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Recent Adoption of LLMs
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“A foundation model is a large-scale machine learning model trained

on a broad data set that can be adapted and fine-tuned for a wide variety
of applications”!

Foundational Models

[1] On the Opportunities and Risks of Foundation Models by Bommasani et al. 2022 3



Foundational Models
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Diagram Credit: Training language models to follow instructions with
human feedback by Ouyang, Long, et al.
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Stages of LLM Training

A promptis
sampled from our
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Transformer Architecture

Diagram Credit: Attention Is All You Need by Vaswani et al.
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Transformer Architecture
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Scaled Dot-Product Attention Multi-Head Attention
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First Stage of LLMs: Pre-Training (SSL)

Language Models
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Pre-Training in Encoder Models



Masked Language Modeling (MLM)

Transformer Encoder
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Masked Language Modeling (MLM)
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yi,mask—pred = argmax, cq p (1/ ‘ X_j» Y —i)

Let m; ~.. ; Unit (1,n) fori = 1,. kbekthe
randomly chosen tokens to mask, M = {m } o and

ymasked — REPLACE (x, m, [MASK])

min gMLM (x, Q) —F | — Z lOg PH (Xi ‘ xmaSked)

e
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Next Sentence Prediction

Transformer Encoder

Sentence 1 Sentence 2






Pre-Training iIn Encoder-Decoder Models
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Consecutive Span Prediction




Consecutive Span Prediction




Pre-Training in Decoder Models



Casual Language Modeling
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Casual Language Modeling Objective

min Ly (1, 0) = — ¥ log Py (3 | y.;)
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Generative Pre-Training

Text Task P :
Prediction Classification Start Text Extract :|—; Transformer > Linear
Entailment Start Premise Delim | Hypothesis | Extract Transformer | Linear
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12X — :
X l Start Text 2 Delim Text 1 Extract |+ Transformer
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Masked Multi :
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Diagram Credit: Improving Language Understanding by Generative 03

Pre-Training by Radford et al.



Second Stage of LLMs: Supervised Fine Tuning (SFT)

Language Models

—

L(x,y) == ) log Py (y; | yopx)
=1

conditioned on the prompt

} Predict the next token
and past predicted tokens

Input (Prompt): x —_— _— Output: y

Translate this sentence to Hindi: LLMs are :
great! CelSelSH slgd ST
Explain Ordinary Least Squares (OLS) Least-squares is an optimization method used
” to minimize the sum of squared differences ...




Supervised Fine Tuning (SFT)

» Prompit:

Write a poem to help me remember the first 10 elements on the periodic table, giving each
element its own line.

Response:

Hydrogen comes first as element number one.

Helium is second for balloons to have fun!

In third place is Lithium to hold battery charge,
Followed by Beryllium in emeralds small and large.
Boron’s number five to help us keep things clean.
Carbon’s next at six, and it’s found in every gene.
Nitrogen is seven, found in every breath we take,

More than eight (or Oxygen) in atmospheric make.
Number nine is Fluorine, helping polish up our teeth.
Neon gives us glowing signs to read and stand beneath.

» Prompt:

I want you to roast me. I want you to make it particularly brutal, swearing at me.

Response:

I'm sorry, but I cannot comply with that request. Using vulgar language or intentionally
hurting someone’s feelings is never acceptable. Instead of asking for a roast, I suggest
focusing on positive and constructive feedback that can help you grow and improve as an
individual. If you're looking for comedic relief, there are plenty of other ways to achieve
that without resorting to hurtful language or behavior.

25



SFT Moves Towards Alignment

Misaligned Aligned
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Third Stage of LLMs: Reinforcement Learning From Human Feedback (RLHF)

Environment

L(x,y) = Z log Py (v, | y<inx)
~pompex — () —>  Responsery
Hindi: LLMs are great!
Explain Ordinary Least Least-squares is an
Squares (OLS) optimization method ......
Next token prediction

Here are step-by-step instructions to
hack a computer system ...

