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I. Large Language Model : architecture and sampling
A. Whatis an Large Language Model ? Some Images from textbook are taken from_here
B. Attention Mechanism
C. LLM architecture
Embedding, Positional embedding Layer norm, Residual Connection

D. LLM Sampling/Decoding

1.  Top p, temperature scaling, Modern Sampling engine : vLLM
E. Memory Optimization and Computation optimization

1. KV cache trick

2. Mixture of experts (MoEs)

3. Sharding of Transformer weights ? Data Parallelism example

Il. Training LLMs, losses, optimization : from SFT to Reinforcement Learning
How to Train an LLM ?
Very small note on Modern Optimization for Large Models
Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

1. Pretraining and Supervised Fine-Tuning : the cross entropy loss

2.  Offline Preference Learning : Direct Preference Optimization (DPO)
Reinforcement Learning : from offline to online learning

1. KL regularised Policy Gradient

2. Variance Reduction and Leave-One-Out baseline

3. Contrastive Policy Gradient and convergence in offline setting

4. Stabilizing online RL with Group Relative Policy Optimization (GRPO)
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https://web.stanford.edu/~jurafsky/slp3/ed3book_jan26.pdf

|. Large Language Model : architecture and sampling

A. What is an Large Language Model ?

Welcome to NLP, now. cohere.com



LLM Conditional Generation: Generating a
text conditioned on previous text

Completion Text
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L ! | ; e Assigns probabilities to sequences
MQSZﬁ’r?ge Softmax i : of words
logits |
Head Unencoder layer < U7 i Y U :
s ———— : e Generate text by sampling possible
E= = next words
Transformer . :
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= | = : e Are trained initially by learning to
- guess the next word
I
Encoder :
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I

Images are taken from _here

Prefix Text
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https://web.stanford.edu/~jurafsky/slp3/ed3book_jan26.pdf

Autoregressive models : compute probability of the next word s
given previous words

p(w|context)

output
all].

[ Transformer (or other decoder) ]
(R

So long and thanks for all

p(w|context)

output C
P hel.

your | .

[ Transformer (or other decoder) j
T | 1 (.

So long and thanks for all the
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Sampling from an LLM : predict the next word

/ 70
logits—> softmax —> probabilities—> S2MPI€
a word
all| 1.2 pil| .44 =
the [ 0.9 (the | .33
your | 0.1 your | .15 the
Transformer (or other decoder) that [50:0 that 105

T 1 | |

So long and thanks for ?
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Prom t logits
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Factorization of the distribution tokens and pros and cons

T
JAGAS) ,
m(v | :U,y<t) = exigp((z(x E?J;;;i){)}/)) — 71-f(y | CU) - tl_‘[ﬂ'e(yt | D y<t)
v’ eV =

T 1 T
logme(y | z) = Y logme(ys | = ® y<:) — L(y|z) = ~7 Zlogm(yt | ,y<t)

t=1 t=1

Pros Cons

a) Exposure bias Training conditions on the true history, but at inference the model conditions on its

a) Tractable training objective!
) g obl own generated tokens. Early mistakes can compound.

(b) Efficient supervision (“teacher forcing”) During training you condition on the true

prefix, 0 you can compute losses for every position (b) Sequential generation cost To generate TTT tokens you do TTT steps. That's slower than models

that can generate many tokens in parallel.

(c) Easy generation :Sampling/decoding is natural: repeatedly sample (or choose)

next token
X (c) Directionality / fixed order The factorization is tied to an ordering (typically left-to-right). Some

. . . . . tasks might benefit from bidirectional or alternative factorizations.
(d) Expressive dependencies Even though it’s factorized, each conditional can

depend on the entire past, so it can represent complex sequence structure. . . . . . .
P P P P g (d) Long-range errors While the model can condition on long history, in practice it may forget, drift, or

struggle with very long contexts.

Welcome to NLP, now. cohere.com



Perplexity of a model : a measure of accuracy of the model

T
T 1
logme(y | w) = ) logm(y|s@y<:) wmmp  PPL(y|z) = exp (_T > logmu(y: | zt:,y<t)>

t=1 t=1

1
T

T
PPL(y | z) = | | [ me(w | 7, y<¢)

t=1

- The perplexity of an LLM on a test set is the inverse probability of the test set normalized by the number of
or tokens.

- The lower the perplexity of a model on the data, the better the model

Welcome to NLP, now. cohere.com



The tokenizer : map language to integers

enc:Z—){l,...,|V|}n =-> (t17°-'7tn) 6{17"'7|V|}n
dec: {1,...,|V|}" = X

Instead of 1 token = 1 word, the vocabulary contains subwords (pieces). Common words may be 1 token; rare words get

split.
A common training objective is: build a vocabulary V so that typical text can be represented with few tokens while still

covering everything.

e Start with basic symbols (bytes or characters).

e Repeatedly merge frequent adjacent pairs to create new tokens.

deally : dec(enc(x)) = x

Welcome to NLP, now. cohere.com



Large Language Model : architecture and sampling

A. Whatis an Large Language Model ?
B. Attention Mechanism

Welcome to NLP, now. cohere.com
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Under the hood ? The transformer

output probabilities (over tokens)

Unembedding
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Welcome to NLP, now.

[ Feedforward

FFN(x;) = ReLU(x;W1 + b1 )W3 + b)
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Intuition of the Attention mechanism

output probabilities (over tokens)

A
Unembedding

Feedforward

residual

stream 1

N times

i

MultiHead
Attention
A A

S=—ad (ST TR
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+>< Positional
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Welcome to NLP, now.
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One head attention layer equations

. — w».WQ. o . wK. R Y Y1/
q; =x;W=; k; = x;W";, v;=x;W

score(X;,X;) = ak;
! vy
a;; = softmax(score(x;,x;)) Vj<i
head,- = Za,-jv,-
j<i
a; = head,W°

Welcome to NLP, now. cohere.com
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One head attention layer 1

8. Output of self-attention a, [ xd]

7. Reshape to [1 x d] W [d, x d]

6. Sum the weighted
value vectors

—x W2 k: = x.-WK: v.=x-WVY

[1xd]
5. Weigh each value vector SCOT (xi x ) _ q;- kf
a3‘1 ' g /dk
4. Turn into o, ; weights via softmax (O ,i a;j = softmaX(Score(Xi,Xj ) Vj<i

3. Divide scalar score by J/dj Jd Jdy T Jd head, = z : 04V,
2. Compare x3's query with A J&
the keys for x1, x2, and x3 \ b WO

g [1xd] [1xd] [xd,) a; = head,W

1. Generate @ @ G{

B VA VR ]

X, X5 @90 x,
[1 xd] [1 xd] [1xd]

\Welcome to NLP, now. cohere.com



Multi-head attention layer 15

a-:

/
' | [1 xd]
[Ad, x d]
: : . wWo
Project to final representation usually d=d/A, hence [d x d]
Concatenate Outputs CT T T 1 [1xAd,] here A=4

I [1xd,] 3 [ixd,] [C3[ixd,] 3 [1xd,]

Each head
attends differently Head 1 Head 2 Head 3 Head 4
to context : WHs wvs we W wvewe

2 o

.....

