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Design Principles of Modern RL

Covered these
technologies
so far!

—

— Function Approximation
Neural networks approximate value and policy functions

Off-policy Learning
Replay buffers improve sample efficiency

Variance Reduction
Advantage estimation reduces gradient variance

_  Entropy Regularization
Encourages exploration and prevents
premature convergence

Clipped / Constrained Updates

We'll explore
Improve training stability (TRPO, PPO)
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Evolution of Continuous Control RL

4 A 4 N 4 R
® Deterministic Policy ® Twin Critic Networks ® Stochastic Policy
® Single Critic Network ¢ Delayed Policy Update ® Entropy Maximization
e Off-Policy Learning ® Reduced Overestimation ® MaxEnt RL
J | ® Twin Critic Networks
8G.a) y /J\ ' Stochastic |
| . | critic | | critic | policy B entropy
Actor |—{ Critic e - o Term
min Q-value i 2 H(x)
7'y Del ey
Qs @) I policy critic | [ Critic
EING) Actor LS :
e.g.ax H(m(:|s))
. J . J \. J
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Motivation: Why Policy Gradient Is Unstable?

Policy Gradient Methods
* Directly optimize the policy
* (Can learn complex behaviors

» Effective for continuous action spaces

However, ...

5740

Need a method that
improves policy while
preventing excessively

large updates.
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Why Large Policy Updates Are Dangerous?

Even a small parameter update, policy gradient can drastically change behavior.

= We need a way to limit policy changes safely.

1.0

0.5

Same state s, but different action probabilities

Old Policy E-3 New Policy
10 0.98
0.55
0.45
0.5 4
0.02
0 J ==
d a a, a;
Action Action

» Parameters changed a little
 Action distribution changed dramatically

— Large update can lead to very different behavior

N

7

Effect of a large policy update

Before Update After Large Update
(Old Policy) (New Policy)
High Reward

Step-by-step improvement
Stable learning

Sudden performance drop

Unstable learning

Reward

* Policy moves too far from the previous policy
« Falls into a worse region (performance collapse)
+ Training becomes unstable

J
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Trust Region Idea

Trust Region:

Restrict policy updates to remain close to the previous policy

i r )
Expected Higher Reward Trust Region @ Small, controlled updates
Reward |  m™®  _____ (Safe Update Region) >~
* Sy % ') Stay within trust region
N =
® \\ A7 Stable improvement
W.l \\ ) ’

Current Policy 9
(Old Policy) M

New Policy
(After Small Updates)

Lower Reward

b
Policy Space

@ Small updates keep the policy close to the old policy
& Policy changes smoothly
@ Performance improves steadily

@ Training remains stable

Stable & Consistent Improvement
/

7 /40
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Conceptual Representation of KL Divergence in RL
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KL Divergence: Distance Between Policies

What is KL Divergence?

« Measures difference between two

probability distributions

« Compares old and new policies

« Quantifies policy shift

D1 (T[old | |7Tnew) <0

Small KL Divergence
— Similar Policies

— Stable Learning
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Introduction to the inventors

In mathematical statistics, the Kullback—Leibler Solomon Kullback
(KL) divergence (also called relative entropy and
I-divergence[1]), denoted Dg; (P||Q), is a type of
statistical distance.

A measure of how one probability distribution P
is different from a second, reference probability
distribution Q

Born April 3, 1907

Brooklyn, New York

Died August 5, 1994 (aged 87)

Kullback, S.; Leibler, RA. (1951).

"On information and sufficiency".

Annals of Mathematical Statistics. 22 (1): 79-86. o g
doi:10.1214/aoms/1177729694 Raymanfesc: Hore

Citizenship  American

Born March 18, 1914
Chicago, lllinois

Died October 25, 2003 (aged 89)
Reston, Virginia

ON INFORMATION AND SUFFICIENCY

Alma mater Northwestern University (A.M,,

Alma mater City College of New York
(B.A, 1927; M.A,, 1929)
George Washington
University (Ph.D,
Mathematics, 1934)

By S. KuLLBaCk anp R. A. LEIBLER Mathematics)

University of Illinois (Ph.D,
Mathematics, 1939)

The George Washington University and Washington, D. C.

