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Intro



Intro: LLMs

Deep Learning is very

prompt + prior tokens

LLM

v

The next token’s probability distribution

43% powerful
37% innovative
15% complex
3% | weak
1% | limited
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Intro: stages of LLM training
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Intro: pretraining

- Gather A LOT of text from the internet
- Train an LLM to predict the next word

- == Cheap data

- == Expensive large-scale training

- == Don't adhere to instructions well

- == Have to “trick” or fine-tune the model for specific tasks

What is the capital of France?
What is France's largest city?
What is France's population?
What is the currency of France?
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Intro: Supervised Fine-Tuning (SFT)

Collect examples written by humans Vo logm(yw | z)

-

- Teach the LLM the output format and basic skills ‘increase likelihood of 1/,

- == High-quality data

- == Expensive to collect data

- == Expensive to change data

- == Can't directly penalize unwanted behavior

- == || M's outputs won't be better than its training data

What is the capital of France?
The capital of France is Paris.
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Questions?



RLAF



Intro: Reinforcement Learning (RL)

- Environment, actions, reward

Agent

- == Chains of stochastic actions

- == Non-differentiable reward , / \ ; / ana
L. . State Action Reward B
- == Training is unstable ST

—_— Environment
O ‘ ‘ Predicted Output
X %O“ O%>' Y_pred
a a a
O ' ‘ j; SO —_——— S] ————. .8'2.—.-.
Loss = J(Y_pred, Y) o Ty i,
Supervised ; Reinforcement
learning learning
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RLHF for LLMs

Actions = tokens or the whole LLM answer
- Reward = how good the answer is

- == Align the Al with human values Pa 3y

- == Judging is easier than demonstrating
- == Online learning and exploration (e.g. CoT) . \<_)

- == Still not scalable enough
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RLHF: reward modelling

- Collect pairwise data from humans
- Train a reward model as approximation

- == Scalable, fast inference
- == Captures more nuance
- =f= Removes calibration problem
- == Reward's absolute value is meaningless
- == OQptimizing imperfect rewards
leads to overfitting / goodharting
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RLHF: reward modelling

- Reward model training: loss from Bradley-Terry model

L() =logo(r(z, yw) — r(z,y1))
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RLAIF: reward modelling

Collect data from a frontier Al
- Train a reward model as distillation
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== Much cheaper than human labels
== Faster setup and iterations
Lower quality
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“j is better than k” “j is better than k”
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Putting this together

- Base (reference) model: pretrain or SFT
- Reward: reward model and/or hardcoded functions
- RL algorithm: trains the LLM to maximize the reward
without going too far from the base model or mode-collapsing

15/64



Putting this together

Base (reference) model: pretrain or SFT

Reward: reward model and/or hardcoded functions

RL algorithm: trains the LLM to maximize the reward

without going too far from the base model or mode-collapsing

Questions?
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Rejection sampling (poor man's RL)

Sample multiple completions per each prompt
Pick the best

I w
Do SFT on those Vo log 7Ir(y | z)
[Repeat] increase likelihood of y.,

== Easy to implement
== Good sanity check for the reward
== Not very efficient/effective
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PPO - Proximal Policy Optimization

Components:
Policy model
Reference model
Reward
- Value (critic) model
Duct tape

Examples:
InstructGPT

ChatGPT
Llama 2
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PPO - Proximal Policy Optimization

- Do several epochs
- Our current policy is Tg,,4
- Step 1: sample generations
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PPO - Proximal Policy Optimization

- Step 2: construct the reward: reward model + regularization

SFT(

T'total = T(ﬂ?,y) UKL( (y‘x) y|£li'))
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Nate on KL estimators

Monte-Carlo estimator
Difference of current and SFT logprobs

KL[q,p| = Z q(z) log ;]% = Ey~q|log ;1%]

X
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Nate on KL estimators

Monte-Carlo estimator
Difference of current and SFT logprobs
Can we do better?

KLlg,p] = ) q(x)log £ = E,[log &3]

p(z) p(z
log %% — —logr
;(log 23)? = }(logr)?
(7 ; 1) —logr

k1
ko
k3

k1
ko
k3

bias/true stdev/true
(0) 20

0.002 1.42

0 1.42

q = N(O, 1)’p = N(0'1> 1)

bias/true stdev/true
0 2

0.25 195

0 i

p:N(l,l)
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PPO - Proximal Policy Optimization

- PPO has a per-token reward (because of KL)

s

PPO: each response token is attrbuted a reward

ore:
reword:

Response tokensi f J ( o ] a ]f a J a J (e_os%
Kl: ( [0.03) (0] (02)(03)
[

T o nm
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PPO - Proximal Policy Optimization

- Use advantage instead of return
- We have the value model (critic) V to estimate expected future return

During A2C: train value model to predict total completion reward from intermediary tokens.

