Lecture 16: More on Reinforcement Learning
from Human Feedback (RLHF)
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Recall: Pretraining / finetuning paradigm

Step 1: Pretrain (on language modeling) Step 2: Finetune (on your task)
Lots of text; learn general things! Not many labels; adapt to the task!
goes to make tasty tea END @/@

Iroh  goes to make tasty tea ... the movie was ...
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Supervised fine-tuning (SFT) - aka imitation learning!

e We have (s,a) pairs, where s is a prompt and a is a generation
corresponding to that prompt (consisting of several tokes

e These are taken from already existing data (eg internet docs, QA, solved
problems...)

e Train a policy ms that maximizes the likelihood of the observed data:

la|
1
m E log 7T9<ak‘87 az’<k)
k=1

Jsft(e) — E(s,a)fvpsft

Training is done by gradient ascent

e Aka teacher forcing
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Better version: Rejection sampling (aka Best-of-N)

Batch of N generated completions
passed through reward model

Best of N sampling Outputs are scored
Policy Language Model Lorem ipsum f Reward (Preference) 7 :Jesse I;(;?e 1S toK
o & sit amet, con Model p
Single Input prompt b4 J\ adipiscing elit ~
/) AR
> @ t>’ X N\ Donec quam a '\ @
4 Ox;\, < @< - &
45 ;\ B vulputate egel % ® 79 |
[N j 4 :)) / Nam quam nd > 5
P eros faucibus 9 © =
—& (
» . luctus pulvinai,_ )\\ J
\ y, A

e Generate N answers from the model, reinforce the correct/top one(s)
e Train a policy ms that maximizes the likelihood of the top data:

_ o -
1
<]rft<9) — ESNPsft,aNWSft(-|S) mlais at the top E log 7-‘-9(&]€|37 ai<k)
k=1

Training is done by gradient ascent
e Online rejection sampling finetuning: a ~ 7y instead of a ~ 7
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Recall: Data is criticallll

Composition of the Pile by Category

= Academic * Internet = Prose * Dialogue * Misc

Bibliotik

Pile-CC

PubMed Central ArXiv
StackExchange
PMA
FreeLaw USPTO h|| NIH |OpenWebText2 Wikipedia DM Math
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Model Training Data

BERT  BookCorpus, English
Wikipedia

GPT-1  BookCorpus

GPT-3 A CommonCrawl, WebText,
English Wikipedia, and 2
book databases (“Books 1”
and “Books 2”)

GPT- Undisclosed

3.5+




RL comes typically after SFT

Language model we are
training

Next prompt

P

Some notation:

S; . state
A+ t

1 : reward
a; : action
as ~ mg(se) : policy

/

reward model & other
infrastructure

Completion to prompt
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RLHF training phases

base model (instruction, helpful, chatty etc.)

Output
Probabilities

Add & Norm
Feed
Forward
J

((Add & Norm Je~

ANt Mult-Head
Attention
Nx
((Add & Norm Je~
Nx
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
it 4 t
. _ )
Positional A Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs QOutputs

(shifted right)
Vaswani et al. 2017
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preference collection & training

Playground task @
Talk to the
assistant

Task 1ol

Decide on atask you'd lie
the assistant to help with
and enter it into the task
box. Interact with the Al
assistant. When you're
fiished, select a final
response from the assistant
andleave a comment on
how the assitant did in the.
comment box. Click to go to
the next task.

Next Task

1fyou want to go even deeper, | think phlosophy of language would
a

RL optimization

~ Agent
mo(-)

/ Q¢

arder time comprehending and reflecting on the world around us.




Recall: Deep RL from Human Feedback (Christiano et

predicted
rewa rd/

RL algorithm

al, 2017)

reward predictor

j observak

human

feedback

<«

»
>

action

environment

e People provide a preference among two choices

e Assuming there is a latent variable explaining the choice, reward is fit
using maximum likelihood (Bradley-Terry model)

e Cf. https://arxiv.org/pdf/1706.03741.pdf
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RLHF early attempts

© Collect human feedback © Train reward model © Train policy with PPO
- -
Summarization - N
sampled from two summaries sampled from the
the Reddit judged by a dataset.
TL;DR dataset. human are fed
to the reward 1
odel. |
" o =0
l l !
The policy n
Various policies ‘ - The reward generates a @
sed 1 == odel summary for the
as’a?nl:ale a :el of 1 | o—— 1= g‘alcuiales a ( post. (]
summaries. 1 reward r for
each summary. \L F,
! l l l '
Two summaries
are selected for \
evaluation. o G r‘ r»_ i
’ Theloss is [ J The reward
calculated based model calculates
e o
and human label, | = log(ofr - r.)) u -
summary of the and is used to 0ss g(ofr,-r,
post. updalle the
1 reward model. T The mwal:(;s
used to update
the policy via
“j is better than k" 4 is better than k™ PPO. v
“ -
Three pigs defend themselves
from a mean wolf”’ Figure 2: Diagram of our human feedback, reward model training, and policy training procedure.

