
Reasoning & RLVR

Slides by Chinmay Mittal, Afshine Amidi, 
Shervine Amidi



NLP Tasks: Till Now

Sentiment Analysis

Smells Amazing ! A perfect purchase ⇒ 

A decent purchase ⇒ 
Total waste of money ⇒ 

Named Entity Recognition

[India]Location  born [Sundar Pichai]Person is 
the CEO of [Google]Organization and its 
parent company [Alphabet]Organization

Machine Translation

Le match était génial ⇒ The match was awesome
La pandémie est terminée ⇒ The pandemic has ended

Language Tasks: Syntax & Semantics

- Meaning of Words
- Grammar
- Nuances of Language

Some “Reasoning” ….



NLP: Beyond Language

Who is the president of the US?

What is the capital for France ?

What is the currency of India ?

Albert buys 2 large pizzas and 2 small 
pizzas. A large pizza has 16 slices and a 
small pizza has 8 slices. If he eats it all, 
how many pieces does he eat that day?

World Knowledge

Numerical Reasoning

Please fill the following 4x4 Sudoku board:
_  _  _  3
_  4  _  _
_  _  3  2
_  _  _  _

Symbolic Reasoning & 
Planning

NL ⇒ General QA Interface



What is Reasoning ?

● Commonsense Reasoning

● Abductive Reasoning

● Spatial Reasoning

Vague ! 

● Propositional/ First-order Logic 

● Geometry

● Algebra

Extremely well defined (formal)! 



Why Reasoning ?

Understand the world

Reasoning

AGI
Planning

Learn from Experience

Interact with
the world 

Memory & 
Retrieval

GPT-5 will achieve AGI 

LLMs are stochastic parrots

Can LLMs Reason ? 

How to improve them ?

What are they good at ? 

What are they bad at ?



How good are LLMs (GPT-4) ?

● Write an essay on feminism better than an HSE (Engg) student
● What is the capital of France ?
● Compute the integral of x sin(x) from 0 to 2𝜋.
● Fill a random 9x9 Sudoku Board correctly with greater than 50% chance
● Given a shuffled deck of cards. I turn over cards until I reach the first Ace. I discard all these cards, and then 

turn over one more and place it face up. Which card are we more likely to see: the Ace of Diamonds, or the 
Queen of Clubs?

● Solve textual questions from JEE Advanced 2023 paper better than a 
student with 10K JEE rank

Source: Nicholas 
Carlini

Source: 
JEEBench

https://nicholas.carlini.com/writing/llm-forecast/
https://nicholas.carlini.com/writing/llm-forecast/
https://arxiv.org/abs/2305.15074
https://arxiv.org/abs/2305.15074


How good are LLMs (GPT-4) ?

● Write an essay on feminism better than an IIT Delhi student
● What is the capital of France ?
● Compute the integral of x sin(x) from 0 to 2𝜋.
● Fill a random 9x9 Sudoku Board correctly
● Given a shuffled deck of cards. I turn over cards until I reach the first Ace. I discard all these cards, and 

then turn over one more and place it face up. Which card are we more likely to see: the Ace of 
Diamonds, or the Queen of Clubs?

● Solve textual questions from JEE Advanced 2023 paper better better 
than a student with 10K JEE rank

Source: Nicholas 
Carlini

Source: 
JEEBench

https://nicholas.carlini.com/writing/llm-forecast/
https://nicholas.carlini.com/writing/llm-forecast/
https://arxiv.org/abs/2305.15074
https://arxiv.org/abs/2305.15074


Base LLMs Struggle At Reasoning

GSM8K

● IC learning does not work well

● Scaling models doesn’t help that much ! 

Task Emergence 
Scale

3 digit +/- 13 Billion

4-5 digit +/- 175 Billion
Emergent Abilities of Large Language Models, Wei et al., 2022

https://arxiv.org/abs/2206.07682


Why do LLMs struggle at reasoning ?

Finding patterns to solve this task with high accuracy
 eg.  number of clauses / number of variables < 4.3 → T
   (system-1 thinking)
    ≠

Knowing how to solve this task i.e. DPLL Algorithm
  (system-2 thinking)

Source: Rao@Twitter

- At scale, can LLMs learn to perform DPLL (current LLMs, probably not)?

- What are current LLMs doing ? (probably system-1)

- Architectures / Training Tasks for moving towards system-2 type thinking

Eg. Train an LLM for the following task: 
 (x1 v x2 v  x6 ) Λ (ᄀ x1 v x4 v  x3) Λ ( ᄀx3 v x1 v x7 ) → T/F

https://twitter.com/rao2z/status/1553082695852298240


Reasoning or Retrieval ?

