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Outline

Improvements to RL from Human Feedback:
= Direct Preference Optimization

» Reward Guided Text Generation

LLM Reasoning (test time inference):
= Chain of thought reasoning
= Reasoning by searching

= Self-reflection
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RLHF Improvements

Proximal Policy
Optimization (PPO)
Ouyang et al., 2022

Direct Preference
Optimization (DPO)
Rafailov et al., 2023
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Reward Guided Text
Generation (RGTG)
Khanov et al, 2024
Rashid et al., 2025
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Direct Preference Optimization

Rafailov, Sharma, Mitchell, Ermon, Manning, Finn (2023) Direct

Preference Optimization: Your Language Model is Secretly
a Reward Model, NeurlPS.

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
: V:QZ?E;?&?ZZ?M label rewards : vtvfzgchi?tcofypoofi?zj"bom
P
—.[= > reward model LM policy t_zyw =, > final LM
o S
preference data maximum sample completions preference data

reinforcement learning
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Bypassing RL
= Recall RL objective:
md(;ix Esepataset [Ea~n¢(a|s) [re(s,a)] — KL(7T¢(' |S)|7Tref(' |S))]

= Closed form solution (proof on next slide):

_ 1 ro(s,a)
g (als) = g5 rer(als) exp (“25°)
= Isolate reward: ry(s,a) = 8 logM + Blog Z(s)
Trer(AlS)

= Plug into preference objective:

Loss(6) = — (Tl) E(s.a,a;)epataset 1080 (TQ (s,a) = mo(s, af))
2

1 gy (ai|S) m(%]5)
- m E(s,ai,aj)EDataset lOg o ('B 1Og 7Tref(al'i |S) - '8 log 7Tref(aj |S)>

2
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Optimal Policy Derivation

arg;bnax Esepataset [Ea~7t¢(a|s) [ro(s,a)] — B KL(T[QD (- |S)|7Tref(' |S))]

e (als) . el
= arg;)nax Esepataset _Ea~r[ »(als) lrg (s,a) — Blog nr‘:f % by KL definition
. g (als) 1 . .

== argqlbrlln EseDataset =Ea~n¢,(a|s) :log m - Ere (S; a)] Since max = - min
= argmin Esepatqset Ea~7‘t¢ (als) log 1 To(dls) TS, a) —logZ(s) where Z(s) = Yo myef(als) exp (rﬂ(;“))

¢ Ts)nref(ms) exp(
= argmin Esepataset | Ea~my(als) log— T (@ls) (S a) since log Z(s) is independent of ¢

(0} mnref(als) exp 9
. inE E g (als) h ( ) ( ) r(s,a)
= argqrbnln s€Dataset ' a~mg(als) _ 0 74+ (als) WREre 7T ¢+ als Z( ) o Lref als) exp B
= argmin Esepaaset [KL (o (- [S)||Ig (- |5)) by KL definition

5 _
= ¢* since KL is minimized when both arguments are equal
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Empirical Results

Rafailov et al. 2023

IMDb Sentiment Generation TL;DR Summarization Win Rate vs Reference
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RLHF Improvements

Proximal Policy
Optimization (PPO)
Ouyang et al., 2022
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Reward Guided Text
Generation (RGTG)
Khanov et al, 2024
Rashid et al., 2025
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Text Generation

= Utterance-level RL (learn reward function)
= State: prompt
= Action: response
= Reward: score complete response
= Horizon: 1 time step (no transition function)
= Token-level RL (learn Q-function)

State: [prompt, partial response]
Action: next token

Reward: score complete response (0 for partial response)

= Horizon: length of response qc"[,\m
ion function:
rompt partlal response —@pt partial response, nextt@
= (Q(s,a): score next token

W UNIVERSITY OF
CS486/686 Winter 2026 - Lecture 20 - Pascal Poupart PAGE 9 @ WATERLOO



Sequence Generation o fnne () = (<)

= Recall closed form solution i Q/)d,<Yl)
ro(s,a)
T[qb (a|s) — Z(s )T[ref(als) exXp ( GB )
= softmax (log Tror(als) + TG(;'a))

= Text generation:

/ /T[ref(al S) Te (S, al) \
T[ref(az S) Tg (S az)
a ~ softmax | log T[ref(aB s) |+ | re(s,a3) | /B

\ \nref(cln o) \neay )
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Token Generation
= Token-wise LLM modeling

ny(alls, ati-1) = = T[ref(a s, @) exp (Qe(zal:i))

. . 1:1
= softmax (log nref(alls, al:“l) + QQ(SB'a ))

= Token generation:

[rrrfatlsa )y - fQolsan ey
| e (ab]s, ati~1) Qo((s, abi"1,ab)
al ~ softmax | log trer(abs,at1) | +| Qq(s a1, al) /B

\ \n,,ef(a;;';,am—l)/ \Qg(s,ai'?i—l,ag)/ )
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FaRMA: Faster Reward Model for Alignment

= Rashid, Wu, Fan, Li, Kristiadi, Poupart (2025) Towards Cost-Effective
Reward Guided Text Generation, ICML.

