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Disclaimer

« This lecture heavily borrows contents from:

» RL-Trust Region Policy Optimization (TRPO) Explained by Jonathan
Hui (link)

» Reinforcement [earning by Ping-Chun Hsieh at National Yang
Ming Chiao Tung University.



https://jonathan-hui.medium.com/rl-trust-region-policy-optimization-trpo-explained-a6ee04eeeee9
https://pinghsieh.github.io/ioc535514_2025spring.html
https://pinghsieh.github.io/ioc535514_2025spring.html

Recap: Policy Gradient Also Has Problems...

REINFORCE algorithm:

1. sample {7} from mg(a¢|s;) (run the policy)
2. Vo J(0) = 32, (32, Ve logme(ailsi)) (32, r(s, ay))
3. 0+ 0+ aVyJ(0)

@ « The gradient estimator is unbiased, but requires a
very large number of samples to accuratel
=& =) ﬁ i P Y
approximate the true gradient
— « When the number of sample is small, the variance is
= high...




Recap: A More General Solution to Reduce Variance

e Subtract a baseline b
1 N
V() ~ Nziﬂvmg po (D) [r(2) — b]

« The gradients don't change

E[Vlogpg(t)b] = jpg(T)Vlog pe (T) bdt = ijQ(T)de = ijpg(T)de =0

« Reduce the variance with carefully selected baseline:

Var[z] = E[z%] — E[z]?
Vﬁ J(Q) — ETNPQ (1) [VB IOg p@(T) (T(T) - b)}

Var = Erpo (1) [(Valog pa(7) (7(7) = 0))?] = Erpy(r)[ Ve log pa(7) (r(7) — b))

L

this bit is just E.p, ) [Velogpe(T)r(7)]

(baselines are unbiased in expectation)
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Recap: Actor Critic

« Policy Gradient:

V](Q) — Er~p9(r) [( t=OVlog Tty (at |St)> <zt=0r(5t1 at) o b) ]

« Re-write with action value Q. (s, a):

T

V](H) — Er~p9(r) [( VIOg Tty (at |St)> (Qn(st' at) o b)]

t=0



Recap: Actor Critic

» Re-write with action value Q. (s, a):

T

V](H) — Er~p9(r) [( VIOg Tty (at |St)> (Qn (St» at) _ b)]

t=0

T
Uh = V(5) = VJ(8) = Erepy oy [( _OVlog g (a |St)> (Q" (s, ar) — Vﬂ(s))]

B L )
Y

Advantage A™(s;, a;)

« Advantage A" (s;, a;) measures how much better action a; is than other actions

- If we learn avalue estimator Vg (s) parameterized by ¢, we obtain:
> Estimated action value Q™ (s, a;) = R(s¢, ap) + ¥V (Se41)
> Estimated advantage A" (s;, a¢) = R(sg, ar) + vV (se1) — Vi (se)



Wait! Policy Gradient Methods Still Have Issues

« (Challenge 1: policy gradient calculates the steepest ascent direction
for the rewards. First-order approximation assumes flat surface,
leading to horrible updates if the surface has high curvature

T

V](@) — Er~p9(r) l( VlOg Tlg (at |St)> AT (St: at)]

Steepest direction to
maximize rewards

t=0

Ox+1 = O + aVJ(6)



https://ww25.taiwanoffthebeatentrack.com/2012/08/23/mount-hua-%E5%8D%8E%E5%B1%B1-the-most-dangerous-hike-in-the-world/?subid1=20251028-1448-48ff-8770-0ff6cd2f690a

Wait! Policy Gradient Methods Still Have Issues

« (Challenge 1: policy gradient calculates the steepest ascent direction
for the rewards. First-order approximation assumes flat surface,
leading to horrible updates if the surface has high curvature

T

Vj(8) = ET~p9(T) [( Vlog g (a; |St)> A0 (sy, at)]

Steepest direction to
maximize rewards

t=0
Oxsr1 = Ok + aVJ(0)

« (Challenge 2: tuning learning rate is tricky. Low learning rate makes
training slow; high learning rate breaks the policy.



/[dea: Trust Region Policy Optimization (TRPO)

Idea: TRPO iteratively updates the policy by solving the following:

In each iteration k, the policy is updated from Ty o 7y,

mya | )

mp(als)

_ s :
Tg,,, = arg max E A %S a; )]

g,
0 s~d, ",a~zt(,k( -|$) [

subject to D(7y,, 7p) < 6 < “trustregion”

TRPO wants to achieve policy improvement via
constrained optimization

Slide credit Ping-Chun Hsieh 9



Minorize-Maximization (MM) algorithm

« Can we guarantee that any policy updates always improve the
expected rewards?