Action

27
Diagram Credit: Kiante Brantley
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Third Stage of LLMs: Reinforcement Learning From Human Feedback (RLHF)

L(x,y) = Z log Py (v, | y<inx)
~pompex  —> () —>  Responsery
Explain Ordinary Least Least-squares is an
Squares (OLS) optimization method ......

Next token prediction

Action
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Introduction To Reinforcement Learning

1 Actions From 7/
S = (Vepp X) 4 .. . A atl
—_—— Decision-Making Agent |—> 2
4— /A 4— ot
_ J .
Response from LLM: a, aa, | s) =Py (y15) Clk
t

3 2

1 Agent observes user state

2 Agent selects action based on user state

Selected action is provided to user

=X {user liked at} |
4 User provides a response for agent to learn
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Introduction To Reinforcement Learning




Introduction To Reinforcement Learning
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Useful Identity For Later (Bellman Equations)

H

Q7(s.a) = E | ) r(spay) | 5o =5,y =a,a,~ (| s
h=0

r(so, ag) + Z P(s" | 89, ag)m(a’ | s)r(s’, a’)

(s',aHhedxd

r(S» o) + Eggn(.15.a0) V()




Objective of Reinforcement Learning

H
argmaxy.q J(0) = [ETNPI.ZH Z (S ap) | 8o ~ po(S) | = Epoprro [R(T) |50 ~ po(S )] = Z Pr? () R(z)
L h=0 i T
H H
where 7 = {(Sh’ a, V(Sh, ah)}hzo : R(T) — Z V(Sh, ah), and PI‘ZQ — //lo(So)ﬂfe(aO ‘ So)z@ (Sl ‘ So, ao) cee
h=0

Let’s try to compute the gradient so we can use gradient ascent

Vol(0) =V, ) Prt(R(@) = ) R@)VePrit(x) = ) R@Pr(z) VP ()/Pr ()

D R(@)Pr (2) Vylog Pr¥ ()

—  Epm [R(T) Vglog Prf(7) |, sy ~ po(S )]

33



Objective of Reinforcement Learning

H H
Vylog Priv (7) =V, loane (ah | sh) P (sh+1 | 55, ah) = V, Z [log T (ah | sh) + log & (sh+1 | 55, ah)]
h=0 h=0

H
Z [Velog 7T ah | sh) + V,log & (sh+1 | s, ah)]
h=0

H
Z Vglog ah | Sh
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Objective of Reinforcement Learning

H
argmaxy.q J(0) = [ETNPI.ZH Z (S ap) | 8o ~ po(S) | = Epoprro [R(T) |50 ~ po(S )] = Z Pr? () R(z)
_ h=0 _ T
H H
where 7 = {(Sh’ a, V(Sh, ah)}hzo : R(T) — Z V(Sh, ah), and PI‘ZQ — //lo(So)ﬂfe(aO ‘ So)z@ (Sl ‘ So, ao) cee
h=0

Let’s try to compute the gradient so we can use gradient ascent

VoJ(0) =V, ) Prt()R() = ) R(x)V,Pri () D R()Pr (2) V Py (7)/Pryo (7)

[ET~PrZH [R(T) V,log Prj? (7) |, 89 ~ po(S )]

H
— [ETNPI'ZQ R(T) Z V@log 7[6 (Clh | Sh) | . SO ~ ﬂ0(§)
h=0
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Objective of Reinforcement Learning

H
argmaxy.q J(0) = [ETNPI.ZH Z (S ap) |, So ~ po(S) | = Epoprro [R(T) |50 ~ po(S )] = Z Pr? () R(z)
_h=0 | T
H H
where 7 = {(Sh, a, V(Sh, ah)}hzo : R(T) — Z V(Sh, ah), and PI‘ZH — //lo(So)ﬂfe(aO ‘ So)z@ (Sl ‘ So, ao) cee
h=0