] [1xd]

\Welcome to NLP, now. cohere.com




16

The transformer block used in LLMs use Masked

output probabilities (over tokens)
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https://arxiv.org/abs/1706.03762
https://fleuret.org/public/lbdl.pdf
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X K . X Vv
Input wk Key Input wY Value
Token 1 Token 1 Token 1 Token 1
Input Key Input Value |
Token 2 . Token 2 Token 2 Token 2
Input Key Input Value
' Token 3 Token 3 Token 3 Token 3
Input Key Input Value
Token 4 dx dk Token 4 Token 4 d x dv ‘Token 4
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Large Language Model : architecture and sampling

What is an Large Language Model ?
Attention Mechanism
LLM architecture
Embedding, Positional embedding, Layer norm, Residual Connection

Ow>

Welcome to NLP, now. cohere.com
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Embeddings and Position Embeddings

19

d
VI d
output probabilities (over tokens)
0000[1J00...0000
0000000...00[fo _
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= i
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stream Pre——
MultiHead
Attention ( Transformer Block )
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Positional Encoding : RoPE 20

Self-attention is permutation-invariant !

output probabilities (over tokens)

il you reorder tokens, the dot-products don’t “know” positions.

So we inject position information :

Hy

y p = position index (0..L-1), d = model dimension (even), ; — 0,,(d/2 — 1)
+
AN =R —gin(—P i =cos(—L2
residual J) N times PE(p ) 21 S ( 100002¢/4 ) ? PE(p )2”1 cos ( 100002¢/d/ °
stream Hre—
MultiHead
Attention
s Ly ~
Zp = zp + PE(p).
\ _J_/
Why sin/cos? Each pair (2i,2i+1) is a sinusoid at frequency w; = 10000~ 2%/
input token This creates a smooth, multi-scale “signature” for positions, and (importantly)

lets the model infer relative offsets using trig identities.

Exercice : Show that you can differentiate tokens using trigonometric identities using RoPE in attention mechanism.

Welcome to NLP, now. cohere.com



Layer norm

output probabilities (over tokens)
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output probabilities (over tokens)
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Projection to vocabulary size and softmax 23

output probabilities (over tokens) " 7r Word prObabilitieS [ 1x |VU
.

A A
Language Model Head Softmax Softmax over vocabulary V
- takes hLN and outputs a £, €5

distribution over vocabulary V

UnemLtlJe_dgiTng layer Unembedding layer [d x |V]]
N times _

A
v ) (%) [1de
*W - Layer L ,—--f —————— | SR S
U + Transformer /

Block e [ -

Embedding

input*token x 1 x 2 xn

£\v| | Logits [1x|V]

W

residual”
stream
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|. Large Language Model : architecture and sampling

A. What is an Large Language Model ?
B. Attention Mechanism
C. LLM architecture
Toenizer, Embedding, Positional embedding Layer norm, Residual Connection
D. LLM Sampling/Decoding

Welcome to NLP, now. cohere.com



Classical Decoding/Sampling from an LLM

Prompt loglts

Yi—1

-

Greedy decoding (argmax) :

Stochastic sampling :

Temperature scaling : 7ré ™)

(a]z,y<e) =

softmax
(- | %, y<t)

ye = arg max me(a | z,y<t).

Yg ~ 7T£(' | 33,y<t)-

mo(a | @, y<e)'/™ Yt ~~ 7T§T)(° | x7y<t)'

D ey Te(b |z, <)t/

Welcome to NLP, now. cohere.com
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Temperature Scaling =

softmax output with temperature 7

S s &
& &

%
o> QO

& 5 &
o\o 00 0\0

logits 7=0.1 7=0.5 =1 =10 7=100

all |1.2 05 .59 44 27 25
the | 0.9 .05 52 5 .26 25
your | 0.1 0 .07 15 24 25
that |-0.5 0 .02 .08 23 25
N —— A \— — _J

low temperature high temperature
sampling sampling

(towards greedy) (towards uniform)

Welcome to NLP, now. cohere.com



Top-p decoding
Idea : Limit sampling to the smallest set of tokens whose cumulative probability mass is at least p € (0, 1]
Step 1: sort tokens by probability. {al, as, ... ,a|v|}
To(a1 | 2, y<t) > me(ag | T,y<t) > -+ > mp(apy) | 2,y<t)-

K
Step 2:  Let K be the smallest index such that Z mo(ai | &, y<t) > p.
1=1

Define the top-p set (nucleus) as Vp(ac, y<t) = {al, as, ... ,aK}.

Step 3: renormalize and sample.
P P Wz(a | l‘,y<t)

| T,y t) Wép)(a | z,y<t) = Zbev,,(x,y<t)7fe(b | z,y<¢)’
T > a ¢ Vp(-’f, Y<t)-

\Welcome to NLP, now. cohere.com
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Sampling of LLMs : to go further

Top-p (nucleus) sampling : reference

This is the paper that defines nucleus sampling (top-p) and shows how it avoids degeneration compared to greedy / top-k

Speculative decoding (SD) / speculative sampling : reference

Introduces speculative sampling: draft model proposes multiple tokens, target model verifies with a modified rejection sampling scheme.

Theoretical analysis : reference

Medusa: Simple Framework for Accelerating LLM Generation with Multiple Heads : reference

VLLM project : reference

This is the technical paper behind vLLM, focusing on Page Attention, continuous batching, and high-throughput decoding.

In all these methods except SD, we sample from different policy than the current policy y; ~ 71'@(- | x, y<t).

Welcome to NLP, now. cohere.com


https://arxiv.org/pdf/1904.09751
https://arxiv.org/pdf/2309.06180
https://arxiv.org/abs/2302.01318
https://openreview.net/pdf?id=wSqpNeMVLU
https://arxiv.org/pdf/2401.10774

|. Large Language Model : architecture and sampling

A. Attention Mechanism
B. LLM architecture
Toenizer, Embedding, Positional embedding Layer norm, masked attention
C. LLM Sampling/Decoding
1.  Top p, temperature scaling, Modern Sampling engine : vLLM
D. Computation Optimization and Speed optimization
1. KV cache

Welcome to NLP, now. cohere.com



Q
KT
i dkxN
B 1xdk

The factor gained in the attention complexity computation using KV cache is :

L = max sequence length of your training !

Welcome to NLP, now.

KV Cache

4

q4-k1

q4-k2|g4-k3

q4-k4

1%N
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)

Mixture of Experts (MoE) architecture

Add + Normalize

i)

Switching FFN Layer

I

Add + Normalize

1

Self-Attention

f

X

v[TTTTT]

A

Add + Normalize

______
-*

-

-

N

.......

.-

=

Ny Add + Normalize

Self-Attention

\Welcome to NLP, now.

Positional
embedding

x1 T 111711

More

7
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Mixture of Experts (MoE) architecture

Classical dense Transformer layer
=20+ MHSA(LN(2)), 20D = 7+ FFN(LN(%)), FFN(h) = Wy ¢(W1h + by) + bs.

1)
% = 2 4+ MHSA (LN (x(l)>> . 7. = TopK(s:, k),
h, = LN(%,) € R " gngt(’;z,j), e€ T,
st = Wyhy + b, € RY, | (J),ETt otherwise.
p¢ = softmax(sy), Dte = ;xp(st,e) .
> j—1¢xp(st,5)

3) MoE combination (only k experts are nonzero) MoE(h;) th e fe(ht).

