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Abstract001

Pre-trained Large Language Model (LLM) ex-002
hibits broad capabilities, yet, for specific tasks003
or domains their attainment of higher accu-004
racy and more reliable reasoning generally005
depends on post-training through Supervised006
Fine-Tuning (SFT) or Reinforcement Learn-007
ing (RL). Although often treated as distinct008
methodologies, recent theoretical and empiri-009
cal developments demonstrate that SFT and RL010
are closely connected. This survey presents a011
comprehensive and unified perspective on LLM012
post-training with SFT and RL. We first pro-013
vide an in-depth overview of both techniques,014
examining their objectives, algorithmic struc-015
tures, and data requirements. We then system-016
atically analyze their interplay, highlighting017
frameworks that integrate SFT and RL, hybrid018
training pipelines, and methods that leverage019
their complementary strengths. Drawing on020
a representative set of recent application stud-021
ies from 2023 to 2025, we identify emerging022
trends, characterize the rapid shift toward hy-023
brid post-training paradigms, and distill key024
takeaways that clarify when and why each025
method is most effective. By synthesizing the-026
oretical insights, practical methodologies, and027
empirical evidence, this survey establishes a028
coherent understanding of SFT and RL within029
a unified framework and outlines promising di-030
rections for future research in scalable, efficient,031
and generalizable LLM post-training.032

1 Introduction033

Pre-trained LLMs have demonstrated remarkable034

capabilities across a wide range of tasks, from fact-035

based question answering (Joshi et al., 2017) to036

code generation (Jimenez et al., 2024). Despite037

being trained on corpora containing billions to tril-038

lions of tokens, LLMs often require task-specific039

post-training adaptation to improve accuracy, miti-040

gate erroneous outputs, and handle new tasks. For041

instance, fine-tuning can enhance multi-step rea- 042

soning by enabling the generation of progressively 043

longer reasoning chains, ultimately leading to more 044

accurate final answers, particularly in tasks that re- 045

quire complex reasoning ability(Guo et al., 2025). 046

It can also enhance practical interaction skills, in- 047

cluding performing tasks in household (Song et al., 048

2024a) or device-control environments (Rawles 049

et al., 2025). Such capabilities rarely emerge from 050

pre-training alone, as the data seldom contain the 051

task-specific patterns or feedback necessary for ac- 052

curate reasoning or complex interactions, highlight- 053

ing the importance of post-training. 054

Current post-training methodologies for LLMs 055

primarily fall into two paradigms: SFT and RL. 056

The objective of SFT (Zhou et al., 2023; Li et al., 057

2024c; Pang et al., 2025) is to maximize the likeli- 058

hood of tokens conditioned on context, whereas RL 059

(Ouyang et al., 2022; Guo et al., 2025; Yang et al., 060

2025a) optimizes a reward signal derived from hu- 061

man or automated preference feedback. Despite 062

their different objectives, in recent years, research 063

efforts have increasingly focused on bridging these 064

two approaches (Wu et al., 2025; Fu et al., 2025b), 065

exploring how their combination (Wu et al., 2025; 066

Qin and Springenberg, 2025; Yan et al., 2025a; Liu 067

et al., 2025a) can enhance performance beyond 068

what either approach achieves in isolation. 069

This combination is especially pronounced in 070

complex tasks that demand both accuracy and gen- 071

eralization, such as multi-step reasoning. SFT 072

alone can teach models to generate basic Chain-of- 073

Thought (CoT), but may struggle with novel prob- 074

lem structures (Ross and Bagnell, 2010; De Haan 075

et al., 2019). Conversely, RL fine-tuning based on 076

preference feedback can improve step-wise correct- 077

ness, yet it often requires extensive exploration in 078

the absence of offline demonstrations. By combin- 079

ing SFT and RL, models can leverage the strengths 080

of both approaches, achieving more reliable and 081

robust reasonings. As illustrated in Figure 1, these 082
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SFT. Algorithm-centric: Li et al. (2024c), Pang et al. (2025), Ming et al. (2025) ; Data-centric: Zhou et al. (2023),
Deb et al. (2025a), Li et al. (2025b), Quan (2025), Cao et al. (2025a).