« The idea of MM algorithm: it may be difficult to directly improve the
expected rewards n, but we can iteratively maximizing a lower
bound function M; approximating the expected reward locally

10



Trust Region

 Line search: determine the ascending
/ descending direction and take a
step towards that direction (e.g.
gradient descent)

« Trust region: determine the
maximum step size that we want to
explore and locate the optimal point
within this trust region. We can
adapt the step size (area of trust
region) based on the goodness of
approximative function M;

Contour of objective

11

Line Search w o function f(x) \ Trust Region
: 20 /, s—\r -

\
\
|




Trust Region

AWy ... Trust region
4 Line search direction
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Image source Ping-Chun Hsieh 12



Off-policy Actor Critic with Importance Sampling

« Off-policy Actor-critic objective with importance sampling:

](0) _ Z Tlg (at |St) A™0014 (St, at)

neold (at |St)

T~D6 514 (P
 Policy gradients are:
Refine the current
Y IS4 T _mo(acls) |
VJ(0)|= ETNPneojd(T) t=OVlog mo(a; |s;) <1_[ — (;t'lgt')> A™td(s,,a,)

Sample data from
other policies

13



Importance Sampling Results in High Variance

Importance sampling is a technique for estimating expectations using samples drawn from
a different distribution.

B [f()]= E [P("") f(x)] " %Z@r(x), D~ Q

x~oP ~Q | Q(x)

The ratio P(x)/Q(x) is the importance sampling weight for x. : :
_ _ _ _ _ The variance may explode if the
What is the variance of an importance sampling estimator? current pOHCy i very different
1 P(x) from the behavior policy
var(fig) = 7 var (Q(x) f{x])
1 P(x) ? P(x) ?
N (fo (905 ] - % Lot ™) )
. 1 P(X) 2 2
-5 (B | o rer| - B lrc0r)

The term in red is problematic—if P(x)/Q(x) is large in the wrong places, the variance
of the estimator explodes.
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Objective Function using Importance Sampling

» Objective without importance sampling: J(8) = Xz~p, ) A" (St ar)

» Objective with importance sampling: J'(6) = ¥, @ nne(a(illslts) )A”Bozd(st, a,)
o Bold tiot

« Same derivatives if the current policy is close to the behavior policy

V,/15(6) _ z Vomg(aclse)

neold (at |St)

A"fola (s¢,ap) = z | A"Pold (s: ap)
Oold

old
T~D6 ;4T

T~P6 514 ()

~ z Vg lOgT[Q 5

T~D 514 (P

AneOld(st' at) — VQI(H) ‘6
old

old

15



Quick Summary

« Our goal: Optimize to achieve consistent policy improvement
Reformulate the optimization problem:

max J(r) — J(mo1q)

16



Quick Summary

« Our goal: Optimize to achieve consistent policy improvement

Reformulate the optimization problem:

max J(m) = J(mo1q)

Solve this difficult optimization problem with the MM algorithm! What
s the approximative function M?

« Our observation: Off-policy actor critic allows sample data to be used
efficiently, however, the current policy should not be very different from
the behavior policy

17



The Lower Bound Function

e Let's first define a function L:

co

. . mals)
A old(S, a) = F y A old(S, a)

Ty1q(als) T~Told &=t Tolq (als)

(als)

Lnold (T[) = L E [

1 —ys~d™old,a~myq

where d™old is the state visit frequency under policy my4

d™old = (1 — Y)E)/t P(St — Slnold)
t=0

18



The Lower Bound Function

e |Let's first define a function L:
1 : [ r(als)

L n)=-——
7Told( ) 1 — y s~d™old,a~my1q | o1 (als)

T wals
Zw (als) A™ola(s, a)
t=0

ATCOld ) o E
(s a)] T~Told moa(als)

where d™old js the discounted state visit frequency under policy 1,4
dmeit = (1=y) ) y* P(s, = s/p10)
t=0
« One can show that (check TRPO paper)

1) = ((or) + Ln,,, () | < C J E Dy (mlmo)[s]]

s~dTold

B - Lower bound
= J() — J(o1a) =|Lr,;, (10 C\/SNdETOld[DKL(ﬂlﬂold)[S]-_> function

19



Guaranteed Monotonic Improvement

How can we show that this objective function guarantee policy improvement?