= Optimization problem:

max E(sa,.a_)epataset 108 U(QQ (s,a;) — Qo(s, a—))
Subject to ¥g(s, a™') = max ys’zs, [alt, a'tlel]) vs, a,i

= In practice: alternate between minimizing two loss functions

. Ll (8) = _E(s,a+,a_)EDataset lOgU(QQ (s, a+) — Qg (s, a—))

1 .i .i i ‘la 2
= L,(0) = EE(s,a)EDataset,is|a| (Qe (s,a™) — max Qg (S» [a'?,a"*"! ID)

al+1:|a|
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FaRMA Pseudocode

Repeat
Repeat for each (s, a,,a_) in minibatch

L,(0) =loga(Qe (s, ay) — Qy(s,a.))
0 <68 —aVL,(0)
Repeat for each (s, a, i) in minibatch

2
L2 (9) = %(QQ (S, alti) _ rnlgi( QG (S, al:i+1))
0 — 9 - CZVLZ (8)
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.
Empirical Results

TLDR Summarization

TL;DR Summarization 80
Method LLM 7 =SE Time(min)
Tref frozen 0.98+0.18 2 . 60 ®
e ®
ARGS frozen 1.46+0.16 32 =
PARGS frozen 1.56+0.19 31 Eé 40
CD frozen 1.1540.16 29 =
FaRMA  frozen 2.0540.15 5 =
CARDS frozen 1.734+0.16 17 20 1
DPO trained 2.08+0.18 2
PPO trained 205:&014 2 0 . FaRMA l ARGS l. PARGS .I CD DITO PPO | CARDS
0 10 20 30 40 50 60
Table 2. Avg. reward (over 100 samples) 4 standard error Inference Time (mins)
total generation time for the TL;DR summarization task. Figure 2. GPT4 evaluation on TLDR
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Reasoning LLMs

Source: Pan, Ji et al. (2025) A Survey of Slow Thinking-based Reasoning

LLMs using Reinforced Learning and Inference-time Scaling Law
The recent timeline

f . 2025.1 OwO-
ol reasoning | LN
LLMS 73N, Search-
s1 ‘@ %
LLaMA 2025.3-4
-Berry Sky-T1 Grok-3 7 S
202|4'1 1 ope: GZ';:: rStar- DPO-R1 |Q Q
S Math Q 3‘;3-
£7 O @ L LLa":AV LMM-R1 @ Wenxin
=0 -x1
@ gpt-ol Marco- @ FRAtCEY Deepseek Claude3.7 ‘oo’
3 = . oo, GLM-
EL5 5 = - & R1 ‘).‘ Z1-Air
Deepseek i .. s
w s H Kimi k1.5 @ Gl
Skywork Al-
=t @ openAl- @ openAl-
2024.9 SIS 2024.12 03-mini 2025.2 03&04-mini

Fig. 1. The timeline of main reasoning LLMs.
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Standard Prompting

o

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

Chain of Thought (CoT) Prompting

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans ch
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples

K w \do they have? j

A: The answer is 27. x

Credit: https://cameronrwolfe.substack.com/p/chain-of-thought-prompting-for-llms
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Impact of CoT

Source: Wei et al. (2022)
Chain of thought prompting
elicits reasoning in large
language models.
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[] Standard prompting
Equation only

Variable compute only
Reasoning after answer

B Chain-of-thought prompting
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-
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Figure 5: Ablation study for dif-
ferent variations of prompting us-
ing LaMDA 137B and PalLM 540B.
Results for other datasets are given
in Appendix Table 6 and Table 7.
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CoT with Self-Consistency

Chain-of-thought

prompting \ model

Self-consistency <y

/" @:if there are 3 cars in the parking ~ \
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot

already. 2 more arrive. Now there are
3 + 2 =5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day. |\

She eats three for breakfast every Y Langgaiqe
morning and bakes muffins for her moade
friends every day with four. She sells S/
the remainder for $2 per egg. How
much does she make every day?

\ " J
A y

| Prompt JL- Language L_

A

/

” She eats 3 for breakfast, so |

| she bakes muffins, so she

N\,

Greedy decode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

'{ The answer is $14.

