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Training language models to follow instructions
with human feedback
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Pamela Mishkin* Chong Zhang  Sandhini Agarwal  Katarina Slama  Alex Ray
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(Reinforcement Learning from Human Feedback;RLHF)
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(Reinforcement Learning with Verifiable Reward; RLVR)
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Accuracy on adversarial questions (TruthfulQA me1)

Accuracy
70% = Anthropic-LM Competition Math Competition Code PhD-Level Science Questions
gpt-a.s u (AIME 2024) (Codeforces) (GPQA Diamond)
80% — gpt-4 100 100 1 100
89.0
833 783 780
50%— 80 80 A 80 ’ .
69.7
62.0
0% — = 60 56.7 2 60 = 60 561
o < s
3 S 3
0% 8 40 8 40 & a0
20% —
201 13.4 20 1.0 20 A
10%—
o] T T T (o] T T T 0 T T T T
. gptdo ol ol aptdo ol ol gptdo ol ol expert
0% 3 | f I preview preview preview human
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[OpenAl. "GPT-4 Technical Report” arXiv:2303.08774 (2023)]
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[OpenAl. "GPT-4 Technical Report” arXiv:2303.08774 (2023)]
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[1] Ranzato, Marc'Aurelio, et al. "Sequence level training with recurrent neural networks." ICLR 2016

[2] Schulman, John, et al. "Proximal policy optimization algorithms." arXiv:1707.06347 (2017).

[3] Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language
models." arXiv:2310.10505 (2023) & ICML 2024

[4] Shao, Zhihong, et al. "Deepseekmath: Pushing the limits of mathematical reasoning in open language models." arXiv:2402.03300 (2024).

[5] Yu, Qiying, et al. "Dapo: An open-source |lIm reinforcement learning system at scale." arXiv:2503.14476 (2025).
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Table 4 E2E time breakdown for training a 13 billion parameter ChatGPT fnodel via
DeepSpeed-Chat on a single DGX node with 8 NVIDIA A100-40G GPU

4
Model Sizes Step1 Step2 |Step 3 | Total = 3
x
Actor; OPT-13B, Reward: OPT-350M  2.5hr  0.25hr | 10.8hr |13.6hr T2
[Yao, Zhewei, et al. "DeepSpeed-Chat: Easy, Fast and Affordable RCAF Training of 1
ChatGPT-like Models at All Scales." arXiv:2308.01320 (2023)]
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[Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language models." arXiv

preprint arXiv:2310.10505 (2023).]
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[Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language models." arXiv

preprint arXiv:2310.10505 (2023).]
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REINFORCE: AL3Z B i, AR M REHAL, i RE B E &

response

-
>

LLM

<
<

gradient

REINFORCE

VoEsy[r(x y)1 = E, ) [ Volog my(y | x) - r(x, y)]

| | l

gradient of reward maximization likelikehood reward-weighting
FH: BHFTFET & M E LA

[Williams, R. J. Simple statistical gradient-following algorithms for connectionist reinforcement learning. Machine learning, 8:229-256, 1992.]
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s FRFEEBEK
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= REINFORCE |

OPT-1.3B on full-hhglhf

1044
rompt 1: W] figure skating olympics 2 ! ded probl REINFORCE
cccccccccccccccccccc — ReMax _30 ReMax
102
rompt 2: What ost T
£ g -4.5
2 &
Prompt 3: Does the integral from 1 to infty of sin"2(1/x) converge? €10 S
v -
© 2
{ I w
10 ¢
Prompt 4: What we learn in sociology? MW =75
10 20 30 10° -9.0
Reward Values 0 15000 30000 45000 0 15000 30000 45000
Iteration Iteration

R B £ 5+ K —— REINFORCE/% ++ 4% & % 4L B 7l — REINFORCE | %4 % £

[Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language models." arXiv
preprint arXiv:2310.10505 (2023).]
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VoE,,[r(x, y1.p)]1 = E [Vglog 7y(y1.7| %) - [r(x, Vir) — b(x)]] adva ntage

b(x) = r(x,y1.r), Yi=

Proposition 1. The gradient estimator in Eq. (8) and Eq. (9)

is unbiased for the objective function in (1), i.e., E[g(0)] =
VoEznpEq,. oy [r(x, a1.7)]. Furthermore, its variance is
bounded by c x r%,. x T? x §%/N, where c is a universal
constant, S is an upper bound of |V g log mg(at|x, a1.4—1) ||
forall (0,z,a1.7), and Tmax = maxy q, ., |7(z,a1.7)|.