RL. Algorithm-centric: Li et al. (2023), Shao et al. (2024), Ahmadian et al. (2024), Hu (2025), Cheng et al.
(2025), Cui et al. (2025b), He et al. (2025a), Shrivastava et al. (2025), Chen et al. (2025c) ; Data-centric: Zhang
et al. (2024a), Xu et al. (2025c), Zheng et al. (2025), Qu et al. (2025), Zhang et al. (2025c), Chen et al. (2025d),
Wang et al. (2025a).

Unifying and Cross-Enhancing SFT & RL. A Unified Objective: Wu et al. (2025), Lv et al. (2025), Liu et al.
(2025b); Using SFT to Enhance RL: Li et al. (2024a), Hua et al. (2024), Chen et al. (2025a); Using RL to En-
hance SFT: Wang et al. (2024d), Wu et al. (2025), Qin and Springenberg (2025), Du et al. (2025b).

Combining SFT and RL. Hybrid training with combination of SFT and RL objectives: Hong et al. (2024), Liu
et al. (2024), Huang et al. (2025), Zhang et al. (2025d), Liu et al. (2025b), Lv et al. (2025), Fu et al. (2025b),
Chen et al. (2025b), Deng et al. (2025)

General QA Tasks. CoT Reasoning: Chen et al. (2024), Ranaldi and Freitas (2024), Feng et al. (2024); LLM-
based Retrieval: Mao et al. (2024), Jin et al. (2024), Zhu et al. (2024); Hallucination Management: Li et al.
(2024b), Kang et al. (2024), Xu et al. (2024b).

Mathematical Tasks. Math CoT: Lewkowycz et al. (2022), Luo et al. (2023), Yu et al. (2023), Azerbayev et al.
(2023), Shao et al. (2024); Rollout Selection and Verification: Cobbe et al. (2021), Huang et al. (2022), Wang
et al. (2024c), Xu et al. (2024c), Guan et al. (2025).

Agentic Tasks. Task Execution: Song et al. (2024b), Yao et al. (2024), Yin et al. (2024); Self-Improvement: Zhou
et al. (2024c), Lai et al. (2024), Xiong et al. (2024), Qi et al. (2025); Planning: Zeng et al. (2023), Xiong et al.
(2025b), Xia et al. (2025a).

Code-based Tasks. Code Generation: Wei et al. (2024), Luo et al. (2025), Yang et al. (2025b); Code Editing:
Dou et al. (2024), Dong et al. (2024), Wei et al. (2025c), Jiang et al. (2025); Code for other tasks: Wang et al.
(2023), Gou et al. (2024), Yang et al. (2024).
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Figure 1: A taxonomy of large language model (LLM) post-training alignment methods via supervised fine-tuning
(SFT) and reinforcement learning (RL). We organize prior work along three categories: (1) algorithm-centric versus
data-centric approaches within SFT and RL, (2) comparative, unifying, and hybrid frameworks that integrate SFT
and RL objectives, and (3) representative downstream application domains, including reasoning, mathematics,
agentic behavior, and code-related tasks.