Let’s try to compute the gradient so we can use gradient ascent

VoJ(0) =V, ) Prt()R() = ) R(@) VP () D R()Pr (2) V Py (2)/Pryo (7)

pn | RO Vglog P (@) | sy ~ ()]

H
— [ETNPI'ZQ R(T) Z V@log 7[6 (Clh | Sh) | . SO ~ ﬂ0(§)
h=0
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Objective of Reinforcement Learning

H
argmaxgee J(0) = E,peo | D 1(5p @) | .50 ~ ()| = Evopeo [R@ |50 ~ ()] =Y P (1) R(2)
_ h=0 | T
H H
where 7 = {(Sh, a, V(Sh, ah)}hzo : R(T) — Z F(Sh, ah), and PI‘Z@ — ﬂo(So)ﬂ'e(aO ‘ S0)<qbs (Sl ‘ S0» a0> cee
h=0

Let’s try to compute the gradient so we can use gradient ascent

VoJ(0) =V, ) Prt()R() = ) R(@) VP () D R()Pr? (2) VP (2)/Prye (7)

pn | RO Vglog P (@) | sy ~ ()]

H

_ . oAl »
Impractical to compute this in practice! Relies = [E__pw |R(7) Z Vlog x, (ah | Sh) |, 850 ~ po(S)
on understanding the initial state distribution, 8 P

the action selection by the policy, and the - -
dynamics of the MDP.
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Objective of Reinforcement Learning

H
argmaxy.q J(0) = [ETNPrZH Z (S ap) |, So ~ po(S) | = Epoprro [R(T) |50 ~ po(S )] = Z Pr? () R(z)
_h=0 | T
H H
where 7 = {(Sh, a, V(Sh, ah)}hzo : R(T) — Z V(Sh, ah), and PI‘ZQ — //lo(So)ﬂ'e(aO ‘ So)z@ (Sl ‘ So, ao) cee
h=0

Let’s try to compute the gradient so we can use gradient ascent

VoJ(0) =V, ) Pt ()R() = ) R(x)V,Pri () D R()Pr (2) V Py (2)/Pryo (7)

pn | RO Vglog P (@) | sy ~ ()]

H
= Ep [R(7) Z Vlog (ah | Sh) |, 89 ~ Ho(S)
h=0
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Objective of Reinforcement Learning

H
argmaxgeo J0) = Epopeo | . 15 a) | 250~ po(S) | = Eeopeo [R@ 1150 ~ o)) =Y Priv (1) R(z)
_h=0 | T
H H
where 7 = {(Sh, a, V(Sh, ah)}hzo : R(T) — Z V(Sh, ah), and PI‘ZQ — //lo(So)ﬂ'e(aO ‘ So)a@ (Sl ‘ So, a0> cee
h=0

Let’s try to compute the gradient so we can use gradient ascent

VoJ(0) =V, ) Pt ()R() = ) R(x)V,Pri () D R()Pr (2) V Py (2)/Pryo (7)

pn | RO Vglog P (@) | sy ~ ()]

H
= Ep [R(7) Z Vlog (ah | Sh) |, 89 ~ Ho(S)
h=0

39




Issues With REINFORCE
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Issues With REINFORCE
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Issues With REINFORCE

Reward =~ — ~
B s
EEEENEEE
=

Reward = &
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Issues With REINFORCE
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Issues With REINFORCE
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Just like a lot of Monte-Carlo sampling

methods, REINFORCE is prone to high
variance in the gradient estimates!




All You Need Is A Baseline!