Stiennon, Nisan, et al. "Learning to summarize with human feedback." 2020.
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Model structure

starting point: a base instruction-tuned language model

input:

prompt+completion
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- @ {rﬂ . [ > base LLM with new final layer
=5 — = c |l o
o - I g THe =
N R g /
Q@ 3 S
L £l £l
p
< > M > > 3
2o [3o rzéz& zE|3] |7.[B go output:
E5 —{Esho—tre £ 2hemee 2l Bl 55
a5 |gg é lLagg gl 15 (Bl |5 =lE =2 scalar rewards
2 @ 2o |3 23 3 o
£5 z
@ L .
The Transformer - Vaswani et al. 2017



Training a reward model

m o
INnput pair: S ) )
_ T | ( g
selected prompt 3 _|z3 ? h’#; 3 .
- & o= 5 3|l g
+completion 3 LEE|8 2
L El C]
H 4
rejected prompt = 0 MR = n
: =0 |3, (1z2=1E UlzElE |24l So tout:
+completion &5 _{i5lo g 2 Efl=L g 2=l A< 7l 55 . output:
= Q c 502 @ = =c
g7 8”é ngg‘l% SEGI 1S 1 =5 scalar rewards
m o
>0 N\ - -
g ~ loss: increase difference
= § of predicted reward

The Transformer - Vaswani et al. 2017
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Bradely-Terry reward model

e Collect data from human raters (pairs of ¥, y; responses to a prompt
x)

e Optimize the expected value of:

—log(o(re(x, Yuw) — rel(x,v1)))

wrt reward parameter vector 6
e Cf. Ouyang et al, InstructGPT

e Corresponds to maximum likelihood fitting of binomial preference
function if reward is linear over the variables
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Evaluating the reward model

Evaluate RM on predicting outcome of held-out human judgments
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Ensemble of humans
Large enough RM

§0'80' trained on enough
I e ~ data approaching
(6] 64k .
O 32k single human perf
© -t 16k

8k
8 Data
2
®©
9
o
>

0.60 . .
108 109 1070

Model size [Stiennon et al., 2020]
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RLHF finetuning

Prompts Dataset

x: A dog is...

4 N\ /" Tuned Language )
Initial Language Model Model (RL Policy)

Reinforcement Learning
Update (e.g. PPO)

S0 0+ VeJ(9)

N
o) RLHF ®®®® Reward (Preference)
Base Text 00 ®® Tuned Text ®®®®
y: a furry mammal y: man’s best friend >
\_ J \\ Z J

I \

— kL Dk (mppo (y]2) || Thase (y]))
KL prediction shift penalty
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PPO for RLHF

Reference
Model

Reward
Model

Value
Model

e Train a policy my that maximizes advantage:

7T9(%|8 az<k)

Jppo(0) = Esvpig anm, old (1) |a| Z Id(akls:ai<k)
O (2

where A; is the advantage function

e Reward function uses a penalty per token for straying from reference

policy: 7y = 14(s,a<¢) — Blog éit((czllsjajt))

e Value function/advantage needs to be estimated!
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GRPO (DeepSeek, 2025)

( )
Reference
Model

PPO
Reward
@_{ Policy | Model
Lloge] Value | -
Model v

N\

GRPO KL T
Reference - p

Model 1 1

Policy 0, Reward Ty Group A,

Model . Model — Computation —

OG rG A G

Instead of estimating value, use a group (non-parametric approach)
Notation: ¢ = s,0=a
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GRPO Objective (DeepSeek, 2025)

e Generate G answers and estimate their reward (no regularization towards
reference policy)

e Compute a normalized advantage based on the mean r; and standard
deviation of the rewards:

~ Tit — Tt

A =

std(ri4,...7Gt)

e GRPO objective - very similar to PPO!

|a;]

Z 779<ak:|3 afz'<k)

7o |d(a/<;|8 a'z<k)

Ai,t - /BDKL(T(-97 7"90|d)

‘]GRPO(Q) — ESNPSft’aiNW90|d('|S)’izl Z

|az
e Dy is also estimated a bit differently (cf Shulman et al, 2020):

o |d(ak:\8 Gi<k) o 7T@O|d(ak|37ai<k:)

—1
W@(ak‘sa az<k) 7T«9(ak|3>ai<k)