1(m) = J(mo1q) = Ly, (1) — C J E Dy (|moi)[s]]

s~dTold

Intuitively, T = 1y 4 iS a feasible point:

>\/ E [Dgp(To1q|mo1a)[s]] =0
s~d*old

> Lnold(nold) — E [Z?):O yt AnOld(S' a)] — 0

T~Tlold

as a result, J(m) — J(mwy1q) = 0

20



Dual Problem of the Lower Bound Function

« Maximization of the lower bound function

KL penalized formulation

max Ly (0 = C [ F [Pl 5]

s~dTold

 Itis mathematically equivalent to the optimization problem

KL constrained formulation

max L, (m) s.t. E [Dkr (| To1)[S]] < 8
TT s~dold

21



Natural Policy Gradient Solves the KL
Constrained Problem

KL-constrained optimization problem:

max L, (M) s.t. E [Dg,(m|myq)[s]] <8
TT s~dold

Let's do Taylor's expansion:

| | T
T iS parameterized by 8 —> Lo, (0) ~ Ly  (051a) + VLo ,(6) ; (0—0,,)+
old
et s~d€fold[DKL(. | )] - DKL(. | ) — EKL(eleold) ~ EKL(eoldleold) + VGEKL(Qleold) 6,14 (9 T eold)
1 _
+§(9 ~ 801a) "V D1 (8]8,1a) - (6 —B014)

22



Natural Policy Gradient Solves the KL
Constrained Problem

KL-constrained optimization problem:

max L, (M) s.t. E [Dg,(m|myq)[s]] <8
TT s~dold

Let's do Taylor's expansion:

| | T
T iS parameterized by 8 —> Ly, (0) ~ LGOWQ{oYld) + |VgLg, ,,(0) (0—0,,)+

Qolc!

et S~d€fold[DKL(. | 9]'=Dio (1) — D1 (016414) = Dk (047al001a) + Vo Dk1(810,14) |0 ) (0 —851q)

1 _
+ > (80— 0510) VDKL (8]0010)

(9 _ eold)

Bo1d

23



Natural Policy Gradient Solves the KL
Constrained Problem

« KL-constrained optimization problem:

max L, (M) s.t. E [Dg,(m|myq)[s]] <8
TT s~dtold

« Let's rewrite the KL-constrained optimization problem:

1
O,i1 =argmaxg' (0 —0y) s.t. 5 (0—0,)"TH(B—0,) <&
0

24



Natural Policy Gradient Solves the KL
Constrained Problem

« KL-constrained optimization problem:

maanold(n) s.t. E [Dkr (| o) [s]] < 6
TT s~dold

« Let's rewrite the KL-constrained optimization problem:
1
Oryq =argmaxg' (0 —0y) s.t. 5 (0—0,)TH(B—0y) <&
0

which can be solve analytically

20
Ok+1 = O + H™'g

g'H g

Natural policy gradient is a second order optimization that is more
accurate and works regardless of how the model is parameterized

25



Natural Policy Gradient Has Problems

« NPG has problems:
1. Might not be robust to trust region size 6; at some iterations & may be too large and

performance can degrade
2. Because of quadratic approximation, KL-divergence constraint may be violated

« Solution?
1. Require improvement in surrogate (make sure that Lﬂ'old(n) > 0)

2. Enforce KL-constraint

Algorithm 2 Line Search for TRPO

Compute proposed policy step A, = ﬁln_H;lgk

for j=0,1,2,...,L do
Compute proposed update 8 = 0, + o/ Ay
if L£o,(0) > 0 and Dk.(6)|6x) < 6 then
accept the update and set fi1 = Ok + o/ Ay
break
end if
end for

26



Natural Policy Gradient Has Problems

« KL-constrained optimization problem:

maanold(n) s.t. E [Dkr (| o) [s]] < 6
TT s~dold

« Let's rewrite the KL-constrained optimization problem:
1
Oryq =argmaxg' (0 —0y) s.t. 5 (0—0,)TH(B—0y) <&
0

which can be solve analyticall
y y Extremely expensive to calculate...

20
Or+1 = O + H™'g

g'H g

Natural policy gradient is a second order optimization that is more
accurate and works regardless of how the model is parameterized

27



Truncated Natural Policy Gradient

« Let'stake alook at:

A9, =H lg= HAG, — g=0
which is equivalent to £(A)) = 0

minlAH THAG, — gTAd
AGy 2 k k | k

(A6,)

TRPO uses conjugate gradient method to solve the minimization problem

28



Conjugate Gradient Method

Gradient ascent: update along the steepest direction. Previous update may be undo

Conjugate gradient: a line search method that finds update directions without undoing all
previous updates. In other words, the remaining error after taking this step should be
orthogonal to the current direction

\\/

Gradient ascent Conjugate gradient

29



Trust Region Policy Optimization (TRPO)