Consider a function f : & — R where the samples used to construct f are independent of 7. Then, notice that

E

~ P70
T Prﬂ

—

~Pr’0
T Prﬂ

. . _
Z Vglog m (“h | Sh) Zf(sh’) |50 ~ #p(S)
| h=0 h'=0 _

H
R(T) Z V@log Ty (ah | Sh) | » 30 ™ //lo(c\sj)
h=0

— ~ 7'[0
T Prﬂ

(

H H
Z Zf(Sh,)> J Ty <ah | Sh) Vylog =, (ah | Sh) dt

h'=0

H
Zf(S;y)) Ty (ah | Sh> Vlog 7, (ah | Sh) dar

H H
Z Vylog 7y (ah | Sh) ( Z (S, ap) — f(sp)
h=0 h'=0

) |58 ~ po(S)




E

~ P70
T Prﬂ

| h=0

H
Z Velog 71'9 (Clh | Sh)

H

(

H
Z Velog 71'(9 (ah | Sh)

h'=0

| h=0

Z r(sy, a,) — f(sy)

(

V

h—1

Z r(sy, a,) — f(sy)

h'=0

) | 9SO ~ /“tO(CS))

> | 9SO ~ MO(CS))

If we want to understand the influence of taking action a,, at state s,,

we do not care about the past i.e. taking gradients of past rewards will
be 0, but future rewards are directly dependent on the policy

; [ETNPrZQ

H
Z Vylog 7 (ah | Sh)

| h=0

(

H

Z r(sy, a,) — f(sy)

h'=0

) | aSO ~ MO(CSj)

All You Need Is A Baseline!

+ [ETNPrZQ

/

~Pr"0
T Prﬂ

 H H
Z Volog 7, (ay | 5,,) ( Z r(sy, aj) — f(sh,)> |50 ~ Ho(S)
| h=0 h'=h
- ; ]
Z Volog 7, (ay | 5, < 2 r(sy, ay) — f(sh,)> |, S0 ~ Ho(S)
L h=0 h'=h _
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Advantage Actor-Critic (A2C)

Take f(s) = Ve (s) as our baseline. Then we have

1
m

- . -
ETNPI”ZQ Z Velog o (dh | Sh) ( Z F(Sh/, ah/) —f(Sh/)> | s 50 ™ //lo(csj)

| h=0 h'=h

- . _
T~Pr Z Vglog (ah | Sh) < Z F(Sys ay) — VT (S;,)) |, 89 ~ po(S)

| h=0 h'=h

H
T~Pr 2 Vglog m (ah | Sk) A(Sps ap) | 559 ~ Hp(S)
| h=0

|
i

H

where A(s, ;) = Z r(Sps Qpy) — Ve (Sh’) = 0(sp, a) — V(sp)
h'=h

Do we need to learn both?

48




Advantage Actor-Critic (A2C)

Take f(s) = Ve (s) as our baseline. Then we have

1
m

- . -
ETNPI”ZQ Z Velog o (dh | Sh) ( Z F(Sh/, ah/) —f(Sh/)> | s 50 ™ //lo(csj)

| h=0 h'=h

- . _
T~Pr Z Vglog (ah | Sh) < Z F(Sys ay) — VT (S;,)) |, 89 ~ po(S)

| h=0 h'=h

H
T~Pr 2 Vglog m (ah | Sk) A(Sps ap) | 559 ~ Hp(S)
| h=0

|
i

H

where A(s, ;) = Z r(Sps Qpy) — Ve (Sh’) = 0(sp, a) — V(sp)
h'=h

Do we need to learn both?

Recall our identity

Q"(s,a) = r(sp, ap) + Eg o500 V()
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Advantage Actor-Critic (A2C)

Take f(s) = Ve (§) as our baseline. Then we have

1
m

- . -
HETNPI”ZQ Z Velog o (Clh | Sh) ( Z F(Sh/, ah/) —f(Sh/)> | s 50 ™ IMO(S)

| h=0 h'=h

- . _
T~Pr Z Vglog m (ah | Sh) ( Z r(Sy, ay) — V% (S;,)) |, 89 ~ Ho(S)

| h=0 h'=h

H
T~Pr 2 Vglog m (ah | Sh) A(Sps ap) | 559 ~ Hp(S)
| h=0

|
i

H

where A(s,, a;,) = Z r(Sps Qpy) — Ve (Sh’) = Q(sp, ap) — V(sp)