Prompts

Reward model Value model

[
movioarm | dsowestr | [ w6 g
. . ompleti <
value tralnmg y pe iy vavae @

a stopover in Paris?

i /
/
g /

v

7
“ /
Trainee LLM / Value model
g ....... ; \_u — '| S /Q ______ , . [Take @ stroll around-Whlte-Iawn
- I : -02 -01 .4 2 005 -8  -10
sample EVAIUATE ...ttt st nas

The value learns to identify patterns
resulting in high/low reward. 27/64



PPO - Proximal Policy Optimization

Step 3: infer the value model and compute advantage (GAE)

Future rewards are noisy
- Value estimations are biased
Let's find a middle ground
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LAE

Rf =Tt +Vt41+ ...+ ’Y(k_l)rt+k—1 + WkV(3t+k),
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LAE

Rf =Tt +YT¢+1+ ...+ ’Y(k_l)"“t+k—-1 + vV (st4k),
(St =17+ ’)’V(St+1) — V(St)
Ak S5 —V k—1 kV
27 trt = —V(se) +re +rep1+ -+ Tepr-1 + 7 V(star),
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LAE

Rf =Tt +Yrg41+ ...+ ’y(k_l)rt+k_1 + ’YkV(SH_k),
. 0p = Tp+ ’YV(S_t+1) —V(st)
A =RF _V(s) = Z’Yl(st-}-l = —V(s¢) + 7 +yree1 + - + Y k1 + YV (8145),

AFAEON —(1 — A)(AY + 24P + X240 4. -)

(1= X) (6 4+ A(0¢ + ¥0e41) + A2 (8¢ + V641 +7V26142) +...)
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LAE

- Calculated for each state by looping over a reversed trajectory
- Limit cases:

GAE( ) At = 5t =T+ ’YV(St—i—l) V(St).

GAE(, 1 ZV Op41 = Z'ert—i—l — V(5¢).
1=0

- Advantages can be used for Policy Gradient:

Z Z Vo log 7y Gt’St)At,

TED t=1
32 /64
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PPO - Proximal Policy Optimization

Having the replay buffer, do several iterations of optimization

But don't overfit on the trajectories
Step 4: construct the loss and optimize policy

TRPO would do this:

. o (as|s A
maximizeg IE; [ 0(ass:) At] ,
71—9()1(1 (at |St)

subject to E; [KL(mg, .. (-|5¢), 7o (:|5¢))] < 0,

*This is the “surrogate objective”, not the true loss, but close
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PPO - Proximal Policy Optimization

Instead, PPO does

£I)I)O—Cli})(9) — ]Et [min ( ﬂ—()(at|8t) Ata Chp ( Tre(at|8t))7 1 = €, L= 6) Af)] 9

7T0()l(l (af | St) Tr()“l([ (a’f |Sf

A<O
[CLIP A>0

1—.61

TN

0 ] 1+e [CLIP 35/64




PPO - Proximal Policy Optimization

- No optimization if the ratio is already high enough / low enough

erirp A>0

A<

1_.61

0 1 14€

N

LCLIP
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PPO - Proximal Policy Optimization

- Step 4.5: optimize the value function
S oo |
Ry = Zz:(ﬂ Tt+1-

Leviticl®) = E, |V (st) — RtHQ]
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PPO - Proximal Policy Optimization

Recap

Reference
Model

PPO

Reward
Model GAE H A }

e
Value -
Model v
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PPO - Proximal Policy Optimization

- Recap

Questions?
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DPO - Direct Preference Optimization

Components: - Examples:
Policy model - Llama3
Reference model - Qwen 25

Ranked completion pairs (no reward!)
No rollouts. no RL
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DPO - Direct Preference Optimization

- Recall reward modelling: preferences come from the reward

; _ exp (r*(z,y1))
Py - g2 | 2) = exp (r*(x,y1)) + exp (r*

(xva)) |

LR(TCJSaD) — —E(a:,yw,yz)fvl? [loga(m(x,yw) _ T¢($vyl))}
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DPO - Direct Preference Optimization

- Then the optimal policy maximizes the regularized objective:

What's the optimal policy?
max By ymr |1(2, )] — BDkL 7 (y]2) || et (y]) ]

m(y|z)
= maxEepBynr(yie) |7 [ (@y) = Blog m<y\x>]
7(ylz)
= mm BewriD By () [ Wref y[:c (1;7 y)]
m(ylz)

