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A University-level Platform Institute for AI research

• Conduct fundamental and applied research in AI

• Bring together faculty and domain experts involved in AI 
research  

• Engage with industry and university partners for research 
collaborations

• Provide hands-on AI research and AI entrepreneurship 
opportunities for the NUS student community

Vision: To Be a Global Node of AI Thought Leadership

Established: 25 March 2024
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Established on 25 March 2024, the NUS Artificial Intelligence Institute (NAII) is a platform institute that brings together AI researchers across 

the whole of NUS. It encompasses basic and applied research in AI, along with research into the societal implications of AI. The foundational 

research, combined with deep domain expertise, aims to harness AI for the public good. 

AI Hardware/Software Systems

AI Theory

Responsible and Safe AI

Reasoning AI

Resource-efficient AI

AI Governance and Policy

Healthcare and Human Potential

Logistics, Manufacturing, and Robotics

Finance and Economy

Urban Sustainability

Science

Education, Humanities, and Social Sciences

AI + X

Foundational AI: Overseen by leading experts from School
of Computing, this thrust covers basic research in
foundations of AI including theory and systems as well as

building statistical models, foundational models,
inferencing models, and generative models.

AI Governance and Policy: Overseen by a prominent Law faculty, this 
thrust draws on diverse bodies of scholarship to examine the actual and 
potential impact (positive and negative) of AI.

Over 270 faculty members are actively working in diverse and high-impact areas in AI research across NUS

AI+ X: Overseen by leading domain experts from across NUS
and AI experts from School of Computing, these domains
reflect key strengths of NUS and societal concerns where AI
can have a significant impact.

Vision To be a Global Node of AI Thought Leadership

Mission To establish a novel AI ecosystem that focuses on research excellence
that empowers individuals, communities, and businesses, and fosters
entrepreneurship, for the public good in Singapore and in the World

Foundational AI Research

drives Applications

Applications drive 

Foundational AI Research

URL for full member list
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Vibrant Intellectual Environment
To empower individuals, communities, 
and businesses
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Undergraduate Students Graduate Students

General Public CommunitiesPolicy Makers

Universities

Industry

Agencies & Non-profits

Overseas/Singaporean 
Researchers

Academic Collaboration

AI for Public Good

Research 
Collaboration

Hands-on AI Research AI Entrepreneurship

Joint 
Development

Informing Policy w Evidence Empower w Knowledge

DonorsFunding Agencies

Funding Support

Foundational AI Research AI + X Research
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The Long Road to Agentic AI
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Can Machines Think?

Answer: Check whether machines perform 
as well as human in conversations
Useful whenever we want to ask whether machines are good 
enough, e.g. to deploy as agents
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Artificial Intelligence

We propose that a 2-month, 10-man 
study of artificial intelligence 
be carried out during the summer 
of 1956 at Dartmouth College in 
Hanover, New Hampshire. The study 
is to proceed on the basis of the 
conjecture that every aspect of 
learning or any other feature of 
intelligence can in principle be 
so precisely described that a 
machine can be made to simulate 
it. An attempt will be made to 
find how to make machines use 
language, form abstractions and 
concepts, solve kinds of problems 
now reserved for humans, and 
improve themselves. We think that 
a significant advance can be made 
in one or more of these problems 
if a carefully selected group of 
scientists work on it together for 
a summer.

Image from 
Wikipedia 7
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AI Winters

Image 
generated by 
ChatGPT
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Deep Blue versus 
Garry Kasparov

• The ability to play chess 
was initially considered as 
the hallmark of intelligence.

• Deep Blue defeated 
Kasparov in 1997 … large 
amounts of computation is 
enough for this

Images from 
Wikipedia
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DARPA Grand Challenge

• In 2005, five vehicles 
successfully drove 
212 km across the 
desert in the DARPA 
Grand Challenge
• Race won by Stanley 

from Stanford 
(shown on left)

Image from 
Wikipedia

• After about 20 years, we are 
starting to see self-driving taxis in 
our cities (around Level 4)
• Substantial amount of mapping and 

perception data collected
• Careful engineering

Description from Wikipedia, image by ChatGPT
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• By 2010s, enough data and compute became available 
for neural networks to outperform other methods on 
many tasks

• Rebranded as deep learning and actually useful to go 
deep

• Sequential in addition to parallel computation

• In 2017, the transformer architecture was introduced 
and is currently the dominant deep learning 
architecture

Neural Networks Makes a Comeback …

AlexNet outperformed
other methods in the 
2012 ImageNet 
competition by more 
than 10%