Welcome to NLP, now. cohere.com

MoE layer: replace FFN with Router + Experts 2) Top-k selection and sparse gate weights:
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(T
dataset
splitting the dataset
and assigning each subset to a single GPU
subset 1 subset 2 subset 3
- -

To go further : Tensort Parallelism , Fully-Sharded-Data-Parallelism (FSDP), Sequence Parallelism etc... i

Hugqging Face Book !

\Welcome to NLP, now.
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Model

. Forward pass
i Backward pass

% Forward pass
i Backward pass
: Forward pass
! Backward pass

Gradients
Optimization

Updated model

33


https://huggingface.co/spaces/nanotron/ultrascale-playbook/blob/4ce82eab1c6a0ab2e14b831fa70ad73235cf64e3/The_Ultra-Scale_Playbook_Training_LLMs_on_GPU_Clusters.pdf

a)

Training LLMs, losses, optimization : from SFT to
Reinforcement Learning

How to Train an LLM ?

Welcome to NLP, now. cohere.com
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a)

Training LLMs, losses, optimization : from SFT to
Reinforcement Learning

How to Train an LLM ?

Welcome to NLP, now. cohere.com
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Pre Trained LLM

LLM training pipeline

Supervised Fine-Tuning
(Imitation)

Preference Learning

Reinforcement
Learning with
Verifiable
Rewards

36

~

Offline Learning
No sampling

\Welcome to NLP, now.

-

Reinforcement
Learning with Human
Feedback / Online
Preference Learning

/

Need Reinforcement algorithms !
(usually based on policy gradient)

cohere.com




a)
b)

Training LLMs, losses, optimization : from SFT to
Reinforcement Learning

How to Train an LLM ?
Small note on Modern Optimization for Large Models

Welcome to NLP, now. cohere.com
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Classical optimizers used in practice 38

Vanilla SGD SGD + momentum
gt = VoL(0;) v =pvi_1t+ g 5 O =60 —nuy
Ory1=0; —ng;
Adam :
my = Bimy_1+ (1 —B1)g9: v = Bovy—1 + (1 — B2)(9: © g¢)
My = — b Gy = o g g

1— Bl 1-gy =l

Muon optimizer : Muon paper form Kimi ; Torch implementation

\Welcome to NLP, now. cohere.com


https://arxiv.org/pdf/2502.16982
https://docs.pytorch.org/docs/stable/generated/torch.optim.Muon.html

a)

b)

Training LLMs, losses, optimization : from SFT to
Reinforcement Learning

How to Train an LLM ?
Small note on Modern Optimization for Large Models
Imitation Learning vs Preference Learning vs Reinforcement Learning

Welcome to NLP, now. cohere.com
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[ Reinforcement Learning vs Imitation vs Preference Learning }

What is the | | v | >
How to become the best chess player?

A) Watch people playing chess?

> Imitation

B) Look which moves are the best?

:> Preference

Play for the win?

> RL

40



Reinforcement Learning vs Imitation

Imitation

RL

Match proba

——

\Welcome to NLP, now. cohere.com

Solve problem
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42

ll. Training LLMs, losses, optimization : from SFT to
Reinforcement Learning

How to Train an LLM ?

Small note on Modern Optimization for Large Models

Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

(1) Pretraining and Supervised Fine-Tuning : the cross entropy loss

Q O T W
N N N

Welcome to NLP, now. cohere.com



Online vs Offline Learning

\Welcome to NLP, now.

cohere.com
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LLM training pipeline a4

SuPeN(ifriﬂaFﬁ'gﬁ;Tunmg Reinforcement Reinforcement
, ] Learningwith || Learning with Human
Pre Trained LLM | Preforence Leaming | 7| Verifiable | Feedback / Online
Rewards Preference Learning
) " B N g

Offline Learning Need Reinforcement algorithms !

(usually based on policy gradient)

\Welcome to NLP, now. cohere.com



LLM training pipeline

Pre Trained LLM :>

Supervised Fine-Tuning

Improving Language Understanding
by Generative Pre-Training

Alec Radford Karthik Narasimhan
OpenAl OpenAl
alec@openai.com karthikn@openai.com

Tim Salimans Ilya Sutskever
OpenAl OpenAl
tim@openai.com ilyasu@openai.com

GPT 1 paper

Welcome to NLP, now.

Training language models to follow instructions
with human feedback

Long Ouyang™ Jeff Wu*  Xu Jiang®  Diogo Almeida*  Carroll L. Wainwright*
Pamela Mishkin*  Chong Zhang  Sandhini Agarwal Katarina Slama  Alex Ray
John Schulman ~ Jacob Hilton  Fraser Kelton  Luke Miller =~ Maddie Simens
Amanda Askell Peter Welinder Paul Christiano*!

Jan Leike* Ryan Lowe*

OpenAl

GPT 3 paper

cohere.com
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A) Supervised Fine-Tuning (or Imitation)

Ve
)
P

R :
Prompt N logits softmax
e ooyl
G e VORI me(- | %, y<t)
Ty
Lspr = E(zy)~Der |~ ) logmdye | 2,y<0) | -
t=1
Cons
Pros
e Exposure bias : during training the model always
e Directly aligns to instructions : you explicitly train “given prompt x, say y” sees perfect prefixes; at test time it sees its own
e Simple & stable : cross-entropy loss mistakes, which it was never trained on.
e Data efficient : a relatively small SFT set can dramatically improve behavior e  Can overwrite skills : naive SFT can cause
e Deterministic supervision : no reward model, no RL instability. catastrophic forgetting of some pretrained capabilities.

e Needs high-quality labels: humans must write good
demonstrations; expensive to scale.

Welcome to NLP, now. cohere.com



Next token
Loss

Language
Modeling
Head

Stacked
Transformer
Blocks

Input
Encoding

Input tokens

\Welcome to NLP, now.

long and thanks for all
| | | | |
~log Yong| 10g Yand | [~1og ythanks = log Yfor | | — log Yall
* T
) () .’\/1\ ()
U U/ J(\u7 U U
i’ i
[% (%'\ — = %\
\—J L/
x1 X2 x3 x4 [ x5 |
EaNESIE SRS
E E E E
f f f I .
So long and thanks for

cohere.com
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from Scratch (Stanford)



SFT vs Pre-training Self-Supervised losses

Supervis_ed Ty
Fine-Tuning ESFT — ]E(:E,y)NDSFT — Z log Wz(yt | Z, y<t)
t=1
Ty
PreI:I'Lr;c\a/llned ‘Cpre ot EwNDpre — E ].Og ﬂ'g(’wt | w<t) .
t=1

Train LLMs to predict the next word! "Self-supervised™ learning is just uses the next word as the label.

Cons
Pros

° Not aligned — it learns to mimic the internet, not to
follow instructions or be “helpful/harmless”.

° Copies undesirable behavior — toxicity, bias,
unsafe instructions, etc.

e No task conditioning — doesn’t know what you
want; just continues text.

e Harder controllability — steering purely with
prompts is limited.

Scales with cheap data — uses unlabeled text; no humans needed.
Very stable & simple — classic cross-entropy.
Strong general capabilities — learns language, world knowledge,
reasoning patterns, coding, etc.

e  Great transfer — a good pretrained model can be adapted to many tasks
with small extra data.