Algorithm 3 Trust Region Policy Optimization

Input: initial policy parameters 6,

for k=0,1,2,... do
Collect set of trajectories Dk on policy mx = (k)
Estimate advantages ﬁ}r“ using any advantage estimation algorithm
Form sample estimates for

@ policy gradient g, (using advantage estimates)
@ and KL-divergence Hessian-vector product function f(v) = Hiv

Use CG with nc iterations to obtain x; ~ H;lgk
25
kaHkxk
Perform backtracking line search with exponential decay to obtain final update

Estimate proposed step Ay =

Xk

Ori1 = Ok + &/ A

end for

30



Proximal Policy Optimization (PPO)

« (Can we avoid calculation of Hessian matrix H?
> Yes, let's solve the KL-penalty optimization problem instead
« Maximization of the lower bound function

KL penalized formulation

Max Ly (0 = C | E [Dr (elmora)Is1

s~d™ol

31



Adaptive KL Penalty

» KL penalized formulation: 84+, = arg max Ly, (8) — Di(6]6y)
0

« Penalty coefficient B, changes between iterations to approximately enforce

KL-divergence constraint

Input: initial policy parameters 6p, initial KL penalty o, target KL-divergence & _
for k =0.1.2.... do Collect trajectories

Collect set of partial trajectories D, on policy m, = 7(6y)
Estimate advantages A;* using any advantage estimation algorithn
Compute policy update

Ok+1 = arg max Lo, (0) — Bk Dre(0]10x)

by taking K steps of minibatch SGD (via Adam)

it Dre(Ox:1110x) = 1.50 then

Br+1 = 2Bk Adaptively tune the
else if Dk (0k+1/|0x) < 6/1.5 then penalty coefficient
Br+1 = Pk /2
end if
end for

estimate A(s, a)

Update the polic

and

~

Slide credit Joshua Achiam and Ping-Chun Hsieh 32



Clipped Objective

. Let 1,(0) = 24 he the ratio of the current policy mry and old policy g
mg, (at|se) k

» New objective: L§-'#(6) = E [min(r,(0)AT", clip(r.(6),1 — ¢ 1 + €)AT¥)]

T~T[

» Policy update: 6y, = arg max Lg,'"(8)
0

A<O
J,CLIP A>0

l1—€¢1
} } T

No update if the current and old
| ' policy are very different

[
[
[
[
[
I
0 1 1+e LCLIP

33



Clipped Objective

Collect trajectories ar

Input: initial policy parameters 6y, clipping threshold e estimate A(s, a)

for k=012 . do

Collect set of partial trajectories Dy on policy mx = 7(6k)
Estimate advantages ATk using any advantage estimation algorithm

Compute policy update
Ok+1 = arg max L’,&'P(B)

by taking K steps of minibatch SGD (via Adam), where

g
£5®0)= E [Z | min(r(O)AT*, clip (r(0), 1 — ¢, 1+ €) AT* )]]

t=0

—_

end for PPO does not use 2nd-order derivatives

Slide credit Ping-Chun Hsieh 34
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PPO is a Strong Baseline for Many RL Tasks
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Reinforcement Learning vs. Imitation Learning

« Imitation learning:
» Pros: ILis sample efficient
1. It bootstraps from human knowledge
2. It produces an ok-ish model from a relatively small dataset
» Cons: IL fails to generalize
1. It struggles with distributional drift

« Reinforcement learning:
» Pros: RLis able to generalize
1. It automatically discovers feasible strategies by trial and error
» Cons: RL is sample inefficient
1. It requires a lot of sample data before discovering the solution

36



IL is Incapable of Generalization

Succeed in the real world Fail in the digital twin

OpenVLA: An Open-Source Vision-Language-Action Model

37



|[dea: Enhance Generalization of IL Policy with RL

autonomous execution

38



Step 1: Implement the Actor and Critic Network

PPQO algorithm V(s) Action Tokens
A
Input: initial policy parameters 6y, initial KL penalty o, target KL-divergence § [ VEI|UE Head J [ [IG ] [ al ] - an
for k=0.1.2 .. do Collect trajectories and [ I
Collect set of partial trajectories Dy on policy m = w(6) estimate A(s, a) ‘\\ * : ' : T
Estimate advantages A;* using any advantage estimation algorithm T : :
Compute policy update - S N
Ok+1 = arg max Lo, (0) — BxDre(0]16x) Update the policy I_ast Transformer Block [ hn’ ] [ hl ]
by taking K steps of minibatch SGD (via Adam)
if Dk (0k+1]|0k) = 1.56 then
Br+1 = 2Bk Adaptively tune the
else if Dk (0k+1|0k) < 6/1.5 then penalty coefficient 0 penVLA
Br+1 = Pk /2 ~ Y ; ; 4
end if : __|__ : __L_
end for i i R N —1
O | O | A AR