ToAm A6 B AR AE

arg max my(y, | x, y1.)
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L
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Proposition 3. For any 2-armed bandit, consider the param-
eterization mo(alz) = exp(0z,q)/ D, €xp(0z,a’), Where
0, € RI¥IX2 with | X| being the context size and 2 being
the action size. Without loss of generality, assume a; is the
optimal action and rewards are positive. Then, we have

Var[g(6)] < Var[g(6)],

if mg(ai|z) < 0.5+ 0.57(x,a1)/(r(zx,a1) — r(z,a2)) (in
particular, wg(a1|x) < 0.5) for any .
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[Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language models." arXiv
preprint arXiv:2310.10505 (2023).]
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DeepSpeed-Chat

(from Microsoft)

Actor Model

train() eval()

HybridEngine
Training o DataRemapping Inference
Engine o Switch Parallelism Engine

¢  Memory management

Training Experience
Loop Generation

Efficient KV-caching

Tensor parallelism
Optimized memory usage
Customized kernels

Higher inference throughput

ZeRO Technology
Offloading

LoRA

Efficient optimizer

.« & APPORFH
o NIEABE: REZXRIKT

[Yao, Zhewei, et al. "Deepspeed-chat: Easy, fast and affordable rlhf
training of chatgpt-like models at all scales." arXiv:2308.01320 (2023).]

HybridFlow/Verl

(from Bytedance)

Micro-DP group [1]GPU &rank || Model partition [P] Prompt [RI] Response — — TP group

[
(S )

Model
Update

: I} (®)Training

DAl Gather  (2) Load prompts (3 Generate and (@ Partition weights
Model weights AllGather responses to train mode

« % #: PPO, ReMax, Safe-RLHF
o YIESFH: REXERS

[Sheng, Guangming, et al. "Hybridflow: A flexible and efficient rlhf framework.” arXiv
2409.19256 & Proceedings of the Twentieth European Conference on Computer Systems. 2025.]
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GRPO

2 0 24 [Shao, Zhihong, et al. "Deepseekmath: Pushing the limits of mathematical reasoning in open language models." arXiv:2402.03300 (2024).]
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Proposition 1 ((Greensmith et al., 2004, Li et al., 2024c)). The minimal-variance baseline value for Equa-
tion (12) is

]EylzTNﬂ'S [r(x, yl:T) ’ ”Vﬂ log Tlg (y1T|x)||§]
IEaer"‘TfQ [r(x/yliT)]

b*(x) =

o AR AR AR X B E

- HH: BAZETHENtokentIHE, FHEX, FHEAEFELEA

[Greensmith, Evan, Peter L. Bartlett, and Jonathan Baxter. "Variance reduction techniques for gradient estimates in reinforcement learning."
Journal of Machine Learning Research 5.Nov (2004): 1471-1530.]

[Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language models." arXiv preprint
arXiv:2310.10505 (2023).]
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[Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning large language models." arXiv preprint
arXiv:2310.10505 (2023).]



M.GRP0Z|DAPO

pRALEE 3] Bk AR R a4k (Proximal Optimization) 4242

xg—GRPO(G) - ]E[q P(Q)r {01}1_1 ﬂ:eazd (O|q)]
1 L { . [arg(oi,ﬂq,ol—,q) . (arg(oi,tm,oi,q)
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David bought 5 shorts at $7 each, so the total cost was $35.
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[Yu, Qiying, et al. "Dapo: An open-source lIm reinforcement learning system at scale." arXiv preprint arXiv:2503.14476 (2025).]
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Lu, Han, et al. "Part Il: ROLL Flash--Accelerating RLVR and Agentic Training with Asynchrony." arXiv preprint arXiv:2510.11345 (2025).
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[Chen, Peter, et al. "Spectral Policy Optimization: Coloring your Incorrect Reasoning in GRPO." arXiv preprint arXiv:2505.11595 (2025).]
[Li, Ziniu, et al. "Knapsack RL: Unlocking Exploration of LLMs via Optimizing Budget Allocation." arXiv preprint arXiv:2509.25849 (2025).]
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& |
—— — —

Success Rate

8
&
@

A

Theorem 1 (Exploration Budget). Given a prompt i with the success rate
p; € (0,1), we have that

o High probability bound: For any o € (0,1), to ensure P(g; # 0) > a,
. In(l1-e
it suffices to take N 2 m.

o Ezpected number of rollouts: Let Nf™ denote the number of inde-
pendent rollouts required until g; # 0 is achieved for the first time. Its
expectation is: B[N = 1/p; + 1/(1 — p;) — 1.

