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1. Josh Achiam. Spinning Up. Part 3: Intro to Policy Optimization. 
OpenAI, 2018.

2. NDP §6.1: Generic issues – from parameters to policies

3. SB Chapter 13: Policy Gradient Methods

Readings

https://spinningup.openai.com/en/latest/spinningup/rl_intro3.html
http://incompleteideas.net/book/the-book-2nd.html
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1. From Policy Iteration to Policy Search

2. Representing a policy (discrete and continuous!)

3. Policy gradient methods

4. REINFORCE

5. Variance reduction (temporal structure and baselines)
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Function approximation

5

Last time: Add function approximation to value iteration

Now let’s try to add function approximation to policy iteration.



Wu

Outline
6

1. From Policy Iteration to Policy Search

2. Representing a policy (discrete and continuous!)

3. Policy gradient methods

4. REINFORCE

5. Variance reduction (temporal structure and baselines)

6. RL for Large Language Models
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Policy Iteration: Recap
7

Let 𝜋! be an arbitrary stationary policy.
while 𝑘 = 1,… , 𝐾 do
 Policy Evaluation: given 𝜋" compute 𝑉" = 𝑉#!
 Policy Improvement: find 𝜋"$% that is better than 𝜋"
  - e.g. compute the greedy policy:

𝜋"$% 𝑠 ∈ argmax
&∈𝒜

𝑟 𝑠, 𝑎 + 𝛾4
)

𝑝 𝑦 𝑠, 𝑎	 𝑉#!(𝑦)

 return the last policy 𝜋*
end
§ Convergence is finite and monotonic [Bertsekas, 2007] (in exact settings)

Issues: Function approximation for 𝑉#! ⟹ Does it still converge?  
             Continuous Actions?
?
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Approximate Policy Iteration with 𝑄 Functions
8

Recall the state-action cost-to-go function: 𝑄! 𝑠, 𝑎 = 𝑟 𝑠, 𝑎 + 𝛾 ∑"! 𝑝(𝑠′|𝑠, 𝑎)𝑄! 𝑠#, 𝜋 𝑠#

Approximate PI:
§ For 𝑘 = 0, 1, 2, …

1. Approximate the value under 𝜋!: 𝑄"! ≈ 𝑄#!
2. Solve for an improved policy

𝜋!$% 𝑠 ∈ argmin
&∈( )

𝑄"! 𝑠, 𝑎 	 ∀𝑠 ∈ 𝒮

𝑄2* can be approximated by either TD or Monte Carlo methods.
Same story as fitted Q-iteration. No longer guaranteed to converge.



Wu

Policy Gradient as Policy Update
10

§ Approximate a stochastic policy directly using function approximation
𝜋+: 𝑆 → 𝒫 𝒜 	with	𝜃 ∈ ℝ,

§ Let 𝑉 𝜋+  denote the policy performance of policy 𝜋+
Ø Policy optimization problem

max
#"

𝑉 𝜋+

Approximate Policy Iteration
𝜋!*+, = argmax

"-
𝑄"- 𝑠, 𝜋! 𝑠

Unstable (fast)
No convergence

Policy Gradient
𝜃#$% = 𝜃# + 𝛼#∇!𝑉 𝜃#

Smooth, fine control (slow)
Convergence to local optima
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Policy gradient = gradient ascent for MDPs

Adapted from Matteo Pirotta

<latexit sha1_base64="cA9IUlQWnNQ0RJOluDwJjhzSeRc=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1RzDHgxWME84BkCbOTSTJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KEiks+v63t7a+sbm1Xdgp7u7tHxyWjo6bVqeG8QbTUpt2RC2XQvEGCpS8nRhO40jyVjS+nfmtJ26s0OoBJwkPYzpUYiAYRSc1uzjiSHulsl/x5yCrJMhJGXLUe6Wvbl+zNOYKmaTWdgI/wTCjBgWTfFrsppYnlI3pkHccVTTmNszm107JuVP6ZKCNK4Vkrv6eyGhs7SSOXGdMcWSXvZn4n9dJcVANM6GSFLlii0WDVBLUZPY66QvDGcqJI5QZ4W4lbEQNZegCKroQguWXV0nzshJcV/z7q3KtmsdRgFM4gwsI4AZqcAd1aACDR3iGV3jztPfivXsfi9Y1L585gT/wPn8AokePIg==</latexit>