studies highlight that understanding and combin-083

ing the complementary strengths of SFT and RL is084

crucial for advancing LLM post-training methods.085

While recent surveys offer valuable insights into086

LLM post-training, the majority of they typically087

examine SFT or RL separately (Parthasarathy et al.,088

2024; Tao et al., 2024; Mao et al., 2025; Tie et al.,089

2025; Zhang et al., 2025b,a), leaving the relation-090

ships between these approaches comparatively un-091

derexplored. Other works focus on specialized092

dimensions of post-training, such as vision-centric093

adaptation (Chu et al., 2025), advances in reasoning094

(Kumar et al., 2025), agentic behaviors (Du et al.,095

2025a), or scaling strategies (Lai et al., 2025). In096

contrast, our survey provides a systematic and inte-097

grated perspective on SFT and RL as complemen-098

tary post-training tools, with particular emphasis099

on their interplay and practical applications.100

Our key contributions are threefold:101

• We are the first study to systematically sum-102

marize and compare SFT and RL in LLM103

post-training, providing a clear understanding104

of what SFT and RL are, and how they can105

be extended from both algorithm-centric and106

data-centric perspectives. 107

• We then establish a unified framework for 108

characterizing SFT and RL, highlighting how 109

they can complement each other or be inte- 110

grated into hybrid learning approaches. 111

• From a survey of applications spanning 2023 112

to 2025, we observe rapid task-domain expan- 113

sion, growing adoption of integrated SFT–RL 114

training, and a continued shift from API-based 115

labeling to open-weight–generated datasets. 116

2 Background: SFT and RL 117

Supervised Fine-Tuning (SFT). SFT is a
method for adapting pre-trained LLMs to spe-
cific tasks or domains by training on high-quality
prompt–response pairs using standard language
modeling objectives. This process typically in-
volves collecting or curating a dataset of expert-
written demonstrations D = {(x, y)}, prompt x
paired with target responses y, and then fine-tuning
the model πθ:

min
θ

E(x,y)∼D [− log πθ(y | x)] .
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In essence, SFT trains a model to imitate expert118