1. Introduction. This note generalizes to the abstract case Shannon’s definition

of information [15], [16]. Wiener’s information (p. 75 of [18]) is essentially the
same as Shannon’s although their motivation was different (cf. footnote 1, p. 95
of [16]) and Shannon apparently has investigated the concept more completely.
R. A. Fisher’s definition of information (intrinsic accuracy) is well known (p. 709
of [6]). However, his concept is quite different from that of Shannon and Wiener,
and hence ours, although the two are not unrelated as is shown in paragraph 2.

Known for Kullback-Leibler divergence
g

Known for Work in Information theory,

Scientific career
Kullback-Leibler divergence ; ) )
Fields cryptanalysis, mathematics
Scientific career

_ ' Institutions United States Navy, Princeton
Fields cryptanalysis, mathematics, University, National Security

information theory Agency, Institute for Defense

Institutions  George Washington Analysis

University, National Security
Agency
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https://doi.org/10.1214%2Faoms%2F1177729694
https://doi.org/10.1214%2Faoms%2F1177729694
https://doi.org/10.1214%2Faoms%2F1177729694

Applications of KL Divergence

T ZO| K05 58 5 UCH?

Can measure the difference

between two policy distributions
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KL Divergence Definition

/=0l K= =X

Definition
_ _
D(pllq) = Eg)| log q(X)] = ZX log 700

XEX

, Where p & q are probability distribution

X is random wvariable and 010g% =0, Ologg =0, Olog% = o0

=At E 2 S B A BSol = FARLCHAA,

DGplla) = B, | g 23 | =+ > ) x10g 12
xeX
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Distance vs. Divergence

Note:
In general

D(pllq) # D(ql|p)
He| 792 AHESt= A
QF7tO] O|7dO| =

Euclidean distance # 8 A= Sl &

2EN AL ZH M= R E

7 S M ‘Element of Information Theory’ 12|11
Online Wiki 0| M= KL DivergenceS
KL distance 2t 11 E31

In information geometry, a divergence is a
kind of statistical distance: a binary
function which establishes the separation
from one probability distribution to another
on a statistical manifold.

The simplest divergence is squared
Euclidean distance (SED), and divergences
can be viewed as generalizations of SED.

The other most important divergence is
relative entropy (also called Kullback-
Leibler divergence)

Source: https://en.wikipedia.org/wiki/Divergence (statistics)
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https://en.wikipedia.org/wiki/Divergence_(statistics)

&0 2 A 2= KLD (1/2)

271740 847}
rzaa - Jgict
COhtess me g

p(x) p(x)

q(x) r(x)

D(pllq) = Xlog@

D(plir) = p(x) x log
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20 2 A 2= KLD (2/2)

23 3t0] =7t

L2tz o 8oLt p(x) _p(x)
MErE A2 4 S
b= ) ,“ 0 <700

D(rllq) = X log

D(pllr) = X log
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Lower Bound of KL Divergence

Using Gibbs' Inequality Using Log Sum Inequality
logt<t—1,vt>0 n . n n
i i=14ai
Proof ; “ logb—i = (; al) log Yi=1bi
QM)
Let t= P(x) Proof
Q) _0()
80 SPG0 D(pllg) = zp(x) log Exi
P(x)loggg i < Q(x) — P(x) < 2xp(x)
= <z pi>10g 2
00x) o 2 q(x)
D Pelog s < Z(Q( ) - P() 1
x =1X logI =
Z P(x) = Z Qx) =1 Therefore, Therefore,
)
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KL Divergence Visualization

q oo
o= 5 _;5| ot F B
LLCHH? p oI L}
D(pllg) =0 D(p||r) = o

—

D(pllr) = p(x) x log E ;
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Hp.q) = 1) +

Hlu CH& 0| & = 2tE 222
D TOl R " E /72| (diverse / distance)
71&0] &=
2tE =29
Qll E 2 I
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KL Divergence: Mathematical Interpretation

Discrete version:
P(x)
Dg, (P||Q) = zp(x) lOgQ(x)
¥ Trust Region Idea
I <
RL version: DKL(nold“nnew) <0

Small KL Divergence

DKL(T[Old”T[neW) — Similar Policies

_ z 7.12(als) log To1q(als) — Stable Learning
T Tnew(als)
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Trust Region Policy Optimization (TRPO)
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Trust Region Policy Optimization (TRPO)

« OpenAl (2015) 3 S& X}

Trust Region Policy Optimization

ShA A
° ChatGPT O_Il- = J_—I-Pg = 7:“ John Schulman
Sergey Levine
P p Moritz
T Michael Jorda
° OJEEJ'—L! Olzl(Z()le-) Piete:e\b;:r |m
Unive: (

* Thinking Machine Lab(2025)

- Sif?

