with no dull stretch: from abstract to concrete, less is more, motivation for every component.

* Do not try to sound smart; be concise; define every new term; be clear and specific; use fluent logic; consistent style (three-
line tables).

* Related work is not a shopping list: group papers by theme, draw conclusions, state the gap.
* Poster samples from past terms and the HuatuoGPT template; paper samples with arXiv + Hugging Face + GitHub.
* The 4-minute pitch: question, comparison figure, one failure, one limitation.

https://nlp-course-cuhksz.github.io/final-project.html



Tips of NLP report writing

—RIFSSORER, MRREE— RGNS, SERS



From abstract to concrete

e First give an general view and then detail it
e Do not first list all details

It is not happy for a reader to read mixed details without a general picture



Example

The architecture of our method is shown in Figure 1. We use the same clustering
method as in Cattan et al. (2021a) but revise the pairwise scorer. Our goal is to
improve the model’s ability to resolve coreferences between mention pairs that
are not lexically or contextually similar, but where one mention could be inferred
from the other using commonsense knowledge and reasoning. Thus, we develop
a commonsense inference engine (Sec 3.1) and use it to enhance the pairwise

scorer (Sec 3.2). Ravi et al (2023)

A standard way to achieve this is to have a paragraph at the top of a technical section describing the subcomponents at a high level
while referencing the specific subsection describing each in detail.

https://medium.com/@vered1986/tips-for-writing-nlp-papers-9¢729a2f9e 1f


https://aclanthology.org/2023.eacl-main.125/

Less IS more

RESEARCH

Ae B
PAPER

Ae > o B

What you tried (succeed or failed) does no matter
Just find a straightforward way to direct tell your main findings (instead of all important or unimportant findings)



Motivation for the whole paper

Sometimes | ask my students to write an independent section called motivation



Motivation for almost most components

3.2 Step 2: Construction of DAGs and Implementation of Random Walk

Tople DAG

Pa— Cxlculus

A
! Angle
1 [Ty
!
J | Combinations
!
/ T
L e

New Questions
Lindss
Algebas

Probabdiny ¥

Tegeranis

-

Why don’t we use some simpler structure. Why
DAG is necessary?

Knowledge Point DAG

o Random Walk .. » Random Walk from Toplc . Randem Walk
among Toplcs to Knowledge Potnts among Knowledge Potnts

Figure 2: Running Examples of Step2 and Step3.

After abstracting mathematical topics and knowledge points, we construct three Directed Acyclic
Graphs (DAGs):

* Topic-level DAG (T-DAG),

* Knowledge point-level DAG (KP-DAG), and

* A hybrid DAG that interconnects topics with their corresponding knowledge points (H-
DAG).

These graphical structures are depicted in Figure 2. Nodes in T-DAG symbolize mathematical topics.
whereas those in KP-DAG correspond to specific knowledge points. The edges in these DAGs
represent relationships between topics or knowledge points based on their co-occurrence within a
question.



Don’t try to sound smart

utilize or use ?

This is ok!



Be concise

we evaluated our method on 5 distinet datasets

5 datasets should be distinct in nature

we’re proposing a revel method

1. Of course, you’re not proposing an existing method
2. It is the reviewer’s duty to judge whether it is novel



Do not use a new term that was not explained

A bad example from one my phd:

Complementing our primary findings, we also delve into
comprehensive ablation studies, uncovering several non-
obvious insights pertinent to GPT-Instruct frameworks.

w | never see this term before, so please define it
and explain it. Otherwise just use the commonly-

used terms, use new term when it is necessary.




Be clear and specific

While these methodologies have proven effective, the
exploration space is inherently confined to manually
designed operations, which may impede the
generalization capabilities of LLMs to unfamiliar data or

— deafaina~

Exploration space for what? Readers do not know
what it refers to. Just ground every terms to a
concreate objects.

T

B8H leaves some space for imagination, but not for scientific writing in genel




Use fluent logics

While these methodologies have proven effective, the
exploration space is inherently confined to manually
designed operations, which may impede the

generalization capabilities of LLMs to unfamiliar data or
domains.

The logic why manually designed operations leads to generalization issue is missing
manual design is too labor expensive to have a large questions coverage.
A unsatisfied questions coverage impedes the generalization capabilities



Consistent style

tol = Usingle tol = ugouble
mu Rel. err | Time muv Rel. err | Time
trigmv 11034 | 1.3e-7 3.9 15846 | 2.7e-11 | 5.6
trig expmv | 21952 | 1.3e-7 6.2 | 31516 | 2.7e-11 | 8.8
trig.-block | 15883 | 5.2e-8 7.1 | 32023 | 1l.1e-11 | 1.4el
expleja 11180 | 8.0e-9 4.3 | 17348 | 1.5e-11 | 6.6
tol = Usingle tol = Udouble
muv Rel. err  Time mu Rel. err  Time
trigmv 11034  1.3e-7 3.9 15846 2.7e-11 5.6
trig.expmv 21952  1.3e-7 6.2 31516 2.7e-11 8.8
trig block 15883  5.2e-8 7.1 32023 1l.le-11 1.del
expleja 11180  8.0e-9 43 17348 1.5e-11 6.6

Three-line tables look better




Other tips

The paper needs to be self-contained

Don'’t repeat your point within the same section

Don’t write overly long sentences

Don’t oversell (be honest to the limitation)

The related work section is not a shopping list (Don't just list papers that are
related to yours. Try to group them according to their themes, draw
conclusions, and use them to emphasize the gap in the literature that your
work aims to address. )



Q&A

If you has questions about the final project, feel free to ask me.



https://lwww.youtube.com/watch?v=144_ zbEwz_w
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