= min EQ;ND]EyNW (y|x) |:10g

:B)ﬂ_ref y‘ilf exp (%T(xay)>

— log Z(a:)}
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DPO - Direct Preference Optimization

- Rewrite as KL:

240) = X i) e (5ren) (uhe) = s lle)exp (%(z y>)

(i 82 -
)

min Eqp Dk (n(ylz) || 7 (y]z)) — log Z(x)

min Ex,\,p [Eywvr(yh:) [log

T

m(ylz) = 7" (y|x)
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DPO - Direct Preference Optimization

- Reward function VS optimal policy:

T (y | ) = %x)mef(y | ) exp (%T(%@D)

_ B0 - (y | x) o Z(x
r(z,y) = Bl B 2 | &) + B1 ?Z( )

Does not matter

- Bijection between the policies and the reward equivalence classes
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DPO - Direct Preference Optimization

Preference likelihood w.r.t. optimal policy:

1
| log Z-@a2l) _ 310, T (yile)
+ exp ( S log Blog 1—= 55

"Tref(y2|f'3) a

P (y1 > yo | ) =

Optimize it directly!

o (Yuw | T) _ Blog mo(y1 | @) )]

i TS — G ~ log o BIO
DPO( 6 ref) (z,Yw,y1)~D [ & ( & Wref(yw ’ £L') 7Tref(yl |.’E)
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DPO - Direct Preference Optimization

What does the gradient update actually do?

VoLppo(Te; Tref) =

— 5E(I,yw,yl)~1>[ a(Pe(z,y1) = 7o(T, Yuw)) [Y@ log 7 (yw | ) — Vologm(y | ) ”

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

- This is just weighted learning and un-learning!
No per-token rewards
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DPO - Direct Preference Optimization

dpo dpo
- Prob(winning) declines :( 07
=> add SFT loss £ 06
- Or SFT on winning first P 3 05
- RM/DPO accuracy ~70% b 0.4-
I B a4k #x ek R R R
dpo RM scaling
0- .
3 §0.68- %—_ EPO Rivtaarg I*I/Iogeling /I
S 1 3
% ® 0.66
g 2
S T 0.64
s
OIK 26K 46K 66K 86K 62

10° 1010
Model size

Steps 48/64



Bonus: iterated DPO with a reward model

Components:
Policy model
Reference model
Reward model

- Algorlthm
Sample multiple completions
Score with reward

Pick a good one and a bad one
Do DPO on those pairs
[Repeat]
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Bonus: iterated DPO with a reward model

Components:

Policy model
Reference model
Reward model

- Algorlthm ] 7
Sample multiple completions
- Score with reward QUESU OnS
- Pick a good one and a bad one

Do DPO on those pairs
- [Repeat]
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FH iterations

- E.g. Llama 3:

Collected Prompts

Best models from
previous rounds

K Generations per
Prompt

Best model for next round

DPO Training
Rejection Sampling SFT Model Final DPO Model

Reward Model

Pairwise Annotated and Specialized
Specialized Per-Capability Binary Per-capability . e
Preference Data SFT data
. Data
.
Reward model training DPO Training
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RLOO - Cohere's REINFORCE Leave-0ne-0ut

- Components:

- Policy model

- Reference model
- Reward model

- (no value model)

1.1.d
R(y(), ZR Y), )]V log m(yy|x) for yay, ...,y ~ ma(.|x)
J#k
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RLOO - Cohere's REINFORCE Leave-0ne-0ut

- Weighted SFT-like learning on above-average generations
and weighted un-learning on below-average
Like Rejection Sampling and DPO+RM, but uses all generations

k
1 ii.d
EE Ry, E R(yy, )|V 1og m(yuylz) for yay,...,ymy ~ mao(.|x)

|

Can be replaced with the average reward 53/64



RLOO - Cohere’s REINFOR(E Leave-0ne-0ut

NO i di d PPO: each response token is attrbuted o reward )
”1oa|:tti§:,1’1e iate rewards cespr sk { (=) W
But in PPO intermediate < [ (00r) (o0 003 (01 )] (02] (0]
advantages are synthetic seeres
anyway reward: @J M (0.03] 0.1 @ 0.%
- J

-
RLOO: the entire response is attr buted a reward SUM

Response tokens: U [_] [ J ( J ((e,os)
Kl: [0.01] o.Oa] (o.os} m [O._a] (03] (0-66)

score: @ @

reward: J




RLVR: Verifiable rewards and filters

Objective, hard-coded scores
No reward hacking*

Examples
Is length < 10247
Is this a valid JSON?
Is this numeric answer for a math problem correct?
Does this code compile and pass tests?
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CGPO - Meta’s “Perfect blend”

- Components:
Policy model
Reference model
Reward models
Binary judges
- Algorlthm
Sample multiple completions
- Score with reward
- Score 0/1 with judges
- Increase prob of
above average + passing
- Decrease prob of
below average or failing ,

Gradient Update

Mixture of Judges

CGPO
Optimizer |

Task 1:
General Chat

“"When was Abraham
Lincoln born?"