John Schulman et al.

UC Berkeley, 2015, International

n the

Conference on Machine Learning (ICML) o, TRFD ik e

Motivations:
« Large policy updates can cause unstable learning and performance collapse.

« Vanilla policy gradient methods lack a mechanism to safely constrain policy changes.

Contributions:

« Large policy updates can cause unstable learning and performance collapse.

« Vanilla policy gradient methods lack a mechanism to safely constrain policy changes.
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TRPO Objective Function

{ ((J/) Maximize policy improvement while keeping the new policy close to the old policy.

Objective TRPO Optimization Problem | | What Does It Mean?

Objective Term

mg(als)
o e I

oa(als)

Maximize (Policy Improvement)
: Importance ratio

Find a new policy that

improves expected return mo(als)

T((Jl([ ((l ‘)

max E
0

» A(s,a) : Advantage (how good

S~Toid,» A~To1d A -
action « is in state s)

as much as possible.

* Increase probability of good
actions (A>0)

¢ Decrease probability of bad
actions (A<0)

subject to (Trust Region Constraint)
old - Previous (old) policy

Ty : New policy parameterized by 6 DKL (T[old ” T[B) = o

| A(s,a) : Advantage function

Constraint Term

@ e Limits how much the new policy

KL divergence between old and new policy can deviate from the old policy.

[ . H o
DKL : KL divergence must be smaller than a threshold 6.

* Prevents large, risky updates and

o) : Maximum allowed divergence ensures stable learning.

(@\ Intuition

N Y y

|

@ mprove the policy in the direction = Do not change the policy too much » Improve the policy, \
" (stay within the trust region).

that increases expected return. but do not move too far. ‘

{ * TRPO transforms unstable policy optimization into a constrained optimization problem {

\
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Geometry of Trust Region

/ @ Unconstrained Update (Unsafe)

@® Large update moves the policy too far.
@® May cross to worse regions — collapse!

Outside

Gradient Trust Region

Direction

Worse Policy
(Collapse)

Unstable Learning \

TRPO optimizes
the policy within
a safe region.

KL Constraint

DKL(nold “ 7tnew) <é

Limits how far the
new policy can move
from the old policy.

‘ Constrained Update (Safe)

@ Small update stays within the trust region.
@ Improves policy safely and steadily.

Too Far!

Trust Region
s (KL< 6) J
Y

7

’

”__——.~~

Gradient
Direction

Constrained
(Safe) Update

1
[
1
I
[
/

!/ V Stable Learning |

4 -\ - Exits the trust region
-« Performance may collapse

» KL constraint defines a safe zone

/j, @ Trust Region

« Prevents excessive policy change

23 /40

Constrained Update |

@ « Stays within the safe region

 Improves policy steadily
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Why TRPO Is Computationally Expensive?

@) Local Approximation
- (2nd Order)

+% AO” H AG

g : gradient

H : Hessian matrix

. " — =

g: Gradient vector,
the first derivative,
g = VgL(0)

"Where should we go?"

H: Hessian matrix,
the second derivative,

H = V:L(8)

=Y

Second-order approximation
form of Taylor expansion

Approximate the objective | 1
around 0,4 L(B) = L(OB,y) + gTAQ + EATHAH
L(8) =~ L(8,4) + g'AB /

AT AAK[0| A 2

objective 4}

=3

0= SH%US Mol & 7|t

HESE A
base value N . L
( ) HSIEF Gradient= 370 2eFRh 2y
= Z=X| 2t Hessian= = & (curvature)O|
. FO#OE T Tl — =
gradient &< o S UI've
olOpLt 0| = 3H=7}? A0tLE 25HA 2 =X[(RI=&$HA|, KLD)
E ' TZE NS

L(0): Current Objective
(expected reward or surrogate objective)

0,14: Policy params before update
6 : Current params of policy network

A@: Variation of params
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Why TRPO Is Computationally Expensive?