[Li, Ziniu, et al. "Knapsack RL: Unlocking Exploration of LLMs via Optimizing Budget Allocation." arXiv preprint arXiv:2509.25849 (2025).]
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N, max Z Value(N;, p;)

""" Value(NN;, p;) = ProbNonZeroGradient(N;, p;) x InfoGain(p;)
M

subject to Z N; = Niotal, - ProbNonZeroGradient = 1 — pl.N" -(1- pi)Nf

i=1

InfoGain = p(1 — p,)*

[Li, Ziniu, et al. "Knapsack RL: Unlocking Exploration of LLMs via Optimizing Budget Allocation." arXiv preprint arXiv:2509.25849 (2025).]
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preprint arXiv:2508.17445 (2025).]
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A Survey of Reinforcement Learning for Large
Reasoning Models

Review of Reinforcement Learning for Large
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Abstract: Large Language Models (LLMs) represent significant milestones in artificial intelligence development.

Abstract | In this paper, we survey recent advances in Reinforcement Learning (RL) for reasoning with Large While pre-training on vast text corpora and subsequent supervised fine-tuning establish their core abilities,
Language Models (LLMs). RL has achieved remarkable success in advancing the frontier of LLM capabilities, Reinforcement Learning (RL) has emerged as an indispensable paradigm for refining LLMs, particularly in
particularly in addressing complex logical tasks such as mathematics and coding. As a result, RL has emerged aligning them with human values, and teaching them to reason and follow complex instructions. As this field
as a foundational methodology for transforming LLMs into LRMs. With the rapid progress of the field, further evolves rapidly, this survey offers a systematic review of RL methods for LLMs, with a focus on fundamental

scaling of RL for LRMs now faces foundational challenges not only in computational resources but also in
algorithm design, training data, and infrastructure. To this end, it is timely to revisit the development of
this domain, reassess its trajectory, and explore strategies to enhance the scalability of RL toward Artificial
Superlntelligence (ASI). In particular, we examine research applying RL to LLMs and LRMs for reasoning
abilities, especially since the release of DeepSeek-R1, including foundational components, core problems,
training resources, and downstream applications, to identify future opportunities and directions for this rapidly
evolving area. We hope this review will promote future research on RL for broader reasoning models.

concepts, formal problem settings, and the main algorithms adapted to this context. Our review critically
examines the inherent computational and algorithmic challenges arising from the integration of RL with LLMs,
such as scalability issues, effective gradient estimation, and training efficiency. Concurrently, we highlight
exciting opportunities for advancing LLM capabilities through new RL strategies, including multi-modal
integration and the development of agentic LLM systems.

[https://arxiv.org/abs/2509.08827] [https://openreview.net/forum?id=ghQQN;jSxJc]

* Wang, Peng-Yuan, et al. "A Survey on Large Language Models for Mathematical Reasoning." arXiv preprint arXiv:2506.08446 (2025).



Schulman, John, et al. "Proximal policy optimization algorithms." arXiv preprint arXiv:1707.06347
(2017).

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances
in neural information processing systems 35 (2022): 27730-27744.

Li, Ziniu, et al. "Remax: A simple, effective, and efficient reinforcement learning method for aligning
large language models." arXiv preprint arXiv:2310.10505 (2023).

Shao, Zhihong, et al. "Deepseekmath: Pushing the limits of mathematical reasoning in open language
models." arXiv preprint arXiv:2402.03300 (2024).

Yu, Qiying, et al. "Dapo: An open-source lIm reinforcement learning system at scale." arXiv preprint
arXiv:2503.14476 (2025).

Li, Ziniu, et al. "Knapsack RL: Unlocking Exploration of LLMs via Optimizing Budget Allocation." arXiv
preprint arXiv:2509.25849 (2025).






	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 42