Image Tokens Language Tokens

39



Step 2. Create Diverse Environments

Success

What Can RL Bring to VLA Generalization? An Empirical Study. Liu et al. 40
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Step 3: Fine-tune IL Policy with PPO

0

0

DPO

& v

Environment

Interaction

Quality

Data Batch

@Q
@%

GRPO

g

Al

Group Relative
Advantage

Data Batch

Ay
Generalized

‘g Advantage Estimator

Policy} { Critic }

PPO

Success Rate

0.65 -
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Results: Policy Generalizes to the Current Simulation
Environment

1.0 1.0
L 0.75; 90.75;
(5] (0]
o o’
u wn
$ 0.5 § 0.5
o U
= -
A 0.251 A 0.25
PPO PPO
; : I 0 ; : T
Dn 0.5M 1.0M 1.5M 2M 0 0.5M 1M 1.5M 2M
A Env. Steps Env. Steps
Before RL

finetuning
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However, This Approach is Only Demonstrated in
Simulation Environment. We need Real-world RL...

N Sim2real gap |

43



Can We Do RL in the Real World?

Learnlng Timelapse - Sweeplng

MT-Opt: Continuous Multi-Task Robot\c Rei wforcemem Learning at Continuously Improving Mobile Manipulation with Autonomous Real-World RL. Mendonca et al.
Scale. Kalashnikov et al.
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Supervised Fine-tuning Sometimes Doesn't Work Out-of-Box

45



Adapt the Policy with Real-world Residual RL

Inference Phase 1: BC

Offline Buffer )
Train
‘ \ at St+1 at+1 ] St+H

> e
At+H
L L ? g L Phase 2: RL
B B -
Online Buffer

Actlonl bas ‘ — :
Chunk - at+1 At ] ‘(
| D)

nference

S &
[y
'

it
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Fine-tuning with Off-policy Residual RL

Algorithm 1 ResFiT: Residual fine-tuning w/ Off-Policy RL

Input: pre-trained base 7, dataset of demos Doggine
Initialize: residual policy 7y, Q ensemble Q4,,... Q¢
vision encoder f,,, empty buffer Dyyjine
Initialize: set target networks 0’ « 6, ¢ < ¢;
1: for step=1,2,..., buffer warmup_steps do
Sample noise €; ~ U(—noise_scale, noise_scale)
Step env with a; = ¢; + a,g’ where a; ~ m,

b s,
Observe next state sy 1, reward r;, done ﬂ(a;g )dt v\/a rMm-u p re p | ay b Uﬁ:e I

2:

3:

4:

5: Add transition (s;,a?, at, 8441, af+1 ,Tt> dt) t0 Donline
6: end for

7. repeat
8: ab ~ my(s;) and @} ~ mp(sy,al)
9

Step env with a; = a? + a}

10: Add (sta G,';, Qg st-l—ls as+1s Tty dt) to Donline
11: Repeat UTD times:
12: Sample batch B evenly from Dyggine, Pontine
13: Update critic using B:
14; Q1 ~Tor (55—1,a2+_l_) .
15 Compute a1 = al.; + afyy Fit the value network
16: y = 1+ (1—dg)*y*mingpser) Qg (8t+1,at+1)
17: Update ¢;, w to minimize MSE(Q 4, (s¢, at),y)
18: Update critic targets ¢ <— p¢’ + (1 — p)¢;
19: Update actor using latest B:
20: Update # to maximize: . '
L3 ) Q. (o1, mo(se, ab) + a?) Fit the policy network
21: Update actor target 8 < p6’ + (1 — p)@

22: until convergence

47



Real-world RL Enhances the Policy

48



Question: What are the Challenges of Real-
World RL?



Published as a conference paper at ICLR 2020

THE INGREDIENTS OF REAL-WORLD
ROBOTIC REINFORCEMENT LEARNING

Henry Zhu*', Justin Yu*!, Abhishek Gupta*!, Dhruv Shah!,
Kristian Hartikainen?, Avi Singh', Vikash Kumar®, Sergey Levine!
! University of California, Berkeley 2 University of Oxford * University of Washington

Real World Constraints

No Reset Observations from
Mechanism on-board sensors

Ingredients of Real World Robotic RL



Don't Forget Safety! But How?

Real World Constraints

No Reset
Mechanism

Observations from
on-board sensors

Ingredients of Real World Robotic RL

51
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https://youtube.com/shorts/RKUeRVTxzjY?si=BpQ7Fez72DkKfUDf
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