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LLMs are Ubiquitous

LLMs are Ubiquitous
Coding assistants
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What is Reasoning?

What is Reasoning?

Task-1: Paris is the capital of ______

Task-2: If Alice is taller than Bob and Bob is taller than Carol, 

who is shortest?

The ability to draw new, consistent conclusions from known 

facts: going beyond simple recall or pattern -matching
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Types of Reasoning
Deduction (apply a rule):
ÅRule: All robins are birds

ÅFact 1: The animal is a robin

ÅFact 2 (deduced): The animal is a bird

Abduction (guess the case):
ÅRule: If an animal is a robin, then it is a bird

ÅFact 2: The animal is a bird

ÅFact 1 (abduced): This animal might be a robin

Induction (learn the rule):
ÅFact 1: Animal A is a robin and is a bird

ÅFact 1ô:Animal B is a robin and is a bird

ÅRule (induced): All robins are birds

Deduction applies rules

Abduction guesses causes

Induction discovers rules

Deduction gives certainty

Abduction gives plausible 

guess

Induction gives probability
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ÿɐǱǍʳẏɾ ÿǍȺȶ

üReasoning

üChain -of -Thought reasoning

üTest-time scaling

ü Intro to Tools and Agentic Reasoning

üEvaluation

üEfficient deployment and inference optimization
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ğțǍʌ ẌɳǍɾʌẍ ɃɐǱǸɶɅ ɶǸǍɾɐɅȡɅȓ 
looked like?

Clarke et. al, From 'F' to 'A' on the N.Y. Regents Science Exams: An Overview of the Aristo Project, AI Magazine 2020 

Which object in our solar system reflects 

light  and is a satellite that orbits around 

one planet?

(A) Moon (B) Earth (C) Mercury (D) Sun
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ğțǍʌ ẌɳǍɾʌẍ ɃɐǱǸɶɅ ɶǸǍɾɐɅȡɅȓ 
looked like?

Select a small, coherent set of OpenIEtuples that jointly 
connect the question to exactly one answer option.

Decision variables 

(all binary)

x_q {ɴ0,1} Ques term q participates in reasoning

x_t {ɴ0,1} Tuple t is selected

x_f {ɴ0,1} Tuple field (subj / pred / obj) is used

x_a {ɴ0,1} Answer option a is selected

x_e {ɴ0,1} Alignment edge (q f or f a) is used

Objective

Prefer strong alignments and good 

coverage of important question terms
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ğțǍʌ ẌɳǍɾʌẍ ɃɐǱǸɶɅ ɶǸǍɾɐɅȡɅȓ 
looked like?

Select a small, coherent set of OpenIEtuples that jointly 
connect the question to exactly one answer option.

For answer Moon, the ILP selects:
ÅActive answer:

Å x (Moon) = 1
ÅActive tuples:

Å x áÿĜâý®ýØ(Moon reflects light)
Å x áÿĞâý®ýØ(Moon orbits one planet)

ÅActive alignments:
Å reflects ßó¥|Ár[ÿ¥áÿĜâ
Å orbits ßó¥|Ár[ÿ¥áÿĞâ
Å planet ÒiÆ¥rÿáÿĞâ
Å öćiÆ¥rÿáÿĜâyýöćiÆ¥rÿáÿĞâýMoon

Why other answers lose
ÅEarthxý¿[öýíÒóiÁÿöîyýićÿýÎÒýÿćßÈ¥ýöćßßÒóÿÁÎ·ýíó¥²È¥rÿöý
ÈÁ·¿ÿî
ÅSun: reflects light? no; orbits one planet? no
ÅMercury: incomplete coverage
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Climbing the ladder from statistical methods 
to Transformer based architectures for Reasoning

Clarke et. al, From 'F' to 'A' on the N.Y. Regents Science Exams: An Overview of the Aristo Project, AI Magazine 2020 
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Language models kept getting BIGGER!
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ñEmergenceò in LLMs
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ñEmergence is when quantitative changes in a system 

result in qualitative changes in behavior.ò

- Philip Anderson, 1972

For LLMs, ñan ability is emergent if it is not present in 

smaller models but is present in larger models.ò
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Caveat Emptor: Emergence requires Scale

21
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Reasoning Algorithms to Reasoning Models
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Why Large Reasoning Models (LRMs)?

Why Large Reasoning Models (LRMs)?

Problem solved??



26

Open Challenges: Cost  Sustainability

Open Challenges: Cost & Sustainability

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)



26

Open Challenges: Cost  Sustainability

Open Challenges: Cost & Sustainability

Rising costs: Training costs are 

doubling every 9 months

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)



Rising costs: Training costs are 

doubling every 9 months

doubling every 4-5 months 26

Open Challenges: Cost  Sustainability

Open Challenges: Cost & Sustainability

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)



Rising costs: Training costs are 

doubling every 9 months

doubling every 4-5 months 26

Open Challenges: Cost  Sustainability

Open Challenges: Cost & Sustainability

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)

Most costs come from inference



Rising costs: Training costs are 

doubling every 9 months

doubling every 4-5 months 26

Open Challenges: Cost  Sustainability

Open Challenges: Cost & Sustainability

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)

Most costs come from inference

OpenAI O3 costs ~1000 USD per task 

on certain benchmarks 
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Towards ñReliableò LLM Reasoning
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¢ƻŘŀȅΩǎ ¢ŀƭƪ

ÿɐǱǍʳẏɾ ÿǍȺȶ

ü

üChain -of -Thought reasoning

ü

ü
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Where did it all start?



Letôs think step by step!

32
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Abrakadabra vs. Letôs think step by step

35
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CoT and token probabilities

CoT and token probabilities

41

Reasoning paths naturally exist within pre -trained 

LLMs but obscured by greedy decoding
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CoT and token probabilities

CoT and token probabilities

42

Answer confidence dramatically increases when the 

sample hits a proper CoT path
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Making CoT Faithful via Code

46
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ü

üTest-time scaling
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quality.

Multi -query methods: 

High quality, expensive.
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52

Let the model generate 
multiple answers and the 
answer that is generated most 
often will be the final answer.

The bigger the N, the
bigger the performance
Boost (test-time scaling)

Simplest possible way to improve through test time scaling
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The current landscape of Reasoning Algorithms
Self -refine: refinement through own feedback

54

Compared to self-consistency, we change the prompt iteratively



The current landscape of Reasoning Algorithms
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There are two types of verifiers that we will explore:

ǒ Outcome Reward Models (ORM)

ǒ Process Reward Models (PRM)
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A slightly deeper -dive
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Combining ORM & PRM

(weighted Best-of-N)



An example: Tree -of -Thoughts ( ToT)

62
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ü Intro to Tools and Agentic Reasoning

ü
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