behavior. It is closely related to Behavior Cloning119

(BC) (Pomerleau, 1991) in traditional reinforce-120

ment learning, as both frameworks learn directly121

from expert demonstrations without relying on ex-122

plicit reward signals. The goal of SFT is to re-123

produce expert performance; however, like BC,124

it suffers from distribution shift, which can lead125

to compounding errors (Ross and Bagnell, 2010;126

De Haan et al., 2019), and depends heavily on the127

quality of the demonstrations.128

Reinforcement Learning (RL). RL offers an al-129

ternative paradigm in which LLMs are tuned not130

through direct supervised signals, but by optimiz-131

ing behaviors according to a reward function. In132

classical RL, models interact with environments133

and learn a policy that maximizes cumulative re-134

wards over time. Recent LLMs post-training meth-135

ods (Ouyang et al., 2022; Guo et al., 2025; Yang136

et al., 2025a) have adopted similar techniques: an137

environment is constructed, the model serves as138

a policy that interacts with this environment, and139

training proceeds to maximize expected rewards:140

max
θ

Ex∼D, y∼πθ(·|x) [r(x, y)] ,141

where the reward function r is either manually spec-142

ified or learned from data. Although RL can also143

refer to offline reinforcement learning without en-144

vironment interactions, in this work, we use it ex-145

clusively to denote online RL, as it plays a predom-146

inant role in the current frontier of LLM alignment,147

including reasoning and agent development.148

Here, we summarize the key distinction between149

SFT and RL in the context of LLM post-training,150

as commonly described in current literature (Shao151

et al., 2024; Zhang et al., 2025b): SFT is an su-152

pervised learning paradigm that trains on expert-153

annotated prompt–response pairs, Whereas RL is a154

reward-driven optimization paradigm that learns155

by updating the model from its own generations.156

3 SFT and RL: Distinct Methodological157

Landscapes158

In the evolving landscape of LLM post-training,159

SFT and RL are two primary methodological160

paradigms. This section presents an overview of161

these approaches from (1) Algorithm-centric: re-162

fined training algorithms or loss functions, and (2)163

Data-centric: curated data selection or sophisti-164

cated data synthesis.165

3.1 SFT 166

Algorithm-centric SFT. Li et al. (2024c) in- 167

troduces Entropic Distribution Matching (GEM), 168

which reformulates SFT as a distribution-matching 169

problem with entropy regularization to mitigate 170

overfitting and preserve output diversity. Token 171

Cleaning (Pang et al., 2025) estimates the contribu- 172

tion of each token to model updates and removes 173

uninformative ones, effectively reducing noise in 174

supervision. One-Token Rollout (Ming et al., 2025) 175

is a policy-gradient-inspired variant of SFT that 176

treats each token prediction as a one-step trajectory 177

and leverages the ground-truth token as a reward, 178

introducing on-policy learning signals without the 179

complexity of RL. 180

Data-centric SFT. Zhou et al. (2023) fine-tunes 181

their model on only 1, 000 high-quality and diverse 182

instruction–response pairs, achieving alignment 183

performance comparable to that of much larger 184

models. FisherSFT (Deb et al., 2025b) selects 185

training examples that maximize information gain, 186

achieving efficient learning with limited data. Li 187

et al. (2025b) optimizes data mixing by learning 188

domain-specific weights that minimize validation 189

loss, thereby improving generalization with mini- 190

mal tuning cost. Quan (2025) proposes to automat- 191

ically generate context-driven instruction–response 192

pairs to enrich and diversify SFT data without 193

heavy human annotation. Finally, Condor (Cao 194

et al., 2025a) integrates knowledge-guided synthe- 195

sis and iterative refinement to produce high-fidelity 196

alignment data, further demonstrating the impor- 197

tance of data curation. 198

3.2 RL 199

Algorithm-centric RL. Several modified objec- 200

tives and training procedures have been proposed 201

to extend LLM capabilities beyond what standard 202

RL achieves. A key line of innovation lies in policy 203

optimization algorithms. While Proximal Policy 204

Optimization (PPO) (Schulman et al., 2017), with 205

a learned value critic, has been the dominant ap- 206

proach, recent work favors critic-free methods such 207

as Group Relative Policy Optimization (GRPO) 208

(Shao et al., 2024), which simplifies training by re- 209

placing the value network with group-relative nor- 210

malized advantages. Other methods adopt direct 211

REINFORCE-style updates (Li et al., 2023; Ahma- 212

dian et al., 2024; Hu, 2025; Xiong et al., 2025a), 213

foregoing the complex components of PPO. An- 214

other active direction focuses on improving train- 215
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ing stability and efficiency through objective reg-216