Marginalize out reasoning paths
to aggregate final answers

Sample a diverse set of
reasoning paths

Shehas 16 -3 - 4 =9 eggs
left. So she makes $2* 9 =

| The answer is $18.

f | $18 per day. | \ \

¥ \ \
i |
This means she she sells the k \

remainder for $2 * (16 - 4 - 3)  The answer is $26. |
= $26 per day. |

<

\\
\

\

| he answeris sta.

\
e P
} /
\v /
f

she has 16 - 3 = 13 left. Then | /
| The answer is $18. f

has 13 - 4 = 9 eggs left. So

she has 9eggs * $2=$18. |

T

J

Credit: https://cameronrwolfe.substack.com/p/chain-of-thought-prompting-for-llms
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Reasoning by Searching
DFS, '3FS/H*, Pavey

Source: Pan, Ji et al. (2025) A Survey of Slow Thinking-based Reasoning
LLMs using Reinforced Learning and Inference-time Scaling Law

Direct COT Best of N Tree Search Beam Search
Q Q Q

® ¢ }\o(‘\u
N N N N

Q : Question : Good Step ‘ . Accept Answer . : Reject Step

Fig. 3. The search algorithms for test-time scaling
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Learning to Reason

Source: Pan, Ji et al. (2025) A Survey of Slow Thinking-based Reasoning
LLMs using Reinforced Learning and Inference-time Scaling Law

PRM: Process Reward Model
w0 @@
T PRM
5 ° Steps
22 ORM: Outcome Reward Model
0 00000
e Question ORM
(a)Reinforcement Learning (b) Reward Model
Fig. 4. The reinforcement learning framework and reward model
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Reflexion: Verbalized Reinforcement Learning

Source: Shinn, Cassano et al. (2023) Reflexion: Language Agents with Verbal Reinforcement Learning

Agent

External feedback

Self-reflection (LM)

Internal Reflective
feedback text
[ Evaluator (LM) } Experience

(long-term memory)

l

Actor (LM)

-

. Trajectory *_[
(short-term memory)

—Obs / Reward — Environment <— Action ——
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—[ 1. Decision making ]

You are in the middle of a room

_[ 2. Programming )

Task: You are given a list of two

]

Task: What profession does John

( 3. Reasoning

(a) Task [...] Task: clean some pan and put strings [...] of open ' (' or close Lanchester and Alan Dean Foster
it in countertop. ') ' parentheses only [...] have in common?
l [Ekesas] def match parens(lst): Think: [...] novelist, journalist,
(b) Action:take panl from stoveburnerl 1 gl counti(Vi(Y) * critic [...] novelist,
Trajectory Obs:Nothing happens. [...] s2.count (" (') == isl.count (') ") + screenwriter [...] common is
Action:clean panl with sinkbasinl s2%count (k) s novelist and screenwriter.

Obs:Nothing happens. [...]

return) 'No®

Action: “novelist, screenwriter”

Rule/IM Heuristic:
Hallucination.

() {

Evaluation

[Self—generated unit tests fail:

assert match parens(...)

Environment Binary Reward:
0

nternal / external)

[...] tried to pick up the pan in
(d). stoveburner 1 [...] but the pan
Reflection | was not in stoveburner 1. [...

[...] wrong because it only checks
1f the total count of open and
close parentheses is equal [...]
order of the parentheses [...]

[...] failed because I incorrectly |
assumed that they both had the
same multiple professions [...]
accurately identifying their

L professions.
[...] Action: take pan 1 from [ ] Think: [...] So the profession
(e) Next stoveburner 2 . e Tl i S ) John Lanches’.cer and Alz.m Dean .
Trajectory [...] Obs: You put the pan 1 in BRSak (52) lolsel 'Nov Foster have in common is novelist.

countertop 1.

Action: “novelist”

Figure 1: Reflexion works on decision-making 4.1, programming 4.3, and reasoning 4.2 tasks.
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Improved Reasoning by Self-Reflection

Source: Shinn, Cassano et al. (2023) Reflexion: Language Agents with Verbal Reinforcement Learning

8(a) HotPotQA Success Rate

-=-- CoT only
ReAct only
0.6 —* CoT + Reflexion
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Figure 4: Chain-of-Thought (CoT) and ReAct. Reflexion improves search, information retrieval,
and reasoning capabilities on 100 HotPotQA questions. (a) Reflexion ReAct vs Reflexion CoT (b)
Reflexion CoT (GT) for reasoning only (c) Reflexion vs episodic memory ablation.
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Inference Time Reasoning

Source: Ke, Jiao et al. (2025) A Survey of Frontiers in LLM Reasoning
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