Welcome to NLP, now. cohere.com



49

ll. Training LLMs, losses, optimization : from SFT to
Reinforcement Learning

How to Train an LLM ?

Small note on Modern Optimization for Large Models

Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

(1) Pretraining and Supervised Fine-Tuning : the cross entropy loss
(2) Offline Preference Learning

Q O T W
N N N
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II) The case of off policy Learning v

®. 8 -

logits softmax sample
L(xDY<t,-) (- | X, Y<t) Yt
reference i
Tref ref

RL Objective:
](7‘(‘) = Epr Ey~7r(-|x) [R(x,y) — ﬁKL(ﬂ' || Wref):l

Online : Yy ~ 7r(|x)

otne-y ~ (a) pu(-|7) # 7(.|)

Welcome to NLP, now. cohere.com




Kullback-Leibler divergence and property 51

P(a)
Q(a)

DxL(P | Q) ZP log

Properties :

DgrL(P|Q) > 0

Dxi(P||Q) =0 <= P(a)=Q(a) for all @ (up to measure-zero sets).

DxL(P[ Q) # Dxn(Q| P) in general.

Welcome to NLP, now. cohere.com



Pre Trained LLM

LLM training pipeline

Supervised Fine-Tuning
(Imitation)

Preference Learning

Reinforcement
Learning with
Verifiable
Rewards

N
—/

- /

~

Offline preference

Learning

Direct Preference Optimization:

Your Language Model is Secretly a Reward Model

Rafael Rafailov*

Stefano Ermon'*

Christopher D. Manning"

Archit Sharma*t Eric Mitchell*!

Chelsea Finn'

fStanford University CZ Biohub
{rafailov,architsh,eric.mitchell}@cs.stanford.edu

Abstract

DPO

Welcome to NLP, now.
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Reinforcement
Learning with Human
Feedback / Online
Preference Learning

-

/

'
Online Preference

Learning

A General Theoretical Paradigm to Understand Learning from

Human Preferences

Mohammad Gheshlaghi Azar Mark Rowland
Daniel Guo Daniele Calandriello Michal Valko
Google DeepMind

Abstract

IPO

cohere.com

Bilal Piot
Rémi Munos

1 Introduction



Preference Learning Ildea 53

For subjective concepts, e.g., helpfulness, engagement, moral... language quality,
there is no absolute rules. Therefore, we need to extract this subjectivity from human.

A LAW OF COMPARATIVE JUDGMENT!

BY L. L. THURSTONE
The University of Chicago

The object of this paper is to describe a new psycho-
physical law which may be called the law of comparative
judgment and to show some of its special applications in the
measurement of psychological values. Thelawof comparative

Relative Measurement

hy Pairwise Comparisons are Central in Mathematics for the

Measurement of Intangible Factors

(To the Memory of my Beloved Friend Professor Sixto Rios Garcia)

Thomas L. Saaty*



Preference Learning : the Bradley-Terry Model 54

- Learn to reproduce the pairwise comparison to capture psychological values or intangible factors.

- Turn this pairwise comparison into a score to optimize it.

Plw>1)= 2%
Pw + Di
= e where p¥ = e™ and p' = ™
e"w + e’
B 1
Cl4enTw
1
=0(ry —11), o(z) = Tre="

\Welcome to NLP, now. cohere.com



Preference Learning : the Bradley-Terry Model 55

=) Bradley-Terry model

Plw>1)=o0(ry —m), o(z) 1

T l4e?

Using two pairs of completion of our dataset (w for win and | for loose) :

= P(yw >y | z) = o(re(@, yw) — T¢(z, 1)),

Use simple classification loss, maximizing the probability of the winning completion compared to the wors
completion :

) L(¢) = _E(:v,yw,yl)ND [log 0'(7"¢(.’,B,yw) - T¢($,yl))] .

Questino : what is the reward for the best/worst completion for our RL objective function ?

\Welcome to NLP, now. cohere.com



Preference Learning : from Bradley-Terry Model to DPO 56

J (1) = Eon, yoor(-[a) [R(-’Ev y) — Blog s ]

L(T) = By, yon( o) | log 7050 — LR(z,y) ]

Tref (ylm)

m(y | z)
:E:rND,yN'rr(-|a:) log 1 — log Z(IE) )

m 7Tref(y | w) exp(%R(m, y))

With the Partition function Z(x Z Tref (Y | ) exp( R(z, y))
Yy

S Tl | ) e (3R(2,)) ) — los 2(a)

L(ﬂ') = E:cND [DKL (71'( | ac)

\Welcome to NLP, now. cohere.com



Preference Learning : from Bradley-Terry Model to DPO 57

L(7) = Egnp

1 1
‘ mﬂref(- | x) exp(BR(x, ))) — log Z(z)|.

Dxk1, (W(' | z)

Optimal policy (dropping the Z(z) term that is independent of the policy in the optimization)

™(y | z) = L Tref (Y | T) €xp %R(:L‘,y) ) Z(z) = Z"Tref(y | z) exp %R(m,y)
Z(x) ( ) -

R*(z,y) = Blog ;f(gy@) + Blog Z ().

Plug into Bradley-Terry Model!

Welcome to NLP, now. cohere.com



Preference Learning : from Bradley-Terry Model to DPO 58

exp (1o 7_{1eleh + Blos 2(2))
exp( Blog = W=l | Bloe Z(z)) +exp| Blog " yle) 4 Blog Z(x)
Tref (yw |(I)) Tref (yl |(I))
1

= m* (y|) * (ywlz) )
1+ eXp(ﬁlog mr ey — Blog W)

P (Yw >y | ) =

Fitting the policy via logistic loss with o (2) = 1/(1 + e~ %))

To(Yw | ) mo(y1 | ) )]
L) =—-E, N~D |1 1 — (1 .
( ) (@t 20)~D {oga(ﬁ o8 71'ref(y'w | 5’/’) Plog 7"ref(yl | m)

I d/likelihood of preferred completion
nerease rewardiliketino P piet Decrease reward/likelihood

Welcome to NLP, now. cohere.com of preferred completion
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ll. Training LLMs, losses, optimization : from SFT to

Q O T W
N N N

Reinforcement Learning

How to Train an LLM ?

Small note on Modern Optimization for Large Models

Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

(1) Pretraining and Supervised Fine-Tuning : the cross entropy loss
(2) Offline Preference Learning

Reinforcement Learning : from offline to online learning

(1) Policy Gradient with KL regularization

Welcome to NLP, now. cohere.com



LLM training pipeline

Pre Trained LLM ::>

Supervised Fine-Tuning
(Imitation)

Offline Preference Learning

Back to Basics: Revisiting REINFORCE Style
Optimization for Learning from Human
Feedback in LLMs

Arash Ahmadian Chris Cremer Matthias Galls
Cohere For AT Cohere Cohere
Marzich Fadace Julia Kreutzer Olivier Pietquin
Cohere For AT Cohere For Al Cohere
Ahmet Ustiin Sara Hooker
Cohere For AT Cohere For AT

{arash,olivier,ahmet,sarahooker}@cohere. com

RLOO

Contrastive Policy Gradient:
level scores in a supervised-friendly fashion

Aligning LLMs on

Reinforcement
Learning with
Verifiable
Rewards

-

60

Reinforcement

| Learning with Human

Feedback / Online
Preference Learning

/

~

Need Reinforcement algorithms !
(usually based on policy gradient)

Yannis Flet-Berliac', Nathan Grinsztajn', Florian Strub, Bill Wu, Eugene Choi,

Chris Cremer, Arash Ahmadian, Yash Chandal

d Gheshlaghi Azar.,

Olivier Pietquin, Matthieu Geist*

Cohere

CoPG

Welcome to NLP, now.

cohere.com

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning

DeepSeek-Al

research@deepseek. com

GRPO



II) The case of off policy Learning ;

l.---

logits softmax sample
tx®y<t;") SEN) Yt
S

Trref

RL Objective: |
](7‘(‘) = Epr Ey~7r(-|x) [R(x,y) — ﬁKL(ﬂ' || Wref):l

Online: Y ~v 7r(|:1:)

oftine: y ~ p(.|z) p(.|z) # m(.|z) First Idea ? Policy Gradient Method !