ularization. Entropy regularization remains cru-217

cial for preventing entropy collapse (Cheng et al.,218

2025; Cui et al., 2025a). He et al. (2025a); Shri-219

vastava et al. (2025) introduce weighted token en-220

tropy to regularize policy updates. In contrast, Cui221

et al. (2025a) identifies the covariance between an222

action’s probability and its advantage as the key223

entropy “driver,” proposing covariance and Kull-224

back–Leibler (KL) clipping to selectively constrain225

tokens with exceptionally high covariance. More-226

over, Cheng et al. (2025) and Chen et al. (2025c)227

incorporate entropy information into advantage es-228

timation, further stabilizing training dynamics.229

Data-centric RL. Several approaches (Zhang230

et al., 2024a; Xu et al., 2025c) perform rollout se-231

lection, demonstrating that selectively training on232

a subset of informative model rollouts can achieve233

promising performance, such as high-variance234

or diverse examples, hence highly data efficient.235

Other approaches (Zheng et al., 2025; Qu et al.,236

2025) explore prompt selection (prior to rollout) to237

reduce computational cost while maintaining per-238

formance. Curriculum learning also contributes239

to this direction. Zhang et al. (2025c); Yao et al.240

(2025) dynamically select prompts of intermediate241

difficulty to maximize the learning signal. More-242

over, Chen et al. (2025d); Wang et al. (2025a) in-243

troduce a distribution-level adaptation approach244

that prioritizes tasks where the model exhibits the245

greatest advantage or lowest visitation.246

4 Comparison and Combination of SFT247

and RL248

Despite the prevalence of SFT and RL, two com-249

monly adopted post-training techniques for LLMs,250

they stay relatively disentangled and are usually251

applied in a sequential manner. For example,252

Reinforcement Learning from Human Feedback253

(RLHF) initially applies SFT to inject prior general254

knowledge into the LLMs, and then conducts RL255

for promoting the capability in a particular aspect256

(Ouyang et al., 2022; Bai et al., 2022). However,257

there is a missing systematical comparison and258

combination between these two stages, especially259

from a methodological and theoretical perspective,260

despite that there have been some pioneering works261

that try to modify the objectives of each other to262

complement each other’s strengths. The detailed263

comparison between different manners to combine264

SFT and RL together is summarised in Table 1.265

4.1 A Unified Objective 266

First, we write down the objectives of both SFT 267

and RL respectively in an explicit manner, 268

LSFT = E(x,y)∼D[− log πθ(y|x)], 269

LRL = Ex∼Dx,y∼πθ(·|x)[r(x, y)]. 270

Based on the above formulation, we could derive 271

the gradients for both objectives below, 272

∇θLSFT = E(x,y)∼D[−∇θ log πθ(y|x)], 273

∇θLRL = Ex∼Dx,y∼πθ(·|x)[∇θ log πθ(y|x) · r(x, y)]. 274

As pointed out in recent works (Wu et al., 2025), 275

the objective of SFT could be regarded as a special 276

case of RL, i.e., 277

∇θLSFT = E(xi,yi)∼D[−∇θ log πθ(yi|xi)] 278

= Exi∼Dx [Ey∼πθ(·|x)[−
I{y = yi}
πθ(y|x)

∇θ log πθ(yi|xi)]], 279

where I{y = yi} is the indicator function, which 280

takes value 1 when the output y sampled from pol- 281

icy πθ(·|x) is exactly the same with the ground- 282

truth response yi in the SFT training dataset. There- 283

fore, the ratio − I{y=yi}
πθ(y|x) could be seen as a proxy 284

reward function in SFT. 285

Based on the above argument, formatting SFT as 286

a special case of RL, the training objective of most 287

post-training could be abstracted into the following 288

formula, 289

max
π

Ex∼Dx,y∼πθ(·|x)
[
r(x, y)

]
290

− β KL
(
πθ(·|x)∥π0(·|x)

)
, 291

where π0 is the base (reference) policy model; r is 292

a proxy for the reward, and β is a hyper-parameter. 293

The KL regularization between the policy model 294

and the reference model restricts πθ from deviating 295

too much from a pre-trained checkpoint, primarily 296

for stability reasons. In the following sections, we 297

will continue to discuss the difference and combi- 298

nation of SFT and RL, mainly from the objective 299

perspective. 300

Therefore, optimizing LLMs with both SFT and 301

RL objectives ultimately collapses to the RL ob- 302

jective, and the tricks that work for one thus have 303

potential to be applied to the other. To mitigate the 304

drop in generalization ability from SFT, one could 305

consider applying importance sampling and online 306

rollout, as in RL. Meanwhile, to help LLMs memo- 307

rize additional knowledge, one could integrate the 308
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SFT loss into the RL objective. The roles of these309