✓
Local approximation to 
performance of the 
policy

😀

😇
True objective 
(the performance of 
the policy)

V(θ)

αg

Consider a parameterized policy 𝜋"(⋅ |𝑠)

11
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Policy Gradient = gradient ascent for MDPs
12

1. How do we compute 𝛁𝜽𝑽 𝜽 ?
2. How quickly do we update (i.e. 𝛼#)?

Policy Gradient
𝜃#$% = 𝜃# + 𝛼#∇!𝑉 𝜃#

REINFORCE, variance reduction, 
baselines, generalized advantage 

estimation (GAE)
NPG, TRPO, PPO

𝑉 𝜋"! = 𝔼 :
./0

12%

𝑟.|𝜋"! , 𝑀 = 𝔼3~	ℙ 𝜏 𝜋"! , 𝑀
ℛ 𝜏
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3. Policy gradient methods
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How do we represent a policy?
Example: Parameterized Policy

Normal Policy

𝜋 𝑎 𝑠 =
1

𝜎$ 𝑠 2𝜋
𝑒
%
&%'" " #

()$# (")

Gibbs (softmax) Policy

𝜋 𝑎 𝑠 =
𝑒𝒦-" ",&

∑&!∈𝒜 𝑒𝒦-" ",&!

Continuous actions Discrete actions

Differentiable! à autodiff via PyTorch



Wu

15

How do we represent a policy?
Example: Parameterized Policy

Normal Policy

𝜋 𝑎 𝑠 =
1

𝜎$ 𝑠 2𝜋
𝑒
%
&%'" " #

()$# (")

Then:

∇1 log 𝜋 𝑎 𝑠 =
𝑎 − 𝜇1 𝑠
𝜎$( 𝑠

∇1𝜇1 𝑠

∇$ log 𝜋 𝑎 𝑠 =
𝑎 − 𝜇1 𝑠

( − 𝜎$( 𝑠
𝜎$2 𝑠

∇$𝜇$ 𝑠

Gibbs (softmax) Policy

𝜋 𝑎 𝑠 =
𝑒𝒦-" ",&

∑&!∈𝒜 𝑒𝒦-" ",&!

Then:
∇1 log 𝜋 𝑎 𝑠 = 𝒦∇1𝑄1 𝑠, 𝑎

	 −𝒦 <
&!∈𝒜

𝜋 𝑎# 𝑠 ∇1𝑄1 𝑠, 𝑎#

Continuous actions Discrete actions
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Assume: finite-horizon setting

17

Discount 𝛾 excluded to simplify notation.
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Policy Gradient (Finite-Horizon)
18

Given an MDP 𝑀 = 𝒮,𝒜, 𝑝, 𝑟, 𝑇, 𝜇  and a policy 𝜋!7. For k = 1,2,…
1. Use 𝜋!* to collect data 𝜏.
2. Use 𝜏 to approximate gradient of:

𝑉 𝜋!* = 𝔼 B
'()

*+%

𝑟'|𝜋!*, 𝑀 = 𝔼,~	ℙ 𝜏 𝜋!*, 𝑀
ℛ 𝜏

where 
• 𝜇 is an initial state distribution
• 𝜏 = 𝑠0, 𝑎0, 𝑟0, 𝑠%, 𝑎%, 𝑟%, … , 𝑠*+%, 𝑎*+%, 𝑟*+%, 𝑠*  

(includes terminal reward) is a trajectory 
• ℛ 𝜏  its return (sum of rewards).