Image from 
Wikipedia
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AlphaGo versus Lee Sedol

Go is a much harder game and 
AlphaGo, which combines deep 
learning with Monte Carlo tree 
search, finally defeated the top 
players around 2016, notably 
Lee Sedol

Large amounts of data from 
self-play

versus

Images from 
Wikipedia
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AlphaFold

• Fifty-year biology grand 
challenge: Determine the 
structure of protein from its 
amino acid sequence

• AlphaFold obtained 
breakthrough performances at 
Critical Assessment of protein 
Structure Prediction (CASP)
• Trained on ~170,000 protein 

structures
• Attention-based neural network

• Led to Nobel Prize for Demis 
Hassabis and John Jumper

Images from https://deepmind.google/blog/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology/
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Foundation Models

This Photo by Unknown Author is licensed under CC BY

This Photo by Unknown Author is licensed under CC BY-
SA

Traditional AI 
designed to work
in restricted domains

Go World

Foundation models
trained on whole
WWW

Open 
World
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Foundation Models Unlock Capabilities to Handle 
Language Ambiguity through Common Sense Reasoning

• Ambiguity was a central problem in natural language processing

• Commonsense reasoning refers to human-like ability to make reasonable 
assumptions in ordinary situations typically encountered by humans.

• By 2019, LLMs achieve higher than 90% accuracy on Winograd Schema benchmarks
15
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ChatGPT

Killer app: Chatbot that is 
able to

• Answer questions

• Compose emails

• Make travel plans

• Summarize text

• Chatbot

• Write code

• Prove theorems

• …

16
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Exploiting Common Sense World 
Knowledge of Foundation Models
Large Language Models as Commonsense Knowledge for Large-Scale Task Planning, 
Zirui Zhao, Wee Sun Lee and David Hsu, NeurIPS 2023

Which method should 
we use?

17
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Exploiting Common Sense World 
Knowledge of Foundation Models
Large Language Models as Commonsense Knowledge for Large-Scale Task Planning, 
Zirui Zhao, Wee Sun Lee and David Hsu, NeurIPS 2023

Which method should 
we use?

Use both!
• Build a tree search harness:

• Commonsense world model for 
observations: Likely to see fridge, 
pantry, etc. in the kitchen

• Commonsense policy to limit 
actions and reduce branching: Go to 
kitchen but not bathroom for fruit

18
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Reasoning Models

• Progress appears to slow in 2024

• Then OpenAI released reasoning 
models that spend time thinking by 
generating a Chain of Thought (CoT) 
before answering

• For some problems, reasoning 
before answering substantially 
improves performance
• Reasoning before taking action usually 

done in agentic AI systems

• Can be substantially more expensive 
computationally at inference time

19
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Reinforcement learning fine-tuning 
strategy for LLM reasoning 

1. Collect dataset of reasoning 
problems.

2. Annotate chain of thought (CoT) 
for dataset. 
• Verbalize out execution of the 

reasoning method step-by-step in CoT.

3. Do supervised fine-tuning (SFT).

4. Refine with reinforcement learning 
(RL).

Figure from https://deepmind.google/discover/blog/advanced-version-of-
gemini-with-deep-think-officially-achieves-gold-medal-standard-at-the-
international-mathematical-olympiad/

Recipe for Reasoning Models

• AlphaGeometry and AlphaProof
translate IMO problems into formal 
problems then use search methods 
for Silver medal in 2024.

• Google’s Gemini Deep Think achieved gold medal at IMO 2025 using reasoning model in natural language.

Image from 
Wikipedia
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Improving Search with Reasoning Models
LinTree: Improving LLM Reasoning with Explicitly Structured Search Histories, Liwei Kang, Yee 
Whye Teh, Wee Sun Lee, arXiv:2605.31492.

• AI performance in International Mathematical Olympiad
• Silver in 2024 by translating natural language problem to formal mathematics and 

solving with tool (likely by doing search) 
• Gold in 2025 using reasoning model in natural language.

• Can we use reasoning model techniques to improve problem solving 
within a tool?
• E.g. for tree search, can linearize the tree into a chain and use reasoning model to 

generate the chain
21
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Improving Search with Reasoning Models
LinTree: Improving LLM Reasoning with Explicitly Structured Search Histories, Liwei Kang, Yee 
Whye Teh, Wee Sun Lee, arXiv:2605.31492.