two stages should be regarded as a mutually rein-310

forcing and interdependent relationship instead of311

merely being applied alternatively.312

4.2 Leveraging SFT to Enhance RL313

Combine offline demonstration and online data314

Recent studies have leveraged SFT to enhance RL315

in LLMs by combining offline demonstrations with316

online rollouts. Yan et al. (2025a) introduces an off-317

policy guided framework that augments on-policy318

updates with reasoning traces, effectively balancing319

imitation and exploration. SRFT (Fu et al., 2025b)320

integrates supervised and reinforcement objectives321

in a single-stage framework, avoiding inefficien-322

cies of sequential fine-tuning. Similar to LLMs,323

Vision Language Models (VLMs) are another flour-324

ishing area with great potential by extending the325

single text-based modality of LLMs into vision,326

like images and videos. Liu et al. (2025a) pro-327

pose a dynamic memorization–exploration strategy328

for small VLMs, which adaptively alternates be-329

tween demonstration imitation and online reward330

optimization. AMFT (He et al., 2025b) adopts a331

meta-learning perspective, dynamically adjusting332

the imitation–exploration balance to maximize per-333

formance. Lv et al. (2025) provides a unified view334

of post-training, showing that both SFT and RL335

optimize a common objective, and propose hybrid336

updates to exploit demonstration and rollout data.337

BREAD (Zhang et al., 2025e) bridges SFT and338

RL through branched rollouts anchored by expert339

prefixes, reducing reliance on large demonstration340

sets while improving stability. Similarly, Huang341

et al. (2025) develops a prefix sampling approach342

that guides generation into high-quality trajecto-343

ries before applying RL optimization. Collectively,344

these methods illustrate complementary strategies,345

including single-stage integration, adaptive weight-346

ing, and prefix-based seeding, that enhance the347

efficiency and robustness of RL when grounded in348

SFT demonstrations.349

Objective Modification NFT (Chen et al.,350

2025a) enables models to learn from both correct351

and incorrect outputs under supervision while im-352

plicitly optimizing a policy to enhance reasoning353

performance. UFT (Liu et al., 2025b) unifies su-354

pervised and reinforcement fine-tuning into a sin-355

gle process that balances memorization and explo-356

ration, achieving better generalization and exponen-357

tially improved sample efficiency. ReLIFT (Zhu358

et al., 2025b) interleaves RL with SFT on the hard- 359

est questions, allowing models to acquire capa- 360

bilities beyond what pure RL can achieve. Zhu 361

et al. (2025b) demonstrates that penalizing incor- 362

rect answers alone, through negative sample re- 363

inforcement, can substantially improve reasoning 364

performance, often matching or exceeding classi- 365

cal RL methods by suppressing wrong outputs and 366

reallocating probability to plausible alternatives. 367

4.3 From RL Perspective to Improve SFT 368

DFT (Wu et al., 2025) is proposed to rescale each 369

token’s loss by its predicted probability to rectify 370

implicit reward bias in SFT and boost generaliza- 371

tion. iw-SFT (Qin and Springenberg, 2025) in- 372

terpret curated SFT as optimizing a lower bound 373

on a sparse-reward RL objective and tightening 374

that bound via importance weights. Another work 375

(Du et al., 2025b) in RLHF proposes a reweighted 376

reward-driven SFT objective through variational in- 377

ference. In contrast, inspired by the RL, especially 378

Direct Preference Optimization (DPO) (Rafailov 379

et al., 2023), objective, Wang et al. (2024d) mini- 380

mizes the distribution difference between the refer- 381

ence model and policy model on an offline dataset. 382

4.4 Hybrid Training Combining SFT and RL 383

Huang et al. (2025) proposes to combine SFT and 384

RL together through utilizing the prefix of a ground- 385

truth response to generate new continuation based 386

on the current policy model, and use SFT loss to 387

train the prefix partition while use RL loss to train 388

the newly generated partition. Lv et al. (2025) 389

uses interleaving SFT and RL based on the perfor- 390

mance of the policy model during online rollouts. 391

When the performance is above a preset thresh- 392

old, online RL is preferred for exploration, while 393

correct guidance from SFT is preferred when the 394

performance is bad. Liu et al. (2024) starts from 395

the original DPO (Rafailov et al., 2023) objective, 396

and directly injects the SFT loss on samples from 397

the base model to mitigate the overoptimization. 398

Zhang et al. (2025d) combines a weighted SFT 399

loss and GRPO (Shao et al., 2024) loss together to 400

aggregate the off-policy and on-policy training. Liu 401

et al. (2025b) uses expert data in the first several 402

steps, and switches to the new generation in the 403

following steps. SRL (Deng et al., 2025) proposes 404

to decompose the reasoning process into several 405

intermediate steps, and compare online rollouts 406

with offline expert trajectories, and assign rewards 407

proportional to the matching between them. 408
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Figure 2: Trends in task focus, training methodologies, and ground-truth data sources from 2023 to 2025. Results
show rapid growth across all surveyed domains, with substantial increases in research volume and diversification of
application areas; increasing convergence toward hybrid SFT–RL pipelines, supported by more mature training
infrastructures, libraries, and preference datasets; and a continued shift from API-based labeling to data generated
with increasingly capable open-weight models. Projections for 2025 and all reported proportions are derived from
surveyed publications; see Appendix B.4 for further discussion.