3. Update 𝜃#$% = 𝜃# + 𝛼# E∇!𝑉 𝜋!*

Maximizing this is ultimately 
what we desire

How?

Main issue: MDP is a complex object to 
differentiate through, i.e. ∇"ℙ 𝜏 𝜋" , 𝑀 . 

(Example: Frozen Lake)

https://github.com/Farama-Foundation/Gymnasium/blob/main/gymnasium/envs/toy_text/frozen_lake.py
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Example: Frozen Lake (Gymnasium)
19

§ Aim:
• Make it to the goal
• Don’t fall into the holes

§ Slippery (stochastic actions)
§ Observation: current location

https://gymnasium.farama.org/environments/toy_text/frozen_lake/
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Policy Gradient (Finite-Horizon)
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Policy Gradient Theorem [Williams, 1992; Sutton et al., 2000]
For any finite-horizon MDP 𝑀 = 𝒮,𝒜, 𝑝, 𝑟, 𝑇, 𝜇  and differentiable 
policy 𝜋!

∇!𝑉 𝜋! = 𝔼,~ℙ ⋅ 𝜋,𝑀 𝑅 𝜏 B
'()

*+%

∇! log 𝜋! 𝑠' , 𝑎'

§ Model-free! Why?
§ Compare: taking gradient through trajectory-space is difficult

∇!𝑉 𝜋! = ∇!𝔼, 𝑅 𝜏 = ∇!Kℙ 𝜏 𝜋! , 𝑀 𝑅 𝜏 𝑑𝜏

Gradient is now on the inside! We can 
differentiate through (differentiable) policies.
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§ The objective is an expectation. Want to compute the gradient w.r.t. 𝜃 
(simplify notation from: 𝑉 𝜋+ 	to	𝑉 𝜃 ). First, bring the gradient to the inside.

∇+𝑉 𝜃 = ∇+𝔼- 𝑅 𝜏 = ∇+Kℙ 𝜏 𝜋+, 𝑀 𝑅 𝜏 𝑑𝜏

	 = K∇+ℙ 𝜏 𝜋+, 𝑀 𝑅 𝜏 𝑑𝜏

	 = Kℙ 𝜏 𝜋+, 𝑀 ∇+ logℙ 𝜏 𝜋+, 𝑀 𝑅 𝜏 𝑑𝜏

	 = 𝔼- 𝑅 𝜏 ∇+ logℙ 𝜏 𝜋+, 𝑀
§ Last expression is an unbiased gradient estimator

Just sample 𝜏.~	ℙ 𝜏 𝜋+, 𝑀 , and compute Q𝑔. = 𝑅 𝜏. ∇+ logℙ 𝜏. 𝜋+, 𝑀
§ Issue: Need to be able to compute & differentiate the density ℙ 𝜏 𝜋+, 𝑀  w.r.t 𝜃

Proof

Log trick
∇" logℙ 𝜏 𝜋" , 𝑀

=
∇"ℙ 𝜏 𝜋" , 𝑀
ℙ 𝜏 𝜋" , 𝑀
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Proof
Likelihood (with stochastic policies)

ℙ 𝜏 𝜋" , 𝑀 = 𝜇 𝑠0 E
./0

12%

𝜋" 𝑎. 𝑠. 𝑝 𝑠.$% 𝑠. , 𝑎.

logℙ 𝜏 𝜋" , 𝑀 = log 𝜇 𝑠0 +:
./0

12%

log 𝜋" 𝑎. 𝑠. + log 𝑝 𝑠.$% 𝑠. , 𝑎.