(¢ Local Approximation /’i_._"'ff Hessian Matrix i o| D= =)
PP 2) KL-divergence®| == (curvature)=
(2nd Order) " (Second Derivative)
: " =8| M policy updateE MG
Approximate the objective /[” = V3 DKL(nold”ne)le ld] =FSkel PN P y up = QHTSHA
around 0,4 2 EII_I-%XH
. High
L(8) ~ L(0,4) + g'AB ;
1
Ho A8 H A6
g : gradient 8 Low
BF - St bt Captures the CL'Jrvature of
the constraint (KL)
XN policy #IX|0AM Hessian A4t
A fIX| F=HO| curvature F7E
ANEXE HE o2 local approximation =24
FS A H = Vg Dk (To1al176)
0| 0| = 2 ota
X0l & £ « H:Hessian matrix (curvature information of KLD)

V5: Second derivative (how steep the curve is)

2K O & 7FE Dy : The difference between old & new policy
(_/_|.>57r L OfLt b2 7 ﬁé‘}l_f?) Dk, (nold”nnew) <
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Why TRPO Is Computationally Expensive?

N

Local Approximation
(2nd Order)

Approximate the objective
around 6,4

L(0) = L(0yq4) + 9" AB
+ % A8 H AB

g : gradient
H : Hessian matrix

( - . )
2\} Hessian Matrix
i

" (Second Derivative)

H = Vg DKL(nOld ”7[9)|6'ozd

High

.~ Low
Captures the curvature of

the constraint (KL)

e

Solve Linear System
(Using Conjugate Gradient)

Find step direction A8
by solving:

o=y |

Solved efficiently with
Conjugate Gradient (CG)

(no explicit matrix inverse)

/

Compute Step Size
(Line Search)

Find the largest step size a
that satisfies the KL constraint

{ Dg1 (”old ||7T901d+aA9) <90

(Backtracking Line Search)

26 / 40

Computational Issues:

» Expensive optimization

« Complex implementation
 Difficult debugging

« Hard hyperparameter tuning

Practical Issues:
» Slow training
« Large memory usage

« Hard to scale

Can we achieve similar stability

using a simpler method?
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Proximal Policy Optimization (PPO)
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Proximal Policy Optimization (PTO)

Proximal Policy Optimization Algorithms

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov
OpenAl
{joschu, filip, prafulla, alec, oleg}@openai.com

Abstract

John Schulman et al.

(Same to TRPO first author)

OpenAl, 2017, arXiv preprint,

No Conference, No Journal, But Widely adopted in industry and research

Motivations:
« TRPO achieves stable learning but requires expensive second-order optimization.
« More practical policy optimization algorithm was needed for large-scale deep RL.
Contributions:
« Introduced clipped policy objective for stable first-order policy optimization.

Achieved TRPO-like stability with significantly simpler implementation and lower cost.
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PPO Motivation

s Second-order . N0 Lo
5 ., optimization ~X/ ra® max L(0) = Exgmry [ 20000 474(s.0)
i iv’ Requires expensive curvature el & WY S & .
information. . A&fﬂ" B Al s.t. Dkp(7oa || me) < &
TIIT  Hessian 2 f f V| ?V\% . Hessian Matrix
l'it ] eSyer : gl I\ ey H =V} Dk (o1 || 70) | 0=0,1,
Hew approximation NG 3 T hy
1 Computing or approximating Ay o © : ;"
e the Hessian is costly. v | h‘l h' ]
|
T — h =
"</>| implnmentaon N\
plementatio AR ¢ 5/ Slow
) Involves conjugate gradient, S A &) Optimization
line search, and KL constraints. = : o
= 3 = ’ High Memory
/<7 High computational = o Usage
(— 4 ,f‘\ cost COMPUTATIONAL m"/
L $ ) Slow optimization and COST /
high memory usage. .
Practical Advantages:
Computational Issues: » First-order optimization
« PPO simplifies TRPO « Easy implementation
« Safe update region while « Stable learning
« Simple gradient ascent « Approximate trust region