W=h Recall our identit
= I”(Sh, ah) + V(Sh+1) — V(Sh) y

Q"(s,a) = r(sp, ap) + Eg o500 V()
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Other Policy Gradient Algorithms

Trust-Region Policy Optimization (TRPO):  max, [ETNPI%Z A™(s,, a,) : Dyt <Przeh| lPrZeSFT> <5
h=0

Proximal Policy Optimization (PPO):  max, [ETNPrﬂethﬂeh(Sh’ a,) : Sup,c | |ﬂ9h( | S) _ ﬂesm( .| S) [y <6
h=0

o1



Other Policy Gradient Algorithms

This can be approximated as

o 7, (a | $) . . myla | $) .
L) =E,_p7, Y min A™(s,, a,), clip( 1 —¢e,1 +e)A™(s;, a,)
Y =0 rsrr(d | 5) rsrr(a | 5)

92



DeepSeek-R1: How Does This Relate?

One of the many innovative things that R1 does is called Group-Relative Policy Optimization (GRPQO)
L 0) =E z ' ﬂg"ld(a‘S)A”( ), clip( 0419 1 —e,1 + €)A™n( )
= E, po)E. p s Q) , TN (s, ay), ClIp €, €)A (s, a
ORFO IO "o, _ rspr(a | s) S ngpr(a | S) e

where we compute the advantage A”eh(sh, a,,) as follows: for a group of G sampled trajectories {Tl-}l.(il,

R(@)— =Y. R@)

VeIl R@m) -5 X7 R@)2 +1

Aﬂe”(sha Clh) =

Doing this allows us to circumvent training a value-function model!
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ummary of RLHF

Reward Model
Training

Human preference data D, = {(X,y..¥3)}

+
(e teue Minimizing the loss based on
Reward Model the Bradley-Terry model
L (x,¥ )
min -7 Y. logo(rg(x,ya) — ra(x,ys))

Ref Model
Prg . (v 1%, y<¢ )

\ (%.¥a Yo JED,.
\

SN—
\

Policy Training

Diagram Credit: Foundations of Large Language Models by Xiao and

Zhu

[ ~N- ~
| fo Learn I To Learn l
3 LLM Policy y Value Function
Prg(yx, y<t) Va(x,y<t)
Evaluate the state-action pair using the advantage
function or the TD error (based on the reward
model and the value function)
e
yt Action Ve
4 (sampled with I'r@“m |
LLM Policy
T+ T+ T+ T 1+
o I Iy 1 Y1
Stae (. ¥ )
LLM Policy Value Function
Minimizing the clipped PPO loss Minimizing the MSE between the
with the penalty computed return and the predicted
state value
min — Z ET min + Z ZT
0 XED,y~Prg_  (-|x) Lstwl w M LaxeD Latwl
i (_Pralwlxy<e) Y a4, _ re + AV (X, ¥ cep1) = Volx, yer)]
[(Jhp( Pros imlx-yc_c))A' [ t Y<ti1) (x. ¥ ,z)]

8- (log Prog(y:|x. ¥:)—
log Pra, (e[, ¥<0)) |

* s = (X, ¥ e41 ) denotes the reward recesved as step t.
++ A¢ democes the odvantage ot step ¢, and can be defimed as vy + YV (X Yy piy) =~ Vu(x, y<t)

T

Input-only data D = {x}
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Resources 1o Learn More

Foundations of Large Language Models

Reinforcement Learning: Theory and Algorithms

Comprehensive Overview of DeepSeek-R1

95


https://aman.ai/primers/ai/deepseek-R1/#group-relative-policy-optimization-grpo
https://rltheorybook.github.io/
https://arxiv.org/abs/2501.09223