∇" logℙ 𝜏 𝜋" , 𝑀 = ∇" log 𝜇 𝑠0 +:
./0

12%

∇" log 𝜋" 𝑎. 𝑠. + ∇" log 𝑝 𝑠.$% 𝑠. , 𝑎.
0 0

à model free
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Alternative proof: likelihood rescaling
§ Interested in policy gradient: ∇0	𝑉 𝜃 + Δ |0()
§ Likelihood rescaling

𝑉 𝜃 + Δ = 𝔼,(!) 𝑅 𝜏(𝜃)
∏' 𝜋!$0(𝑎'|𝑠')
∏' 𝜋!(𝑎'|𝑠')

§ Apply chain rule to get 

∇0	𝑉 𝜃 + Δ S
0()

= 𝔼,(!) 𝑅 𝜏(𝜃) B
'

∇	𝜋! 𝑎' 𝑠'
𝜋! 𝑎' 𝑠'

	 	 	 	 = 𝔼H 𝑅 𝜏 ∑I ∇J log 𝜋J 𝑎I 𝑠I
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Policy Gradient (Finite-Horizon)
24

Policy Gradient Theorem [Williams, 1992; Sutton et al., 2000]
For any finite-horizon MDP 𝑀 = 𝒮,𝒜, 𝑝, 𝑟, 𝑇, 𝜇  and differentiable 
policy 𝜋!

∇!𝑉 𝜋! = 𝔼,~ℙ ⋅ 𝜋,𝑀 𝑅 𝜏 B
'()

*+%

∇! log 𝜋! 𝑠' , 𝑎'

§ Model-free! Why?
§ Compare: taking gradient through trajectory-space is difficult

∇!𝑉 𝜋! = ∇!𝔼, 𝑅 𝜏 = ∇!Kℙ 𝜏 𝜋! , 𝑀 𝑅 𝜏 𝑑𝜏

Gradient is now on the inside! We can 
differentiate through (differentiable) policies.
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REINFORCE [Williams, 1992]
26

1. Let 𝜋!, be an arbitrary policy.
2. At each iteration 𝑘 = 1,… , 𝐾
• Sample 𝑚 trajectories 𝜏3 = 𝑠4, 𝑎4, 𝑟4, 𝑠5, … , 𝑠6%5, 𝑎6%5, 𝑟6%5, 𝑠6  following 𝜋!
• Compute unbiased gradient estimate:

L∇"𝑉 𝜋"! =
1
𝑚:

8/%

9

:
./0

12%

𝑟.8 :
./0

12%

∇" log 𝜋"! 𝑎.
8 𝑠.8

• Update parameters:
𝜃!$% = 𝜃! + 𝛼! L∇"𝑉 𝜋"!

3. Return last policy 𝜋!:

Monte Carlo approximation 
of policy gradient
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REINFORCE [Williams, 1992]
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1. Let 𝜋!, be an arbitrary policy.
2. At each iteration 𝑘 = 1,… , 𝐾
• Sample 𝑚 trajectories 𝜏3 = 𝑠4, 𝑎4, 𝑟4, 𝑠5, … , 𝑠6%5, 𝑎6%5, 𝑟6%5, 𝑠6  following 𝜋!
• Compute unbiased gradient estimate:

L∇"𝑉 𝜋"! =
1
𝑚:

8/%

9

:
./0

12%

𝑟.8 :
./0

12%

∇" log 𝜋"! 𝑎.
8 𝑠.8

• Update parameters:
𝜃!$% = 𝜃! + 𝛼! L∇"𝑉 𝜋"!

3. Return last policy 𝜋!:

Monte Carlo approximation 
of policy gradient
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U𝑔' = 𝑅 𝜏' ∇! logℙ 𝜏' 𝜋! , 𝑀
§ 𝑅 𝜏'  measures how good is sample 𝜏'
§ Moving in the direction of U𝑔'  pushes up the 

log probability of the sample in proportion 
to how good it is.

Interpretation: uses good trajectories as 
supervised examples
• Like maximum likelihood in supervised learning
• Good stuff are made more likely while bad less
• Trial and Error approach

From “CS 294-112: Deep Reinforcement 
Learning” slides by S. Levine

𝑅 𝜏.  