29 / 40
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Policy Ratio

__ Tig (atlst)
r(0) =
Toiq(ar|se)

r(0) < 1 OES! re(0) > 1
Toa(ailse)  moaladds)  mo(ads) | mo(arls:)
" mg(ac|st) : E Toa(at|st) .4
Example: 0.5 | Example: 1.0 : Example: 2.0

Action probability Action probability Action probability
DECREASED UNCHANGED INCREASED

Measures how much the new policy changes
« Ratio > 1 — action probability increased

« Ratio < 1 — action probability decreased

30/ 40

Clipping Trick

clip(r:(6),1 —€,1+ €)

» Clipping Region i
e :
O | i s
1 1
1 1
1 1
1
Too much ! 1 Too much
decrease : increase
1 1
] | R
! H No change 1 Clipped
Clipped 1 atr () =1 | (no further
(no further | ST ! increase)
decrease) ! (old QOI'CV) !
i :
T : T >
Y 1—e 1 14€ Policy Ratio ;(6)

Prevent excessively large

policy updates

3

|10

~mEg o] 2rf

oN

|| =714 14 | Hongik University




PPO Clipped Objective Function

PPO stabilizes policy learning using a simple clipping mechanism.

Original Objective
¢ (6) A,

* Increase probability of
good actions

* Decrease probability of
bad actions

Intuition

t Ay >0 — Increase mg(a.|s;)

Good action

‘ A <0 — Decrease my(a;|s;)
Bad action

PPO Clipped Objective
LCLIP () = E [min (re(0)4,,

clip(r:(6),1—¢€,1+ E)At)]

r:(0) A, clip(r,(8),1—¢€,1+¢€)A;
(Unclipped) ’ (Clipped)
min( , )
Intuition

» Take the minimum of the unclipped and clipped

objectives.

* Prevents the objective from increasing when

the update is too large.

» Enables stable and safe policy updates.

31 /40

If update is small
» behave like normal
policy gradient

If update becomes

too large

» clipping activates

» oObjective stops
Increasing

Results:
 table learning
 safer optimization
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1) Positive Advantage (4, > 0)

Good action

2) Negative Advantage (4; < 0)

Bad action

Problem: Can increase
too much
(unstable updates)

Goal: Increase action probability
(re(6) > 1)

Problem: Can decrease
too much
(unstable updates)

Goal: Decrease action probability
(re(6) < 1)

LVP(9) =E [min (rt(G)At, clip(ry(60),1—¢,1+ e)At)]

— Unclipped: 7:(0)A;
— Clipped: clip(r.(6),1 —€,1+ €)A;

L°Y%(9) = E [min (rt(H)At, clip(r.(6),1—¢,1+ e)At)]

— Unclipped: 7.(6)A;
— Clipped: clip(r.(6),1—€,1+ €)A;

Objective A - 9 Objective A _ ;
Value y Clipping Region R Value > Clipping Region ;
E : T Min selects E :
i i clipped value i :
i ! Min selects (flattened) '
' ; clipped value i
i (flattened) i
i i i
0 - - > 0 ; >
0 1= 1 1+€  policy Ratio 7,(8) 0 1= 1 1+e Policy Ratio 7,(6)
r(0) <1 (6) =1 (@) > 1 7:(0) <1 r(0) =1 r.(0) > 1
(decrease) (no change) (increase) (decrease) (no change) (increase)
. - \
Key point (4, > 0): Key point (4; < 0):
PPO prevents over-optimization. PPO prevents over-penalization.
Even if 1.(0) is very large, the objective is capped Even if r,(@) is very small, the objective is bounded
¢ so updates stay within a safe range. so updates do not become destructive. )
4 w5 5
Overall Intuition:
The min operator makes PPO pessimistic.
It chooses the smaller (safer) objective to avoid overly large updates in both directions,
L leading to more stable and reliable policy learning. )

32 /40
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PPO Training Pipeline

i§ )
a Collect Trajectories . B
with Currl:ent Po||cy * Run policy my;4 and interact with the environment. So $1 S5 Sy Sy i
cti .

—> @ s + Collect a trajectory of length T. % & 92 Gr-1  (done) |
@ To 1 T2 rr-1 ‘

fnl " State s, « Store transitions (S, @¢, ¢, Se41, doOne,). } } } —4 +

Agent Reward 7,  Environment t=0 T

(Policy mg1q)

i * o
e Compute Advantage
= V(j) (St)

At
Critic T—t-1
(Value Function Vi) where R, Z Yireii
1=0

4 .

than expected.