Welcome to NLP, now. cohere.com



Short Recall on Policy Gradient Method in offline/hybrid case

62

RL Objective:

f(o0) = R(oq) — 81n @12)
J(1) = Exep By [ROY) — BKL(T | mp)] | F3EY) = Rly) =

7Tref(y | m)

Policy Gradient Theorem : VJ(1) = E  z~p [(R(x,y) — Blog mvlz) ) Viogm(y | x)] :
y~n(-| ) Tret (Y | )

B
= =Y | R(zi i) — B Vol
VodJ B z-=1< (z;,y;) — B log oot (vr | 72) g log mo(y; | x;)

Welcome to NLP, now. cohere.com



Short Recall on Policy Gradient Method (log trick) 53

Vo Ezp [f(Z)] = Vi / £(2) po(2) dz
=/f(z) Vope(z) dz

- /f(z) po(2) Volog py(z) dz
=Ezpe[f(Z) Vglogpy(Z)].
Two simple Corollary :

Ezmp, [Vologpe(Z)] = Ve / po(2)dz = Vol =0,  Egmp [cVologpe(Z)] = 0.
% Y

\Welcome to NLP, now. cohere.com



m(y | ) o
Policy Gradient Theorem : VJ(7) =E a~p R(z,y) — Blog —=—*— | Viogn(y|z)| .
y~7 (- | x) '/Tref(y | CC)
Rj(z,y) = R(z,y) — fln 212
7rref(y | ZB)

This depends twice on the current policy : one in the sampled generation y and one in the regularizer

Proof :
VJ(r) = Egnp [V Eymn(|z) {R(w, y) — Bln %“ Derivative of a product (ab)' =a’b +b’a
=E;, |:EyN’/T(-|:B) [(R(:B, y) — Bln 2(:{53:)) Vinn(y | .CL‘)] +Eyr(oy =BV Inn(y | z)] ]**
=Eznp, yor(-|2) [(R(IE, y) — Bln WW(:ZLQTL)) Vin7n(y | .’E)] (since EyVIn7(y | z)] = 0) -l

= ]Ea:rvp, y~(-|x) [RE(CU, y) Vln7r(y | .CU)] .

Welcome to NLP, now. cohere.com



KL-Regularised Policy Gradient Method

Pros and Cons
Pros

e Simple, general, and black-box: works with any differentiable policy and
e KL-to-reference naturally stabilizes offline/hybrid learning and encodes
e  Straightforward to implement with

Cons related to the Reward + KL formulation :

e Sensitive to beta : if beta too small — drift off-support; too large — under-exploration / slow improvement.

e  Careful reward/log-ratio scaling for numeric stability.
Cons of classical policy gradient formulation :
e 1) High variance gradients; can be sample-inefficient without strong baselines/critics ?
II) Convergence in offline setting if we cannot sample ?

Lead to an algorithm that converge in offline setting :

Welcome to NLP, now. cohere.com
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ll. Training LLMs, losses, optimization : from SFT to

Q O T W
N N N

Reinforcement Learning

How to Train an LLM ?

Small note on Modern Optimization for Large Models

Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

(1) Pretraining and Supervised Fine-Tuning : the cross entropy loss
(2) Offline Preference Learning

Reinforcement Learning : from offline to online learning

(1) Policy Gradient with KL regularised

(2) Variance Reduction and Leave-One-Out baseline

Welcome to NLP, now. cohere.com



I) The idea of baseline to reduce the variance in policy gradient

1) Finding a baseline b(x) without introducing bias in the gradient ?

*
Ea:rvp, y~(-|x) [b(CB) V].Ilﬂ'(y | $)] = ESBNP [b(.’E) Eyfv'lr(-la:) [v lnﬂ-(y | $)” =

67

'](ﬂ-) — IEa:Np, y~(-|x) [(Rg(xa y) _ b(x)) \% lnﬂ-(y | x)] y

Subtract the baseline!

T = LY m(y: | z:)
_NZ( (zi,9:) — Bln L —b(:):z-)) Vinn(y; | z;).

7Tref(yi | xz)

Welcome to NLP, now. cohere.com



68
|) Reduce the variance in policy gradient while being unbiased ?

1) Finding a baseline ;) without introducing bias in the gradient.
2) Find a baseline that reduce the variance of the loss function.

Var((A — b)g) = E[(A — b)® ¢°] — (E[Ag])”.

Variance-minimizing constant baseline (exact, for scalar g)

b*(z) = Cg;;ij(élg’)g) + E[A].

Assuming the gradient g independent of A

b*(z) ~ E[A].

That is our target distribution we are trying to optimize, but we can find something close to the expectation !

Welcome to NLP, now. cohere.com



1) An unbiased baseline : the Leave-One-0ut baseline

_ Prompt 2 Completion 2
Mean baseline S — o
Prompt 4 Completion 4 r4
_Prompt1  Completon 1.1 | ri1-
Leave-one-out baseline N eI 2 r1.2
Prompt 1 Completion 1.3 r1.3
Prompt 1 Completion 1.4 r1.4

\Welcome to NLP, now. cohere.com
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)

or Reinforcement Learning Leave-One-0ut

OO (z, y 1K) = Z Rj(z,y’)
J#z

gRLOO

EI_(: (Rﬁ(x y') — b;79%(z, y" K)) Vinzn(y" | z).

\Welcome to NLP, now. cohere.com
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) Whg is a unbiased PG method ?

K K
E[grLoo(x) Z [Rj(z,y") Vinn(y' | z) EZ E[b;°° (z,y"") Vinn(y' | z)]

K
_Eyww(m[Rﬂ(x y)Vinn(y | z) , Z [ _12Rﬁxy)Vln7r(y | z) | .
i=1 J#i

TNV
desired gradient

I.i.d or exchangeable variable <k

E|(R3(z,y’) Vinn(y* | z)] = E|[R3(z,y’)] E[VInn(y* | z)].
Scoreidenty X Eyn(|o)|VInm(y | 2)] =V / m(y | z)dy = V1=0.

E|grLoo(z)] = E[Rj(z,y)Vinn(y | z)] .

Welcome to NLP, now. cohere.com



ll. Training LLMs, losses, optimization : from SFT to

Q O T W
N N N

Reinforcement Learning

How to Train an LLM ?