• Reasoning models generates the chain of 
thought instead of using an external 
scaffolding to do tree search 
• But can always linearize the tree into a chain 

and use reasoning model

• Is there advantage in using chain instead of  
tree for more formal search problems? Yes!
• In tree search, next action conditioned only on 

current node
• In CoT, next action conditioned on everything 

previously generated – can avoid 
neighbourhoods of states previously 
generated and deemed not promising

• Reasoning model: around same success as 
tree search, at around 85% of effort
• Caveat: need to encode the tree structure in 

CoT

22
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Hallucination and Non-Hackable 
Confidence Reward
On the effectiveness of reward functions in reinforcement learning for confidence calibration of 
large language models, Chee Heng Tan, Zhuoyi Lin, Mehul Motani, Wee Sun Lee, arXiv:2607.04332.

• Hallucination remains a problem

• One approach is to ask the model to generate its confidence 𝑐 alongside 
the answer 𝑎. 

• Goal: Use reinforcement learning. Natural reward components include
• Indicator function of correctness: 𝑅1 𝑎 = 𝐼𝑠𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑎 with 𝐸[𝑅1 𝑎 ] = 𝑝
• Log likelihood, which is known to be calibrated when expected value maximized: 

• 𝑅2 𝑎, 𝑐 = 𝑖𝑠𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑎 log 𝑐 + 1 − 𝑖𝑠𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑎 log(1 − 𝑐)) with

• 𝐸 𝑅2 𝑎, 𝑐 = 𝑝 log 𝑐 + 1 − 𝑝 log(1 − 𝑐) maximized at 𝑐 = 𝑝

• Natural method is to sum two reward functions: 𝐿𝑜𝑔 − 1 𝑎, 𝑐 = 𝑅1 𝑎 + 𝑅2 𝑎, 𝑐

𝐸[𝑅1 𝑎 ]+ 𝐸 𝑅2 𝑎, 𝑐

𝑐

Plot expected 
reward assuming 
calibrated, 𝑐 = 𝑝

23
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Hallucination and Non-Hackable 
Confidence Reward
On the effectiveness of reward functions in reinforcement learning for confidence calibration of 
large language models, Chee Heng Tan, Zhuoyi Lin, Mehul Motani, Wee Sun Lee, arXiv:2607.04332.

Non-Hackable Confidence Reward Scheme

1. Interpretability: 𝑓(𝑐) increasing on (0,1) and 
𝑔 𝑐 decreasing on (0,1)

2. Proper Scoring: Let

𝑅 𝑐, 𝑝 = 𝑝𝑓 𝑐 + 1 − 𝑝 𝑔(𝑐).

For all 𝑝 ∈ (0,1), 

𝑝 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝑅(𝑐, 𝑝)

3. Best Effort: Let 𝑅𝑚𝑎𝑥(𝑐) = 𝑅(𝑐, 𝑐).

Then 𝑅𝑚𝑎𝑥(𝑐) is increasing on (0,1)

Theorem: Non-Hackable Confidence over (𝑎, 𝑏) if

1. Exists ℎ(𝑐) such that 

ℎ 𝑐 =
𝑓′(𝑐)

𝑐−1
=

𝑔′(𝑐)

𝑐

2. ℎ 𝑐 < 0

3. 𝑓 𝑎+ ≥ 𝑔 𝑎+

Can construct many schemes with different trade-
offs when resources are limited

24
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Agentic AI

• Agents act autonomously
in the environment to help 
achieve user’s goal

• LLM by itself insufficient
• Need tools to carry out actions
• Need to update memory after observation

• But in multiple domains, LLMs now trained to be good 
enough to

• Use tools effectively, both known tools and unknown tools by 
reading the tool descriptions

• Be effectively steered using general guidelines in system 
prompts and procedurally through skill prompts 

• Understand tool descriptions, skills, etc. in natural language!

• In some digital environments, e.g. for software 
engineering

• Harnesses now provide complete tools
• LLM reasoning is now good enough that human level 

performance can be achieved with the help of steering and 
tools from a good harness

• E.g. > 80% of code in Anthropic authored by Claude (May 2026)

25
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Agentic AI

• Is this a good time to build agents 
for your area?
• Going forward, expect rapid progress 

for environments where
• Complete tools can be provided
• Enough data available to train capable 

AI reasoners, so that steering them 
through prompts is effective

• For some environments, e.g. physical 
environments, not yet clear how to 
get enough data
• How to make progress in these 

domains?

• Lots of research on reasoning, 
memory, reliability, efficiency/cost, 
etc.
• Expect rapid progress
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