𝜏

REINFORCE as Supervised Learning

ℙ 𝜏. 𝜋" , 𝑀
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Dynamic programming vs policy gradient

29

How would policy gradient solve shortest path?

1

2 3

4

6

0.5

1

32

5 52

Destination  
5

7 5 Destination is node 5.
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REINFORCE
30

Pros
§ Easy to compute
§ Does not use Markov property!
§ Can be used in partially observable MDPs without modification

Issues
§ Use a MC estimate of 𝑄(𝑠, 𝑎)
§ It has possibly a very large variance
§ Needs many samples to converge
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Value-based methods
31

Environment

Action-value 
function
𝑄(𝑠,⋅)

Action

max
w.p. 1 − 𝜖

random
w.p. 𝜖

state,
reward

update

Bootstrap target
e.g. 𝑟 + 𝛾max

!"
𝑄(𝑠", 𝑎′)
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Policy-based methods
32

Environment

Action

Policy
𝜋(⋅ |𝑠)

sample

state,
reward

update:
Increase 

probability 
of selecting 
actions w/ 

higher 
returns,

 i.e. ∑%&'( 𝑟%
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Key challenge: Policy gradient has high variance

Adapted from Matteo Pirotta

<latexit sha1_base64="cA9IUlQWnNQ0RJOluDwJjhzSeRc=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV1RzDHgxWME84BkCbOTSTJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KEiks+v63t7a+sbm1Xdgp7u7tHxyWjo6bVqeG8QbTUpt2RC2XQvEGCpS8nRhO40jyVjS+nfmtJ26s0OoBJwkPYzpUYiAYRSc1uzjiSHulsl/x5yCrJMhJGXLUe6Wvbl+zNOYKmaTWdgI/wTCjBgWTfFrsppYnlI3pkHccVTTmNszm107JuVP6ZKCNK4Vkrv6eyGhs7SSOXGdMcWSXvZn4n9dJcVANM6GSFLlii0WDVBLUZPY66QvDGcqJI5QZ4W4lbEQNZegCKroQguWXV0nzshJcV/z7q3KtmsdRgFM4gwsI4AZqcAd1aACDR3iGV3jztPfivXsfi9Y1L585gT/wPn8AokePIg==</latexit>

✓
Local approximation to 
performance of the 
policy

😀

True objective 
(the performance of 
the policy)

V(θ)

αg

Consider a parameterized policy 𝜋"(⋅ |𝑠)

36

Why?

L∇"𝑉 𝜋"! =
1
𝑚:

8/%

9

:
./0

12%

𝑟.8 :
./0

12%

∇" log 𝜋"! 𝑎.
8 𝑠.8
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Policy Gradient: Temporal Structure (Causality)
37

∇+𝑉 𝜋+ = 𝔼 4
./!

01%

∇+ log 𝜋+ 𝑎. 𝑠. 4
.#/.

01%

𝑟.#

Because ∀𝑡	:

𝔼&~!" ∇1 log 𝜋1 𝑎 𝑠= )
=!>4

=%5

𝑟3 |𝜏4:=%5 = )
=!>4

=%5

𝑟3 .𝜋1 𝑠= , 𝑎 ∇1 log 𝜋1 𝑎 𝑠= 𝑑𝑎

	 = 4
.#/!

.1%

𝑟2 K∇+𝜋+ 𝑎 𝑠. 𝑑𝑎

	 = 4
.#/!

.1%

𝑟2 ∇+K𝜋+ 𝑎 𝑠. 𝑑𝑎 = 0

In literature known as G(PO)MDP [Peters and Schaal, 2008b].
≔ 1

Discuss: Why 
does this help 
with variance?