● LLMs are trained on enormous amounts of text ~ few 100 Gbs.
● We have very little intuition about the kinds of things the LLM has seen
● You give an LLM a question and it solves it, but has it seen the question in some form or the 

other is very difficult to know.
● Hence it is difficult to tell whether the LLM has learnt the first principles of reasoning or is 

it performing approximate pattern matching and retrieval

ChatGPTIntegrate x sin(x) 
from 0 to 2𝜋.

What about all the books on calculus that 
ChatGPT has seen during training ?



Outline: How to improve LLMs at Reasoning

● Prompting Techniques

● Large Reasoning Models

● LLMs + Tools



Where does Standard Prompting Fail ?

● How do we think about these problems ?

○ Problem Understanding

○ Decomposition to Intermediate Steps

○ Solve Intermediate Steps to get Final Answer

Doing Multi Step Reasoning in a Single Pass is 
Challenging !

How do I get the model to do this ?



Chain of Thought Prompting

● Augment Exemplars with the Chain of Thought 

to get to the answer

● Chain of Thought is the sequence of 

intermediate reasoning steps

● LLMs learn to do Chain of Thought reasoning via 

in-context learning

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, Wei et al., 2022

https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903


CoT Intuition

Two tasks: Produce CoT like output & make 
sure the output is correct

In context exemplars guide the LLM to 
leverage pretraining data to produce CoT 
like output

LLM pre training essentially stores training data as a compressed index 
of some sort in their weights

In-context examples guide the LLM to retrieve relevant pre-
training data from the weights

Producing each token is much easier 
and can be done using pre-training data

LLM can produce more token for 
problems requiring more computation



CoT Intuition

● Instead of solving the problem in a single pass, the model produces 
multiple tokens

● While producing an intermediate sequence of tokens the LLM is doing a 
particular task for eg. numerical reasoning

● With scale, LLMs get better at all of these tasks and hence better at the 
overall task reaching the correct answer



CoT: Explainability



CoT: Wide Applicability

Arithmetic Reasoning Symbolic Reasoning CommonSense Reasoning



CoT: Huge Performance Gains

Emergent Ability !

Closed to SoTA !

Huge Gains on 
Challenging datasets !



CoT: Pros ?

● Variable Computation

● Explainability

● Wide Applicability

● No Training

● Huge Performance Gains



What have we achieved ?

Standard Prompting CoT prompting

Guide the LLM 
through IC learning  

to perform
explicit reasoning
 

Often Multiple ways to reach 
the answer !

What if LLM 
gets something 
wrong 



Decoding with LLMs: Greedy Decoding

The probability distribution 
predicted by the LLM is a way to 
explore diverse reasoning paths !

Question
+
Prompt



Self Consistency Decoding

Q: Janet’s ducks lay 16 eggs 
per day. She eats three for 
breakfast every morning 

and bakes muffins for her 
friends every day with four. 
She sells the remainder for 
$2 per egg. How much does 

she make every day?

PromptCoT LLM
This means she uses 3 + 4 = 7 eggs every 

day. She sells the remainder for $2 per 
egg, so in total she sells 7 * $2 = $14 per 

day. The answer is $14.

Greedy Decoding

She has 16 - 3 - 4 = 9 eggs left. So she makes $2 * 9 = 
$18 per day.               
The answer is 18

This means she she sells the remainder for $2 * (16 - 4 - 
3) = $26 per day.        
The answer is 26

She eats 3 for breakfast, so she has 16 - 3 = 13 left.
Then she bakes muffins, so she has 13 - 4 = 9 eggs left. 
So she has 9 eggs * $2 = $18.
The answer is 18

LLM

Temperature Sampling to sample 
Diverse Reasoning  Paths !SC

Marginalize out reasoning 
paths !

The 
answer is 

18

Aggregate 
Answers

Self-Consistency Improves Chain of Thought Reasoning in Language Models, Wei et al., 2022

https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171


Self Consistency 

Pros
● Simple and Effective

● No Training / Fine Tuning

● Model Calibration / Confidence

Cons
● Computation Cost

● Does not fix the inherent reasoning 

limitations of the LLM

GSM8K with PaLM- 540 B

GSM8K with LaMDA



Outline: How to improve LLMs at Reasoning

● Prompting Techniques

● Large Reasoning Models

● LLMs + Tools



Train an LLM that is a Natively Good Reasoner

● Current Status
○ Train using LM objective
○ Use inference time compute (CoT) for reasoning

● Idea
○ Train for CoT

● Challenge
○ Writing CoT on large scale very expensive
○ Also human CoTs may not be ideal for a model to train on

● Idea
○ Use RL (natural reward: whether you got correct answer or not)



Reward

● Reward Model
○ Not needed

● Reward
○ Reward for generating CoT

■ (generally special tokens like <think>, </think>, <answer>, </answer>, etc.
○ Reward for getting correct answer



