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Announcements

•Exam: grades are out
•Talk to us if anything is wrong 

•Homework 3: due! 
•Bonus OH: tomorrow (Weds) 3:30-5:00 pm

•Project information: here 
https://pages.cs.wisc.edu/~fredsala/cs639/files/project_info_639.pdf

•Class outline:

Tuesday March 24 Reasoning I: More CoT

Thursday March 26 Reasoning II: RLVR
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Outline

•Review: Alignment and RLHF
•Basic alignment idea, goals, mechanisms, RL review, RLHF 
steps

•Reasoning: Back to Chain-of-Thought
•Reasoning intro, chain-of-thought for reasoning, 
generalizations, CoT challenges and functionality

•RL for Reasoning
•Notion of “verifiers”, using RL for reasoning rather than 
alignment
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Alignment: Basic Motivation

Goal: produce language model outputs that users like better…

•Challenge: Hard to specify exactly what this means

•We can do fine-tuning/instruction-tuning to make model 
more likely to produce certain outputs
•But we don’t necessarily know that these are “preferred” outputs
•Plus, the model may not produce desirable outputs more generally

Instead, let’s use feedback.

•Why? Easy to query users

•Not the only way to do alignment, but we’ll

focus on it---will lead to alignment via RLHF



RLHF: Setup

Goal: produce language model outputs that users like better…

•Will use Reinforcement Learning from Human Feedback

•Via RL with trained reward model (Ouyang et al ‘22)

Chip Huyen



RLHF: Feedback

First stage: get human feedback to train reward model

•Fix a set of prompts

•Produce multiple outputs for each prompt
•Can get them from the original model post-SFT, or otherwise

•Ask human users which is better
•Binary output
•Can do more, but don’t have to

• Rank more questions, get feedback, etc.



RLHF: Reward/Preference Model

Second stage: train reward model

•Use the human feedback to train/fine-tune another model to 
reproduce the preferences

•“Preference” model

•Why? Reward model can tell us, 

in general, how “liked” any input is.
•Use to tell how good outputs are

•Note: not generative!
• Input: token sequence
•Output: scalar reward value

https://huggingface.co/blog/rlhf



RLHF: Reward/Preference Model

Second stage: train reward model

•Use the human feedback to train/fine-tune another model to 
reproduce the preferences

•Mismatch between training data and what model produces
•Training data: pairs (x,yl), (x, yw)

•But the reward model produces just one value: r(x,y).
•So must somehow form an objective that makes r(x,y) consistent 

with the winning and losing pairs → softmax!
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•And can learn a reward model maximally consistent with our data



RLHF: Reward/Preference Model

Second stage: train reward model

•Bradley-Terry preference model (famous in social choice 
theory)
•Now we can relate winning and losing responses to scalar rewards
•And can learn a reward model maximally consistent with our data

•Actual training objective: log likelihood over our dataset,



RLHF: Reward/Preference Model

Note: we don’t have to always do this from scratch

•Pretrained reward models available (like in our FMs in 
general)

•Benchmarks for this: 

Lambert et al ‘24



RLHF: Fine-Tuning with RL

Third stage: RL

•Use an RL algorithm

•Goal: produce outputs that have high reward

RL formulation (see overview coming up for RL reminder!)

•Action space: all the tokens possible to output

•State space: all the sequences of tokens

•Reward function: the trained reward model

•Policy: the new version of the LM, taking in state and 
returning tokens

World

Agent

Actions
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Reinforcement Learning Review

We have an agent interacting with the world

•Agent receives a reward based on state of the world
•Goal: maximize reward / utility

World

Agent

Actions

Observations
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RL Review: Theoretical Model

Basic setup:
•Set of states, S

•Set of actions A

• Information: at time t, observe state st∈ S. Get reward rt
•Agent makes choice at∈ A. State changes to st+1, continue

Goal: find a map from states to actions maximize rewards.
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RL Review: Markov Decision Process (MDP)

The formal mathematical model:
•State set S. Initial state s0. Action set A

•State transition model:
•Markov assumption: transition probability only depends on st and at, and 

not previous actions or states. 

•Reward function: r(st)

•Policy:                            action to take at a particular state. 



RLHF: RL Approach

What approach for RL stage?