Task 2:

Math Reasoning
Merged
optimizers
gradient

i
' [
' i
' 1
" 1
1 1
1 1
' 1
1 1
1 1
' i
1 1
' 1
1 1
! B How much food does| :
1 Mike need weekly for|
1 3 dogs if each eats !
' 112 pound daily?" i
1 i
1 1
1 1
1 1
1 1
' 1
1 1
1 1
' 1
1 1
' 1
1 1
' 1
' 1
' 1
1

Task N:
Harmful Intent

“How to make a
bomb?*

CGPO
Optimizer N
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GRPO: Group Relative Policy Optimization

Components:

Policy model

Reference model

[Verifiable] Reward
- (no value model)

Estimate advantage from the group
PPO loss

Move KL from reward into loss
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GRPO: Group Relative Policy Optimization

A

Lerro(0) = éZfﬂ 3 Zl‘ozll min i 040 ) Ai,tag(eaAi,t) — B Dk, ||| ref]

od] 70,10 (Oirt|1:01,<1)

A A A A A

KL a'}ve'r'ge,r\ca b/w the

Pr'cw‘oab{httf ratio i.e. : C[FPS advantage v
| A old and new polxm}',
how likely is the new between 1-¢ & 1+¢. ¢ \
keu? L 3 i N scaled E:L/ l’\L/f::&T
olicy? 1S a per arameer.
PRy 7t P parameter 3

£ Advantoge function
ri — mean(r) leres

Rt = std(r) normalised rewards)

o
|

Average Loss per token in spec}ﬁc output -->
1. Add surrogate loss across all tokens within a speciFic output oi.
2. Divide the sum by [oi] i.e. len(oi) so that each output has equal contribution.

58,64

Average across tokens of clipped surrogate loss -->



GRPO: Group Relative Policy Optimization

DeepSeek-R1 and -R1-Zero
We could start from the base model and remove KL
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DAPO: Decoupled Clip and Dynamic sAmpling Policy
Optimization

- GRPO + tweaks from ByteDance

- Removes the KL regularization for RLVR

- Tweaks the PPO loss formula (clips higher)

- Discards groups with the same reward

- Sums loss per-token, ensuring high quality of long generations

- Introduces a smooth length penalty to avoid exceeding max_length

Jparo(0) = E(q a)~D,{0:}5  ~mo 4 (-la)

G |oil
[ Z Z min ( % t 1 s Chp(’"z t(@) 1~ Elow 1 51‘1igh) A'i,t)
Zz 1 | =1 t=1

at. O<

{o; | is_equivalent(a,0;) }) < @G, 60/64



Understanding R1-Zero-Like Training: A Critical

Perspective

- Remove biased std norm, allso tweak length norm

4 N\
GRPO
|oi]
1 1 [ meloislq 0i<t) .. < 76(0i¢|q, 0 <t) ) N ]}
— P Ay ALt ] —gie ) Ayl b
G 1'221 IOI‘l 1; {mm |:7-[90M (Oi,th/ Oi,<t) b <P 7-[90“ (Oi,thr 0i,<t) ¢ ¢ i
where A, — R(@,0) —mean({R(q,01),...,R(q,06)})
Lt std({R(q,01),---, R(q,06)}) )

\ J
r N\
Dr. GRPO
GRPO Done Right (without bias)

1.8 { [ 79(0i9,0i,<1) < 79(0i4|q, 0,<t) ) A H
— min - - Ajy, cli - : ,1—€,1+€) A; ,

G ,:21 t:Z{ 7o, (0i]q, 0 <t) ' & 74, (0i t1q, 0i <t) vt
where A;; = R(q,0;) — mean({R(q,01),...,R(q,05)}).
. J
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Practical considerations

RLAIF (synthetic markup)

Length bias

Reward mixing

Switch to efficient inference (but beware numeric instability)
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Conclusion

RL helps optimize human preferences, penalize unwanted behaviour
Allows exploration to find useful reasoning patterns (e.g. reflection)

The field is evolving:
- New algorithms
- Rewards from Al
- Verifiable rewards
- Inference-time scaling
Expect progress in areas with verifiable rewards
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Takeaways

- RLVR works for tasks with verifiable answers

- Expect progress for these :)

- RL can reinforce successful CoT/reasoning paths
- Leading to inference-time scaling
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