Small note on Modern Optimization for Large Models

Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

(1) Pretraining and Supervised Fine-Tuning : the cross entropy loss
(2) Offline Preference Learning

Reinforcement Learning : from offline to online learning

(1) Policy Gradient with KL regularised

(2) Variance Reduction and Leave-One-Out baseline

(3) Contrastive Policy Gradient and convergence in offline setting

Welcome to NLP, now. cohere.com
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II) The case of off policy Learning : Contrastive Policy Gradient "

loopc(y,y'5m) = (Rg/g(y) - Z/z(y’)) ln% + ( B/2(y) — RE/z(y)) lnwl(fgzy),)-

()

L(ﬂ') —_— ]E'ymp,l, ’lel,l,z [ECOPG (y7 y,; ﬂ-)] ‘

L(m) = Ey~p, [( 5a(y) — %“2) lnLy))] +Eymp, {(Rgﬂ(y/) — @“1) lnM] :

Tref (y Trref (y’)
Rg/2“ = EyNu[ E/z(y)] ) With k=2 and sample
from current policy
A CoPG=RLOO!
RL Objective:
J(7) = Exnp By ) [R(x,y) — BKL(7 || 7Tref):|

Theorem (informal):

“Given offline data generated with same support than the reference policy,
the minimizer of CoPG loss is the same as the classical RL objective”



II) The case of off policy Learning : Importance Sampling "

Offline setting can come from :
e Data sampled not from current policy but from a dataset.

e Not the same hyperparameters during sampling eg temperature etc..
e Sampled using modern engine such as vLLM etc..

Jot (1) = Egnp Ey~p(-|z) [

)| = BRL(n(- | 2) | et (- | 2))
w(z,y)

Kn

1 N
o) = 7 3 | oy B ) = BKL( 2 [ e 20)

Cons : very big variance, need support condition between target and sampling condition to works well

Welcome to NLP, now. cohere.com



Short Recall all the losses -

RL Objective:

i m(y | z)
R CU, — R x) - ln —_—
J(7) = Exnp Eyor(o|n) [R(x,y) — BKL(7 || mref) | 5(z,y) (z,y) — B

Tref (y | x)

Policy Gradient Theorem : VJ(7) = E  2~p [(R(:}:, y) — Blog M) Viogn(y| a:)] :
y~r(-| ) Tret (Y | 2)

Want to Converge in offline setting ? Use Contrastive Policy Gradient loss (CoPG) !

Tr(y | x)) + ( 5/2(377 y,) o Rg/2($ay)) In M

lcopa(T,y,y'sm) = (Rg/z(ﬂ% Yy) — Rg/z(l',y')) In m Tret (Y | )

(y*|z) log "W 12) D

Not having access to rewards but to pairs of completion ? £pro = —logo (5 [log ror (0T 12) 28 mres (- |)

CoPG converge in offline setting without need of online generations while
Classical PG with and without variance reduction fails. Same for DPO.

Welcome to NLP, now. cohere.com



CoPG vs IPO (pref) vs PG in offline Setting (Bandit experiments)

Setting : 3-armed bandit with rewards (2.5,2,1) starting from uniform reference policy.
Optimal policy : 7 (y) X exp (R(y)/ﬁ)
Metric : regret = J(my) — J(7), J(7) = Eyr[R(y)] — B KL(7||7ret)

0.8 1 ///
//
///V
0.6 P
) o
()
| .
(@)
0.4 1
2
021 — CoPG -
—— PG (no baseline)
—— PG (value baseline)
004 — IPO
0

250 5(')0 7%0 10'00 12l50 15I00 17I50
training steps

\Welcome to NLP, now. cohere.com
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Win rate

SFT vs DPO vs Classical PG algorithms

TL;DR Summarization Win Rate vs Reference

0.7 |~ DPO == Preferred-FT
!. —J— PPO | SFT on best in lower
061 P ot than DPO
0.4 B T
0.3 . Policy gradient is harder to tune

on pref-models
0.2 1

0.1 1

Rafailov, Rafael, et al. "Direct preference optimization: Your language model
0.0 is secretly a reward model." Advances in Neural Information Processing

0.00 0.25 0.50 0.75 1.00 Systems 36 (2024).
Sampling temperature cohere.com




CoPG vs DPO in offline Setting (LLM experiments)

—-1.75 — corG
— IPO
— DPO

0 200 400 600 800 1000 1200
validation step

Experiments on 7B model on TL:DR dataset
https://arxiv.org/pdf/2406.19185

\Welcome to NLP, now. cohere.com
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ll. Training LLMs, losses, optimization : from SFT to

Q O T W
N N N

Reinforcement Learning

How to Train an LLM ?

Small note on Modern Optimization for Large Models

Imitation Learning vs Preference Learning vs Reinforcement Learning
Offline Learning

(1) Pretraining and Supervised Fine-Tuning : the cross entropy loss
(2) Offline Preference Learning

Reinforcement Learning : from offline to online learning

(1) Policy Gradient with KL regularised

(2) Variance Reduction and Leave-One-Out baseline

(3) Contrastive Policy Gradient and convergence in offline setting
(4) Stabilizing online RL with GRPO

Welcome to NLP, now. cohere.com
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Two setting for Online RL but one big problem

Reinforcement Learning from Human Feedback (RLHF)

0111 = 6; + aVyJ(mg)
Policy Update

: I
I . . I
! [ Preference J RMtraining|  Reward Model |
: = €
! EL (offline) 7 = RMy(z,y) '
: 1
. Scalar
: T Reward :
' Comgletions | 8
: I
: 1
: I
I I

Problem : Online RL suffer from bug variance and sometimes
classical baseline is not enough for avoid collapse...

\Welcome to NLP, now.

s 7Y if correct
10 otherwise

Verifiable Reward

b

main_rlvr_metrics/train/pre2_filtering_mean_reward
= 001_rlvr_mhl_multi_env_baseline_prrcl0223w8p-hastar01-fax
0.8

0.75
0.7
0.65
0.6
0.55

0.5 Step

Ct

. Scalar
’f’z Reward

011 = 0; + aVyJ(mp)

Policy Update

Reinforcement Learning wj
Verifiable Rewards (RLV a
1
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Trust Region ideas

VoJ(m9) = Epd, yaro(|z) [A™ (2, ) Vg log mg (y|z)]
A™(z,y) = Q" (z,y) — V7 (2).

When a single minibatch with large positive (or negative) advantages can push current policy very far from the previous policy. When the
policy changes too much:

1. Your advantage estimates become “stale” (they were computed under the old policy).
2.  The sampling distribution shifts, causing high variance / collapse.

3.  With function approximation (neural nets), large steps can overshoot and degrade performance.

This is the motivation for trust regions: only trust the local (small change) approximation of improvement

m(ylz) 4

rora(y]2) old(z,y)|  st. Egpup [Drn(moa(-|z) || 7(-|z))] < 6.