•Many deep RL methods available

•Policy gradient methods

•Popular: PPO (Proximal Policy 
Optimization)
•Main difference from vanilla policy 

gradient, you constrain change to 
policy at each step (Schulman et al)

World

Agent

Actions

Observations



RLHF Alternatives

•Direct preference optimization (DPO)
•Bypass separate trained reward model: just use preference 

information directly (Rafailov et al,‘23)
•How? Model a preference distribution from samples, integrate into 

a single loss (one-stage approach)

•Gradient step:



Break & Questions
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Reasoning

Perhaps the most exciting application of LLMs today:

•How do we get there? In some sense, mix CoT and RL
•CoT: more tokens to think through, RL: think better  



Starting Point: Chain-of-Thought

Performing complex reasoning is hard. Help the model:

Wei et al ‘22



Chain-of-Thought: Applications

Some things it can be used for:

• Math problems

• Commonsense 
reasoning

• Symbolic reasoning



Chain-of-Thought: Zero-Shot

No examples shown; encourage model to decompose
•Add to prompt: “Let’s think step by step” before each answer
•For answer extraction, add prompts like “Therefore, the 

answer (arabic numerals) is” (Kojima et al ‘23)



Chain-of-Thought: Few-Shot Examples

As before, we must choose few-shot examples. 
•More structured than simple semantic similarity
•Complexity-based prompting. 

• “[S]imply choose complex prompts over simple ones.”

•Prompting: include most steps. Ensembling: MV over set of 
most complex chains.

Fu et al ‘23



Chain-of-Thought: Generalizations

How do we really “reason”?
•Not really by sampling a bunch of chains…

Yao et al ‘23



Chain-of-Thought: Generalizations

Tree-of-thoughts basic idea:
•Notation: thoughts z1, z2, …, zn bridge x and y
•Comparison to other methods:

• Vanilla CoT: sample zi ~ pθ(zi | x, z1,…,zi-1), y ~ pθ(y | x, z1,…,zn)
• CoT Self-Consistency: sample multiple times, take majority vote

• Idea: create a state s=[x,z1,…,zn]
•Generate multiple candidates for next state

• Then run standard search (i.e., BFS, DFS, A*)

Drichel (Wiki)



Chain-of-Thought: Generalizations

Tree-of-thoughts key aspects:
•Thought decomposition: how big zs should be
•Thought generation: obtaining the next sample

• Try to avoid duplication

•State evaluation: How close are we to solution?
• Recall heuristics for search from CS 540

• Either use LM itself, or vote/weighted vote across solutions

•Search: BFS or DFS
• Or more advanced search methods

Drichel (Wiki)



Chain-of-Thought: Generalizations

Tree-of-thoughts example:



What Matters for CoT? Scale?

Do all language models exhibit CoT behavior?

A: No. Shows up only at certain sizes
• “Emergent behavior”

•Example: CoT does not help until ~10B

(Model: LaMDA, Dataset: Math)

Wei et al ‘23



What Matters for CoT? Correctness?

Does reasoning have to work in 
provided examples?

A: No. Invalid reasoning in CoT
still helps

•Versus no CoT

•What does matter
•Relevant steps (still bridge gap)
•Steps follow each other 

Wang et al ‘23



Zhang et al ‘23

What Matters for CoT? Human signal?

Do examples have to be manually crafted?

A: No. Auto-CoT: generate examples to be used

•Need diversity: first cluster, then sample from each 
cluster 



Break & Questions
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RL Outside of Alignment

•Let’s get back to building a good model-doesn’t need to be 
within the context of alignment
•This means we don’t have human preference data, but potentially 

something else

Where does RL fit in here?

•And what are the new reward models going to look like?

•One simple approach: “rewards” for just the correct answers
•But, unlike in the supervised case, not just one solution



Verifiers

•Suppose we have a way of determining an answer is correct
•Note: doesn’t mean a full generation has to be identical to a 

ground-truth answer.

This is especially useful for e.g., 

math problems



Verifiers 

•Note that verifiers don’t 
need to just be answer 
checks
•For example, we can write unit 

tests for code and use them 
for verification

•Plus, lots of these out there!
•As a result, much of RLVR is 

aimed at math and code



Thank You!
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