¥

Vi, (s¢): baseline (state value).
A¢: how much better (or worse) A < 0 (worse than expected) |

* R;: discounted return from time t.

Ay > 0 (better than expected)

i i decrease i
9 Gampa PO|I(Ey Rlatl; + Compares the new policy mg with the old policy my4. ) ((:C _Ul; n?rflla??e l?rctria]s)e
Ttg(As | S M
T (6) — 4 - S * Measures how much the action probability has changed. —= } t 4 2
n—nld(at ISL‘) 1 +o00
i ‘ 7 R Obj
: S jective
o Apply Clipped Objective « clip(x,1-¢,1+¢€) restricts the ratio Value s
i / to the range [1 —€,1 + €]. S A IRPEE
L°“'*(8) = E, lmin (e (0)4:, gl ] Tl e
* The min operator chooses the smaller == C;i_mzedé "
clip(re(8),1—¢,1+ e)Al)l (safer) objective. 0/ 71 H 1 1; il_pé'l e
=€ €

Policy Ratio r:(6)

| Collect new data with updated policy and iterate.

33/40

e
e Update Policy Network « Perform gradient ascent on L*”(9) Typ;?'f;“t‘"sssco
. Ini-batc
.\.\ /. /. ‘ to update 6. « Multiple epochs (e.g.,, 3 — 10) per update
XA ,7"‘// % Policy 7 . . « Advantage normalization
PATA a 0 .
State s, —>Q>/\><./> \(. /.i i (Act);r) Repeat for multiple epochs using the o Etiopy bohus lokional) for axpbration
o —0 @ same collected data. « Value function loss for critic update
N —
Repeat PPO = Policy Gradient

+ Clipping for Stable Updates




Input: State s;

Environment Observation

Vector / Proprioceptive

L] e

or

Image / Pixels

" Examples
« Robot state (joint angles,
velocities, etc.)
* Game screen (Atari)
+ Board configuration (Go)

Data Flow in Training

Collect
Trajectories

Compute

- - ———

* PPO Actor-Critic: PPOE #1&ist=EN 71 X (5

rlo
rE
O
r

Shared Encoder
(Feature Extractor)

-

Advantage A,

CNN / MLP
(Optional)

+

Shared Features hg

=

J

Objective

®)~(8)-1)-()-0

Compute Policy Apply Clipped
Ratio 7.(0)

Update
Policy (Actor)
& Value (Critic)

\
|
|
|
|
|
|
'
|
|
|
|
I
|
I
I
|
/

Actor Network (Policy)

Action Probabilities
mg(aclse)

« Outputs a policy (probability distribution over actions).
« Updated using the PPO clipped objective.

Sample

—» Action a,

N e s o ——————— ———— —————— ——— ————

State Value
Vg (se)

« Estimates the state value (expected return).
» Used to compute advantage: A, = Ry — Vg (s¢).

Ay Key Point

Actor decides what to do.

Critic evaluates how good it is.

Estimated
Value

Together, they enable stable and efficient learning.
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TRPO (Trust Region Policy Optimization) VS. PPO (Proximal Policy Optimization)
. Clipping Region
. ———
Constrained optimization: 2 New:Policy. 3% Unconstrained optimization: ' !
i i - s e a Too much | i Too much
Mainildea maximize the objective while , \\‘ use clipping to limit how much ok || L e
keeping the policy within a trust region \ / the new policy can improve — i | l —
measured by KL divergence. / (or worsen) the objective. = : 4 y ’ )
Sn e 0 l1—¢€ 1 14 €  Policy Ratio 1(8)
KL(moq llmg) < &
Objective maximize L(0) = E[r;(0)A,] maximize LXP (9) = E[min (re(0)Ae, clip(re(0),1 - €, 1+ €)4,)| | [ —— R
: KL divergence constraint No explicit constraint Goal
Oonstraint KL(moq || M) <8 (clipping implicitly limits large updates) @ Both aim to improve the
licy while avoidi
+ Solve a constrained optimization problem + Use clipped objective - A
How It Works : S , ; ; : " too large updates.
+ Ensure the new policy stays within the trust region + Prevent large policy updates via the clip function BT <o e
Optimization Conjugate Gradient to solve Standard first-order methods % Difference
Method maxy L(6) st. KLL$§ (SGD / Adam) TRPO enforces a hard
g : constraint (theoretical).
Computational ( _— H'gfh Low PPO uses a soft constraint
requires Fisher information matrix (no need for Fisher matrix or second-order solver) ;
Cost and iterative solver) {proctica).
Implementation High Low Takeaway
Complexity (more code, more hyperparameters) (simple and easy to implement) & PPO keeps the spirit of
TRPO but is much
High Good )
Sample . , (slightly lower than TRPO in theory, simpler and more
Efficiency (due to accurate trust region constraint) but often comparable in practice) practical, which is why
it became the default
Practical Use Less commonly used Most widely used in practice choiceiini odern RL