Solution ? max E:B,yNﬂ'old
TT

Welcome to NLP, now. cohere.com
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From Trust Region ideas to PPO using clipping

h
max By yenys |49 Ag(a,y)| st s [Dicu(masa(lo) | ()] < &

Wold(y|x)
m(y|z)
r(e,y) = ———.
®9) = al)
Interpretation:
o If Aga(x,y) >0 wewant ?"(IE, y) > 1 (increase probability).
e If Aga(z,y) <0 wewant 7(z,y) <1 (decrease probability).

o But the KL constraint prevents from becoming extreme

Lppo(m) = —Ez yrryy [min (r(z,y) Aod(z,y), clip(r(z,y), 1 —€, 1 +¢€) Aaa(z,y))].
Aw(xay) — Qw(xa y) - Vw(x)
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II) GRPO objective : remove target network from PPO

Reference
Model

Reward
Model

Trained
Models

Value
Model

—————————————————————————————————————————— Frozen
KL Models

Reference T‘ %
Model 1 1
Reward r, Group A,
Model — Computation —
Og G AG

https://arxiv.org/abs/2402.03300
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1) GRPO objective

Ae,y) = DU =D 0y~ Bs(@ )], 0(2) = /Vary o B, o)

LGRPO—Clip (7T0) - _]EzNDEyN'rrold(-|z) |:m1n (T(CB, y) A(ZL‘, y)7 clip('r(x, y)7 1 - €, 1+ 6) *’Zi(xa y))] .

e Not supposed to converge in offline/online

e Clipping is added for stability

e Biased baseline because of the standard deviation normalisation

e Possible to add Importance Sampling between trainer and sampler to improve stability too.

Welcome to NLP, now. cohere.com



To go further ? Some reading !

SFT Memorizes, RL Generalizes: A Comparative Study of Foundation Model Post-training
https://arxiv.org/abs/2501.17161

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model?
https://arxiv.org/pdf/2504.13837

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models
https://arxiv.org/abs/2402.03300

\Welcome to NLP, now. cohere.com
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Conclusion 8

RL is now central in LLM fine tuning.

It allow better generalization compared to SFT, while very difficult from an infra perspective.
Online RL allow to self-correct mistakes, as long as we are able to deal with the variance of PG.
DPO is useful when there is no ground-truth e.g. traduction

TP : Code DPO, PG PG gradient with baseline, CopG in offline setting !

Welcome to NLP, now. cohere.com



A small note on the use of Al %

This is simply my personal opinion and this does not engage my company :
Al is great for coding, translation, education, medicine BUT...

Al is becoming politic and a sovereignty question many countries and we should care more about
training a more responsible Al , safety etc...

We must avoid mass domestic surveillance, fully autonomous weapons using Al etc...

Example of company/institution which do not care at all : Palantir (mass domestic surveillance),
XAl (racist, misogynist Al), US Gouvernement.

This is possible to care about this. Anthropic : not using Al for war : here . As future
engineer/researcher/assistant professor :

Train your favorite model with all the tools you can use, but always care also about the data,
safety, the finality of your model and not only pure performances...

Welcome to NLP, now. cohere.com
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Online Supervised Fine-tuning

Pros

. - L L= e Reduces exposure bias: the model is trained on the states it
actually visits (its own prefixes), not only on expert prefixes.
e  More robust to its own errors : learns how to recover from

softmax

loglts
LxDY<t,- Ty

Sl suboptimal earlier tokens.
T, e  Still a supervised loss: no reward/reward model, gradients are
. well-behaved cross-entropy.
Lsrr = E@y)~Dser |~ Z log m(yt |z, y<t) ’ e Conceptually between SFT and RL: closer to on-policy learning
=1 without full Reinforcement Learning complexity.
. . T
2 Cons
= W xl;;glts L softmax }_} sample . .
- Y<ts*) (- | X, y<t) e e More expensive : you must sample rollouts from the current
_ model
on-policy Ty~ . 3 e Mismatch with reference: if sampled prefixes diverge a lot from
Lspr = E(z,y*)~Dspr Bgr.omme(la) [~ Z log m(y; | =, 9<t) | - the reference answer, the targets can become incoherent or very
| =1 low-probability, increasing variance.

o  Still limited by labels : you’re not exploring arbitrary behaviors;
you're still trying to imitate given references.

Still limited by labels ? =» Use reward function and not ground-truth!
Mismatch with reference ? =» Use negative reward on bad sampled trajectory and not only good completion !

Welcome to NLP, now. cohere.com



RL algorithms 90

Classical RL RL for LLMs
Policy Gradient REINFORCE, PPO, TD3 efc.. PPO, CoPG, GRPO etc...
Bellman SARSA, Q- learning based ?
Residual/Bootstrapping method ? DQN, etc...

approaches

Could we derive algorithm based on Bellman equation for LLMs,

that take in to account LLMSs specific characteristics? A method with better credit assignment ?

In RL you observe a delayed scalar signal (reward). Credit assignment is the problem of figuring out which past
state—action choices “deserve credit or blame” for that reward.

Welcome to NLP, now. cohere.com



sy =z, ]

ap =y1~ ﬂ(- | Su)

LLM as Markov Decision Processes

‘ az =ys ~ (| s2)

> s1= (7, y<1) | > 52 = (x, Y<a)

>} s3 = (7, y<s)

State: s = (z,y<t)

Action: a: = y; (next token)

Policy: 7(a: | st)

Transition: s;11 = (2, y<: D ar)

R(z,y), a:=eos or t = Tmax,

Hierard Sios et 0 otherwise
) ¢

Return: R(z,y) = Y IY 417 (s¢, as) (typically y = 1).

\Welcome to NLP, now. cohere.com

a3 = eos

p

Terminal (eos)
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User turn u;

Multi-turn BL

92

User turn us

Turn context:

Action: agk)
supplies uk+1

Episode return:

1 1 1 1 1
context ¢; [ \ a(() : = yg ) ~ ( ) = — yg ) P aé ) = = eos
‘ ; S(()l) (z,u1, ) ” ’ e (- y(<11)) ’—> sgl) —1(; y(<12) ( eos (end turn 1) ).
o =4 (2) _
context co \ =1 ,ay " = eos -~ 33
— (2) = (z,u1.2,yD, ) ‘_ > ‘ ng) ¢, (2)) ’—» eos (end turn 2) ) _____,——"’
""""""" append (y™)
ithin- . (k) _ (k)
¢k = (T, U1k, Y1:k—1) Within-turn state: s;~ = (ck, y<r)

= yt(k); token reward 0 except at eos Between turns: user

EI{:":] R(k) or R($a ul:KyylzK)

Welcome to NLP, now. cohere.com



State: s; = (z,y<t)
Action: a; = y; (next token)
Policy: m(a: | st)

RL Recall on Credit assignment an o & e

R(z,y), a:=eos or t = Thax,

93

Reward: r(s:,a:) = ;
0, otherwise.

Return: R(z,y) = 1% 417 (st, a¢) (typically v = 1).

TD learning = Bellman credit signal ~ State-value Bellman: v, (s;) = E,[r(ss,a:) + Y (St41) | 8¢] -

T—-t—1

Monte Carlo (full-return target) G = Z YEr(Sesn, arr), V(st) « V(st) + a(Gr — V(sy)).
k=0

TD error (credit signal) 0 = 1r(sg,08) + YV (ser1) — V(se), Vi(sy) < V(ss) + ady.

E[0; | s¢,a:] = qr(s¢,a:) — vr(s¢) = Ar(S¢,a4), so TD error is an unbiased per-timestep advantage/credit si
SARSA: Q(s¢, ar) < Q(st, ae) + afr(se, ar) + vQ(st41,a41) — Q(s¢, ar)]
Q-learning: Q(s¢,a:) + Q(s¢,a;) + a[r(st, a;) + Y max Q(si+1,a") — Q(s4, a,t)] :

Unbiased but higher variance; no one-step bootstrapping. TD uses the Bellman one-step target and its residual as the immediate credit signal that propagates
reward backward.