Dk (7o, To,y) =
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The Advantage of RL over SFT (DeepSeek, 2025)

—— RFT — Online RFT GRPO+OS —— GRPO+PS
GSMSEK MATH
66 A
64 A 307
~ ~
&\0/ 62 \/\/\/ §29
3 3
< 60 <C 28 -
58 1 27
56 B T T T T T T T T T
0 2000 4000 6000 8000 0 2000 4000 6000 8000
Steps Steps
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tile (%)

DeepSeek Overall Results (DeepSeek, 2025)

DeepSeek-R1-Zero AIME accuracy during training

w#4 DeepSeek-R1 OpenAl-01-1217 DeepSeek-R1-32B OpenAl-ol-mini DeepSeek-V3

N

—&— rl-zero-pass@1
—8— rl-zero-cons@16
0.2 1 —==- 01-0912-pass@1

=== 01-0912-cons @64

IME 2024 odef QA Diamond AMATH-500 MMLU S bench Verified 6 20‘00 40'00 60I00 80‘00

(Perce (Pass@1) (Passi ed) Steps
SOTA results back in January 2025
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Direct Preference Optimization

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
g iy label rewards iy
- : > —> reward model LM policy t_zg > —>  finalLM
® \/ ]
preference data maximum sample completions preferencedata ..
likelihood reinforcement learning likelihood

Vo Lppo(Te; Trer) =

- BE(m,yw,yl)N'D|: o(Fo(, y1) — 7o (2, Yuw)) [Ye log m(yw | ) — Vologm(y: | x) H,

g

higher weight when reward estimate is wrong increase likelihood of y,,  decrease likelihood of y;

. _ o (y|z)
T@(ma y) = Blog Teet (y[2)

* You can replace the complex RL part with a very simple weighted MLE objective

e QOther variants (KTO, IPO) now emerging too [Rafailov+ 2023]

COMP579, Lecture 16 19



Learning with non-transitive preferences: NashLLM

e Objective:find a policy 7* which is preferred over any other policy

. /
7 = argmax min P(7" < )
7T 7'("

e Think of this as a game: one player picks 7 the other picks 7’
e When both players use 7* this is a Nash equilibrium for the game

e For this game an equilibrium exists (even if eg preferences are not
transitive)

e Cf. Munos et al, 2024 (https://arxiv.org/pdf/2312.00886.pdf)
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NashLLM-style algorithms

e Fit a two-argument preference function by supervised learning

e Decide what is the set of opponent policies

e |deally, the max player should play against a mixture of past policies

e Optimize using eg online mirror descent, convex-concave optimization...

e A lot of algorithmic variations to explore!
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NashLLM results

0.80 -
0.9 A MM W '
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g g
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£ <
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0.5 - == Reward Model XL == Reward Model XL
0 5000 10000 15000 20000 25000 30000 35000 40000 0 5000 10000 15000 20000 25000 30000 35000 40000
Leamning Steps Leaming Steps

Using preferences instead of rewards leads to less overfitting
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General blueprint of RLHF training

Finally, we have everything we need:
* A pretrained (possibly instruction-finetuned) LM p*7 ()

 Areward model RMy(s) that produces scalar rewards for LM outputs, trained on a
dataset of human comparisons

* A method for optimizing LM parameters towards an arbitrary reward function.
Now to do RLHF:

* Initialize a copy of the model ’ng(s) , with parameters 6 we would like to optimize

* Optimize the following reward with RL:
ng (5)> Pay a price when

= — RL
R(s) = RMy(s) — fp log <pPT(s) pEL(s) > pPT(s)
|\ N J
This is a penalty which prevents us from diverging too far from

the pretrained model. In expectation, it is known as the
Kullback-Leibler (KL) divergence between pj”(s) and p*7 (s).
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N
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RLHF results

P (s)
Reference summaries P IFT (S)
P (s)
1.3B 2.7B 6.7B 12.98

Model size

[Stiennon et al., 2020]
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Problem:

* Human preferences are unreliable!

e "Reward hacking” is a common
problem in RL

* Chatbots are rewarded to
produce responses that seem
authoritative and helpful,
regardless of truth

e This can result in making up facts
+ hallucinations

e Models of human preferences are
even more unreliable!
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reward hacking

Reward model over-optimization .
1.0}
o
Los}
©
o
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9
& 0.4f
O
g 0.2
I
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KL from supervised baseline
RL
pg ()
R(s) = RMy(s) — B log <—>
¢ pPT (s)
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More important methods

e Self-improvement
e Chain-of-thought prompting
e Distillation from large models to small

e Utilizing more inference time using search (cool new work)
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o Multi-turm

e Exploration
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More open directions
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