(complex to implement and tune)

(stable, simple, and scalable)
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Why PPO Became Popular

TRPO (2015) PPO (2017) Impact
Theoretically principled Practical and effective Widespread adoption
S 2 " ! i te-of-the-art It
o New Policy (~) Strong theoretical guarantees @ Simple clipping trick ?7 Sta.e A gt
= . T i : a wide range of tasks
o A (KL constraint) . Clipping Region (no explicit constraint)
4 \
4 \ ' |
g' \‘, /) Stable and monotonic - S—— . : T— HERySoATgleitet € Defantalgorthminmany
\\\ /l improvement decrease i E increase @ Low computational cost # RL ibraries. and baselines
\\\\ > 4 € 1 | | >
e T —— : 5 ) Sample efficient C’;O Strong empirical performance
KL(moia |l ) < & E f t = R @ Performs close to TRPO ij with minimal tuning effort
(%) Requires Fisher information matrix 0 ).=ig 1. 1+e 2 -
2 3 in practice S ;
o . Policy Ratio 7(6 5
yen® [

Key Reasons PPO Became the De-facto Algorithm

o Simplicity e Efficiency e Sample o Strong o Robustness G Ease of Use
(

Efficiency Performance Tuning)
A TP A -o—
(== ail —O0—
Easier to implement Lower computational Uses large mini-batches Achieves performance Clipping prevents Few hyperparameters
than TRPO. cost and memory and multiple epochs on comparable to TRPO excessively large or are sensitive.
No need to compute usage. the same data. across many benchmarks harmful updates. Works well across
Fisher matrix or solve Faster training Better data utilization. (Ant, Humanoid, MuJoCo, More stable learning diverse environments
constrained optimization. in practice. Atari, etc.). ‘ in practice. with minimal tuning.
Takeaway " N’
) . . o . . . . . \ ) \14
* . PPO keeps the theoretical spirit of TRPO while removing implementation barriers. ~ Vs
‘ 4 g e o . : ='\ s
Its simplicity, efficiency, and strong empirical performance made it the most widely used - -
on-policy RL algorithm in both research and industry. PPO
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PPO is not only used in robotics or games.

It is also used to align large language models with human preferences.

- ( N
’ s Pretrained LLM ’ We treat the LLM as a policy and optimize it Why PPO?
e.g., GPT-3.5 / Llama to generate responses that humans prefer. Stable Optimization
* - N N . N @ CIi;?ping prevents too large
’ Supervised Fine-Tuning (SFT) State (z) Policy (LLM) Reward () policy updates.
Train on high-quality User Prompt mo(y|x) Human Preference Prevents Catastrophic Shift
demonstrations Score -
— Keeps new policy close to the
+ \ Reward Model previous one
. Explain the benefits :
a Human Preference Collection of renewabile:energy, Ry(z,y)
©® ® ®  Humans compare multiple Generates apm——. Works Well with Large Models
@™ mnodel outputs 5 ) | respensay L ) Scales to billions of parameters
* ? | and complex outputs.

o Reward Model Training Y _— A%ail
Learn to predict human 9 & dam : lo =y 0 e ment Ao .Sca -
preference scores PPO Objective (Clipped) oY% Simple ?bjectlve and efficient

3 LOUP (6) = B, [min (re(6) Ay, clip (re(6), 1—¢,1+€)A,)] in practice.
o _/ PPO Optimization ikt ——
G ok s (/]
1 | l I Optlmlze LLM policy where 7,(0) = ' L , A; = advantage estimate P
using rerard model T Op1a (ytlxt) Prompt Model Generates ~ Human Pref. (Rank)
.