Welcome to NLP, now. cohere.com



Back to basics : KL reqularised Bellman equation

Theorem 1
Let g € RS*A be the unique function satisfying, for any admissible (s;,a,Ss41),

q(st-l-lv a,)

q(se,ar) = r(se,a) +¥BIn Y mrer(d'[st41) exp 5
a’eA

Then, the unique optimal policy maximizing RL objective satisfies

Trep(at]si) exp 2557

2 ac A Tref(@lst) exp ‘7(5‘%“)

T (at|st) =

Naive L2 residual approach ?

B

Sti1,a
Liry1(q) = Exy~p [ Z (r(3t>at) + 781 Z Tref(4'[St+1) €xp 9(st41,2)

St €(x,Y) aeA

94

— q(st,at)> ]



Issues with naive L2 residual approach

Liy1(9) = Exy~p

95

2
> (r(snﬂt) + 78I Y Tree(@'[se41) exp q(SHﬁl’u = Q(St,at)> ]

5,8t € (X,Y) a’ceA

:need to load and m) Easing sampling: eliminates the need to load

infer reference and policy networks for sampling and infer from the reference models.

reference policy with no rewards.

Ltryl

q(st,a¢) + BInmrer(as]s:)

m(at|s:) o exp

5 : Mathematically : a change of variable/shift

: the loss is not zero at the m) Initialization trick: leverages the pretrained

policy for a smarter Q-learning start.

Mathematically : a second change of variable/shift

. difficult to learn from only final mm)p Going Multi-step: propagates rewards more
rewards/sparce rewards

1. Easy Sampling

effectively across multiple steps.

>

2. Initialization trick

3. Going Multi-Ste
Liry > Lirys & ¥

ShiQ for
Shifted Q!




2
, Sty1,a 96
Ltryl (9) = Exy~p [ Z (r(st,at) +781n Z Tref (@' |St41) exp M - Q(St,at)> ]

St € (%,Y) a’eA 'B
Q(St, at) + 6 In 71'1'ef(at|3t)
,3 .

Ltry2 2. Initialization trick LtryS 3. Going Multi-Step .
lyl [ 1yl

Lena() = B yyen |3 [ oo+ (r(sk,ak) ~ pin Teld | 51) ) ~ B (wnls) — veer(51))

— |\~ Tref (Qk | Sk) \/

Going multi-step Add a term, for good initialization
Relation between policy, logits and value function in regularised bellman equation :

m(ag|s;) = exp

Ltryl 1. Easy Sampling

To(ye |2, y<t) = exp(U(z ® Y, Yt) — V(T B y<y)) With ve(z D y<t) =1n )  expl(z B Yoy, w)
weY

Theorem (informal):

“Given offline data generated with same support than the reference policy,
the minimizer of ShiQ loss is the same as the classical RL objective”



3-armed Bandit setting
e Setting : 3-armed bandit with rewards (2.5,2,1) starting from uniform reference policy.
Optimal policy : 7 (y) X exp (R(y)/ﬂ)
Metric : regret = J(ﬂ'*) — J(A),

. ), J(7) = Eynr[R(y)] — B KL(m||mrer)

Regret over Iterations

—e— copg
—&— dpo
—e— shiq

—&— shiq_no_init

0.05 1

0.00

T T T T
15 20 25 30
Iteration



o x O grid experiments
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- nm
Regularized Regret

Regularized Regret

IS o ®

N

Final reward setting

Regularized Regret Over Iterations for Different Algorithms

Pareto Front

5 —e— shiq b XX xR Ak X w KoooRRoRK
—e— dpo 6 * K X
6 —e— copg =
5 Xy %
X
°
5 g P X
[} .
4 o X
3
[}
()] X
3 o x
o] s
> x
2
Ty shiq
q dpo
T % copg
0 X optimal
-1
0.0 01 0.2 03 04 05 0.6
Average KL
. . .
Fine-grained reward setting
Regularized Regret Over Iterations for Different Algorithms Pareto Front
—e— shiq 6 — shiq
—e— dpo dpo
—e— copg copg
_— optimal
2
©
=
[0}
o< 2
(9]
[®)]
e
[
z

0 50 100 150

200 250 300
Iteration (batch number)

0.6 0.8 1.0
Average KL

11 /1.



Multi-turn DPO , Multi-turn CoPG Losses as a baseline.

1
T a
EDPO(”) D) - E(St at)ND loga Z /Blog ( t
t=0
N-—1 1 1 M-1
m(a; | ;)
: D Es,.a)~ 1 —
(7 P) = Eowiayo (;5 %l 1) &

Welcome to NLP, now.
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Test mean reward

Single-turn experiments on HH datasets with 7B models

Test Generation mean reward over Steps

2.6

s
S
1

e
N
1

N
o
L

Ly
(o]
L

1.6 1

100 200 300 400 500 600

Step

\Welcome to NLP, now.

Test mean reward

2.6

2.4 A

2.2

2.0

1.8 1

1.6

Test Generative mean reward vs KL divergence

x dro
x dpo ® (% e x
x copg . X x %
. X xx
x  shiq XX
X% X B
X x % ¥ X
x X | %x f:x x X
X X X xR
X X*
X X
X X
X
X X
x
2 a 6 8 10
KL divergence
cohere.com
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Test mean reward

Multi-turns experiments on BFCL-v3 datasets with 7B models

Test Generation Mean Reward

© o© o© o ©

= ) N w w

wn S ) o %)
| L ) ) )

0.10 A

0 50 100 150 200 250 300
Step

\Welcome to NLP, now.

Mean Reward

0.45

0.40

0.35

0.30

0.25

0.20

0.15

0.10

Generative Mean Reward vs. KL Divergence

Method
shiq
dro
copg
dpo

X X X X

0 10

cohere.com

20
KL Divergence

30

40
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Conclusion on ShiQ algorithm (for LLMSs) 103

Improved initialization: leverages pre-trained policy for a smarter Q-learning initialization.
Multi-step extension : ShiQ propagates rewards more effectively across multiple steps.
Single Network Requirement: Using the LLM as the policy without a separate value network.
Single Trajectory Requirement: Eliminating the need for pairs of completions.

ShiQ can adapt to both single and multi-turn RL. Fine grained allocations.

ShiQ could be used on other field/application ?

\Welcome to NLP, now. cohere.com



s A b | a-t i O n S O n H H Test Generation mean reward over Steps 104

shig_no_ms

247 ohig /\\
—— shig_no_init \/
—— shig_no_tk /\
~

s
NAVs

|
0 100 200 300 400 500 600
Step

I
N

< X

Test mean reward
~
>

=
@

¢
\

2. Initialization trick

3. Going Multi-Step 16

1. Easy Sampling Trick

L ()

Test loss over Steps
|

|
5 | —— shig_no_ms
—— shiq
. . sl | —— shig_no_init
3. Going Multi-Step 2. Initialization trick —— shig_no_tk
a
o 3
o
0
©,
14
0 T - T
0 100 200 300 400 500 600
Step
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