Actions don’t affect past rewards
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Policy Gradient: Baseline
38

§ Further reduce the variance by introducing a baseline 𝑏 𝑠

∇!𝑉 𝜋! = 𝔼 B
'()

*+%

∇! log 𝜋! 𝑎'|𝑠' B
';('

*+%

𝑟'; − 𝑏 𝑠'

§ The gradient estimate is still unbiased.
§ Proof: State-dependent baselines do not introduce bias (zero mean).
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Solution: Baseline
39

Regular policy gradient
§ ?𝑔3 = 𝑅 𝜏3 ∇1 logℙ 𝜏3 𝜋1, 𝑀

𝑅 𝜏8  

𝜏

ℙ 𝜏8 𝜋" , 𝑀

𝑅 𝜏8  

𝜏

ℙ 𝜏8 𝜋" , 𝑀

Encourage all trajectories Encourage trajectories that are 
better than average

Policy gradient with baseline
§ ?𝑔3 = (𝑅 𝜏3 − 𝑉(𝜏3))∇1 logℙ 𝜏3 𝜋1, 𝑀

Suppose: nonnegative rewards

𝑉(𝜏8)
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Variance reduction via baseline?
40

§ Baseline

∇!𝑉 𝜋! = 𝔼 B
'()

*+%

∇! log 𝜋! 𝑎'|𝑠' B
';('

*+%

𝑟'; − 𝑏 𝑠'

§ “Near optimal choice” that minimize the variance is the expected 
sum of returns:

𝑏⋆ 𝑠 ≈ 𝔼 B
'()

*+%

𝑟'|𝑠) = 𝑠, 𝜋! , 𝑀 = 𝑉"- 𝑠

• Interpretation: increase the log probability of an action 𝑎. proportionally to 
how much returns are better than expected (relative values).

§ Intuition: To reduce variance, try to maximize the covariance 
between x and y

Var 𝑥 − 𝑦 = Var 𝑥 − 2Cov 𝑥, 𝑦 + Var(𝑦)
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Optimal Baseline Derivation
∇!@𝑉 𝜋! = 𝔼, ∇!@ logℙ 𝜏 𝜋! (𝑅 𝜏 − 𝑏)

Var = 𝔼, (𝑔 𝜏 𝑅 𝜏 − 𝑏 )4 − 𝔼, 𝑔 𝜏 𝑅 𝜏 − 𝑏 4

⟹ 𝔼, 𝑔 𝜏 𝑅 𝜏 4	
𝜕
𝜕b
Var =

𝜕
𝜕b
𝔼, 𝑔 𝜏 4 𝑅 𝜏 − 𝑏 4

	 =
𝜕
𝜕b𝔼, 𝑔 𝜏 4𝑅 𝜏 4 − 2

𝜕
𝜕b𝔼, 𝑔 𝜏 4𝑅 𝜏 𝑏 +

𝜕
𝜕b𝔼, 𝑏

4𝑔 𝜏 4

⟹ 𝑏⋆ 𝜏 =
𝔼, 𝑔 𝜏 4𝑅 𝜏
𝔼, 𝑔 𝜏 4

Expected return weighted by the magnitude of the gradient.

≔ 𝑔 𝜏

[Baseline is unbiased 
in expectation]

0
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Aside / Reminder: Sampling settings
43

§ Learning with generative model.  A black-box simulator 𝑓 of the 
environment is available. Given (𝑠, 𝑎),

𝑓 𝑠, 𝑎 = 𝑠5, 𝑟′ 	 with	 𝑠5	~	𝑝 ⋅ 𝑠, 𝑎 , 𝑟′ = 𝑟(𝑠, 𝑎)
§ Episodic learning.  Multiple trajectories can be repeatedly generated 

from some initial states and terminating when a reset condition is 
achieved:

𝑠),7 , 𝑠%,7 , … , 𝑠*<,7 7(%
8

§ Online learning.  At each time 𝑡 the agent is at state 𝑠', it takes 
action 𝑎', it observes a transition to state 𝑠'$%, and it receives a 
reward 𝑟'$%. We assume that 𝑠'$%~	𝑝 ⋅ 𝑠' , 𝑎'  and 𝑟'$% = 𝑟 𝑠' , 𝑎'  
(i.e., MDP assumption).  No reset.
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REINFORCE Leave-One-Out (RLOO)
44