o A"gned i S How can we reduce | e @
Responses that are helpful, In RLHF: . traffic congestion = @
honest, and safe . @ ‘ in cities?

e a ® . &g ||| - Q@
ChatGPT Training Pipeline i |
: 5. State (x) Action () Reward (r) Policy (LLM) ! o )
| Pretraining | —» [ SFT ‘ —> [ RLHF (PPO) ] User prompt Generated Human preference | Language model Pairwise comparisons are used
/ response score being optimized | to train the reward model.
4 \‘ """""""""""""""""""""""""""""""""""""""""""""""""""" . _
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Challenges of RLHF

( ( ‘4 N
© Reward Hacking @ Distribution Shift & Instability © Hallucination & Alignment
The model learns to maximize the reward Policy updates can move the model to The model may generate plausible but
instead of fulfilling the true intent. ’ unseen regions, causing instability. incorrect or misleading outputs.
Goal Reward Model LLM Behavior | Hallucination Alignment Issues
o (Human Preference) e SFT Policy Updated Policy
bl Y - AIZe | PPO Update Fa & @  Q: Who won the Nobel @ Q: Tell me how to make
Honest, f/ \ Reward Score ‘ A Prize in Physics in 2023? - harmful substances.
Harmless / (not true intent) P \ Out-of-
Mistribution
[ N A: Jane Doe. é} A: Sure, here is how ...
‘ Exampies (Incorrect) (Unsafe)
[
@ Finds loopholes in the reward model o
(e.g., verbose but unhelpful responses) ® Performance drops in new regions o
: ; : Reward model may not capture all aspects
® Exploits flaws or biases in human feedback @ Catastrophic drift with large updates sfidinftinessandicsiety
(%) Looks good to the reward model, (%) Sensitivity to hyperparameters (%) Hard to detect subtle or long-term harms
but not actually helpful to users (816, learming rate, elipping range)
B G eRppnang @ Generalization to unseen prompts is difficult
i
1 o
-\O’_ Opt'mIZlng reward ‘ /\/ Need stable optimization Alignment is an open prob|em'
# Optimizing human intention | I“l to prevent degradation. not fully solved by current RLHF.
4
B — =
Key Takeaway 2
RLHF is powerful, but optimizing for human feedback is an imperfect proxy for true human values. O« 0
Building more robust, generalizable, and safe alignment methods remains a major research frontier. P )
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PPO Limitations & Future Research

PPO Limitations:

« On-policy inefficiency

» Requires many environment
Interactions

* Hyperparameter sensitivity

« Exploration difficulty

Research Topics:

Reduce environment interaction cost

Improve data reuse efficiency

Curiosity-driven learning

Learning without online environment interaction
Training from static datasets

Cooperation and competition between agents

Scalable decentralized learning
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Key Insights:

learning

REINFORCE

Policy Gradient
(Monte Carlo)

* High variance
« Unstable updates
+ Slow learning

(&

High Variance
Low Stability

Large policy updates can destabilize

Trust-region methods improve stability

A2C / A3C

Actor-Critic
Methods

S P a,
Y| Cntier [
(Value Function)

Reward
It

« PPO simplifies TRPO using clipping
PPO became the de-facto on-policy RL algorithm
* RLHF extended PPO into the LLM era

ff\\

ctor
State I I Action

3

TRPO PPO RLHF for LLMs
Trust Region Proximal Policy PPO in Human
Policy Optimization Optimization Alignment
'] N s N

~
Gradient

Clipping Range

-
gm
S}
x 7

Reward Model
(Human Preference)

— Trust E 0
(KL Constraint)

p
« Lower variance

« Better sample efficiency

« More stable than PG
g

Improved Stability
Better Efficiency

= N
« Constrained updates « Simple & efficient « Human-aligned outputs

+ Stable performance « Safe & helpful responses

P * Powering LLMs like
| I Widely adopted ) ChatGPT

* Theoretical guarantees
« Computationally costly

Trust Region

Practical & Scalable
Theoretical Guarantee

Real-World Impact
De-facto Standard

Human Alignment

PPO bridged classical RL and modern LLM alignment.
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