Verifiable
Reward

Verifiable
Reward

PPO → GRPO



Mathematically



DeepSeek R1-Zero Performance



CoT Length



CoT Length



Solutions



Dr. GRPO Results



Other Modifications



DeepSeek R1 Recipe

● Train a Base Model: DeepSeek V3 Base
● Use RLVR with GRPO to get base reasoning model: DeepSeek R1-Zero

○ Issue: illegible/long CoTs, mixing language in CoT, syntax issues

● Generate CoT data using DeepSeek R1-Zero
○ Cold Start: Label / Rewrite CoT using human annotators (all CoT compliant)

● Start with DeepSeek V3 Base
● SFT on small-scale CoT data to train the model to generate good CoTs 
● Use RLVR with GRPO until convergence to get good reasoning model

○ Reward = formatting reward + accuracy reward + language consistency reward

● Transition to general purpose model
● Large Scale SFT over

○ ¾ reasoning (600K, rejection sampling, V3 judge) and ¼ general (200K IFT) queries
● Combine RLHF and RLVR using GRPO to polish the model



Aha Moment in DeepSeek Training



Are CoTs Faithful?

● Mostly No
● Some works say that random CoT also provides equally good results
● Gemini/OpenAI doesn’t expose them

○ Can be long and uninterpretable
○ Only provides CoT summary 
○ Continuous CoT (?)



DeepSeek R1 → DeepSeek-Distill

Goal: SFT on reasoning traces



Qwen3 Post-Training Pipeline



Thinking vs Non-Thinking: Graceful Degradation



Thinking Mode Fusion



Outline: How to improve LLMs at Reasoning

● Prompting Techniques

● Large Reasoning Models

● LLMs/LRMs + Tools



How to improve LLMs at Reasoning ?

Black Box LLM

I am GOOD at 

- Natural Language 
Understanding !
- Language Translation !
….

I am BAD at / costly for

- Maths
- Reasoning
….

External AgentLLM Modulo Frameworks

I do what I am good at, the agent does what it is good at 



Fixing Numerical Reasoning Mistakes

Ask a calculator to do this ! But How ? 

Training Verifiers to Solve Math Word Problems, Cobbe et al., 2021

https://arxiv.org/pdf/2110.14168.pdf
https://arxiv.org/pdf/2110.14168.pdf


Program Interpreters as Calculators

Programming 
Language

Reasoning 
Question

LLM

Output

Input

Leverage LLMs Code Writing Abilities ! 



Program Aided Language Models

CoT

PALLLMs can Think in Code ! 

Program Aided Language Models, Gao et al., 2022

https://arxiv.org/pdf/2211.10435.pdf


Offloading Reasoning to the Interpreter

Basic Calculation

Easier to Reason 
in Code

Looping & 
Conditionals

Natural Language Understanding

Some Reasoning



LLMs as Idea Generators !
“The way to get 
good ideas is to 
get lots of ideas, 
and throw the bad 
ones away.”

- Linus Pauling

Reasoning requires being creative !

Coding Assignment
building a neural network for question table 

answering

LLM

Idea - 1 Idea - 2 Idea - 3

Internet scale pre-training 
data

Idea - 123

Creativity ~ Hallucination

LLMs → Ideas → Verifier → Better Ideas !

Verifier guides model’s creativity to ensure 
correctness 



Bin Packing

● Given a set of blocks of different sizes and bins, 

decide which bin to place the block in

● Minimize the total number of bins used

● Practical Eg: Job Scheduling on clusters

● Combinatorial Optimization: NP Hard

● Online Setting → Heuristics



FunSearch Set up: Online Bin Packing as a Program

Use LLMs to discover new heuristics 
and evaluate these !



FunSearch

Program Database

Prompt

LLM

Evaluation

New Program

LLM guided genetic algorithm 
for search in function space !

FunSearch: Making new discoveries in mathematical sciences using Large Language Models

Use a cheap LLM and scale 
in an asynchronous and 
distributed manner !

https://deepmind.google/discover/blog/funsearch-making-new-discoveries-in-mathematical-sciences-using-large-language-models/


FunSearch Results



FunSearch Results



Geometry: Classical AI approach

Represent problems 
Symbolically

Perform Search

● cyclic(E,A,D,H) → ∠EAH = ∠EDH
● X = eqtriangle(B, C) → ∠XBC = 60

….

Construction lead to 

large branching factors

LLMs can suggest constructions to guide 
search



AlphaGeometry

AlphaGeometry: An Olympiad-level AI system 
for geometry

https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/
https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/
https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/
https://deepmind.google/discover/blog/alphageometry-an-olympiad-level-ai-system-for-geometry/


AlphaGeometry Results



Conclusion: LLMs for Reasoning

● Prompting Techniques (LLMs as Reasoners)
○ CoT
○ SC
○ There are many others

● Large Reasoning Models (LLMs as better reasoners)
○ RVLR based on CoT and RL

● LLMs/LRMs + Tools (LLMs not as reasoners)
○ PAL
○ LLMs as Idea Generators
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