§ Setting: Learning with generative model
§ Insight: Can compute an (unbiased) Monte-Carlo estimate of 𝑉#" 𝑠
§ Strategy: Reuse the sampled returns for data and baseline estimates
§ Generate 𝐾 trajectories from each state 𝑠

𝑏1" 𝑠 =
1

𝐾 − 1
4

2/%,24"

*

4
./.#

01%

𝑟.,2

§ The gradient estimator then becomes:

∇+𝑉 𝜋+ = 𝔼
1
𝐾
4
"/%

*

4
./!

01%

∇+ log 𝜋+ 𝑎.,"|𝑠.," 4
.#/.

01%

𝑟.#," − 𝑏1" 𝑠.

§ Issue: Exponential branching
§ Typical usage (structured prediction, e.g., vehicle routing problems, large 

language models): Applied only on initial states 𝑠!.
W. Kool, H. van Hoof, and M. Welling, “Buy 4 reinforce samples, get a baseline for free!” ICLR Workshop on Deep RL Meets Structured Prediction, 2019.
A. Ahmadian et al., “Back to basics: Revisiting REINFORCE style optimization for learning from human feedback in LLMs,” in ACL, 2024.
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Structured prediction
45

§ Machine learning aims to learn a mapping from input space 𝒳 to 
some output space 𝒴.

§ Examples
• Binary classification: 𝒴 = {0,1}
• Multi-class classification: 𝒴 = {0,… , 𝑘}

§ Structured prediction is when the output space is large and cannot 
be decomposed due to underlying dependencies (“structure”)

§ Examples
• Image semantic segmentation: 𝒴 = 𝑘=>, where the image is ℎ×𝑤 pixels
• Neural combinatorial optimization
• Language modeling
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Problem
Instance

Solution
Problem  
Instance

Solution

Better 
Solution

RL for solving combinatorial optimization
Construction methods Improvement methods

Slide courtesy Yining Ma

46



Wu

Outline
47

1. From Policy Iteration to Policy Search

2. Representing a policy (discrete and continuous!)

3. Policy gradient methods

4. REINFORCE

5. Variance reduction (temporal structure and baselines)

6. RL for Large Language Models
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Overall problem: Instruction fine-tuning
48

Slide courtesy Archit Sharma
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Standard RLHF loop (human feedback)
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Lambert, Nathan. "Reinforcement Learning from Human Feedback." 2025, rlhfbook.com/c/03-training-overview.

Or, token

Usually 0 (sparse) 
or learned

Scalar Reward
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Problem Setup: Optimizing for human preferences
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Slide courtesy Archit Sharma
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Standard RLVR loop (verifiable reward)
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Lambert, Nathan. "Reinforcement Learning from Human Feedback." 2025, rlhfbook.com/c/07-reasoning.
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Slide courtesy Aviral Kumar
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InstructGPT: scaling up RLHF to 30k tasks
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InstructGPT: scaling up RLHF to 30k tasks
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InstructGPT
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InstructGPT
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ChatGPT (2022)
§ Similar methodology
§ More, bigger, better 

(limited specifics). 
§ More dialog-oriented 

training data.
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Agentic AI loop (multi-turn interactions)
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And/or search call, 
code call, tool use

Scalar 
Reward

User

User request
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Recap
§ Policy gradient methods offer a conceptually simple class of 

methods for reinforcement learning.
§ They work by directly optimizing the policy (rather than the 

value function) by approximating the gradient of the value 
function.

§ Policy gradient methods attempt to maximize the likelihood of 
good trajectories.

§ The policy gradient theorem enables us to estimate the gradient 
through Monte Carlo trajectory samples (REINFORCE algorithm).

§ Advantages: no Markovian assumption, often effective for 
continuous action space problems.

§ Disadvantages: high variance and on-policy (limited sample 
efficiency).

58
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