5 Applications409

We focus on application studies that post-train410

LLMs using SFT or RL with four domains, where411

each domain encompasses distinct methodologies412

and challenges, and these categories capture the413

breadth of LLM capabilities and support a sys-414

tematic analysis of performance across tasks. Key415

trends are summarized in Fig. 2, with additional416

details provided in Appendix B.417

5.1 LLMs for General QA Tasks418

This subsection reviews methods for improving419

LLM Question Answering (QA) performance via420

reasoning augmentation, e.g., CoT; external knowl-421

edge integration, e.g., Retrieval-Augmented Gen-422

eration (RAG); and hallucination mitigation tech-423

niques.424

Step-by-Step Reasoning. Smaller Foundation425

Model (FM) trained only on web data generally426

lack native CoT reasoning; thus, CoT demonstra-427

tions are typically generated using larger models428

via prompt engineering and subsequently used for429

SFT to instruction-tune reasoning or query decom-430

position capabilities. Building upon this approach,431

some works (Ranaldi and Freitas, 2024; Feng et al.,432

2024) introduce an additional RL stage, where col-433

lected demonstrations are treated as positive ex-434

amples and newly generated model outputs are435

treated as negative samples. A key challenge in436

equipping LLMs with CoT capabilities lies in eval-437

uating the quality of generated reasoning, as pro-438

viding fine-grained, step-wise supervision in an on-439

line setting is often difficult or costly. To mitigate440

this, researchers have proposed using surrogate sig- 441

nals, such as answer correctness (Chen et al., 2024; 442

Guo et al., 2025) or reasoning comprehensiveness 443

(Huang et al., 2024), and applying Rejection Fine- 444

Tuning (RFT) or RL on self-generated samples. 445

LLM-based Retrieval. In RAG pipelines, 446

LLMs are often used for query rewriting prior to 447

retrieval. Prior work shows that FMs can perform 448

this task effectively, with retrieval quality evalu- 449

ated via downstream responses, and several studies 450

(Mao et al., 2024; Hsu et al., 2024; Yan and Ling, 451

2025; Xu et al., 2025a; Gao et al., 2025) directly ap- 452

ply RL with task-specific search rewards for model 453

alignment. 454

Hallucination Management. LLM hallucina- 455

tion refers to the generation of responses that ap- 456

pear plausible but contain incorrect or fabricated 457

information. This phenomenon typically arises 458

when the required factual knowledge is absent from 459

the pre-training corpus, leading the model to in- 460

fer or construct an answer rather than abstain. To 461

mitigate hallucinations for general question, re- 462

searchers have leveraged PPO to reduce factual 463

errors by incorporating response corrections (Li 464

et al., 2024b) provided by stronger models. Addi- 465

tionally, to encourage models to explicitly acknowl- 466

edge uncertainty and suppress hallucinated outputs, 467

prior works (Kang et al., 2024; Xie et al., 2024; 468

Cheng et al., 2024; Xu et al., 2024a) have proposed 469

inference over a collection of sampled responses, 470

often derived from benchmark datasets, and syn- 471

thesizing “I do not know” outputs for subsequent 472

SFT or RL pipelines. Furthermore, to quantify 473
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and model uncertainty, several studies (Band et al.,474

2024; Sun et al., 2025) generate multiple candidate475

responses for each training instance and fine-tune476

the model using aggregated or summarized outputs477

as approximations of the underlying uncertainty478

distribution.479

5.2 LLMs for Mathematical Tasks480

This subsection reviews methods for enhancing481

LLMs’ mathematical capabilities, with a focus on482

joint mathematical reasoning and training using483

step-wise rollouts.484

Mathematical Reasoning. Early efforts for485

mathematical reasoning abilities can be traced back486

to Polu and Sutskever (2020) and Cobbe et al.487

(2021), which studied problems involving algo-488

rithmic computation and mathematical induction.489

Subsequent work further improved performance490

by SFT FMs on curated mathematical corpora col-491

lected from the web (Lewkowycz et al., 2022; Azer-492

bayev et al., 2023), synthetically generated datasets493

(Yu et al., 2023; Toshniwal et al., 2024a), or data494

produced by stronger models (Luo et al., 2023;495

Toshniwal et al., 2024b). More recent studies con-496

struct explicit reward models for mathematical eval-497

uation and propose alignment procedures, such as498

GRPO (Shao et al., 2024) and Critique-DPO (Xu499

et al., 2024c), to enable downstream RL.500

Rollout-Based Training. Similar to standard501

CoT prompting, developing reliable step-wise re-502

ward evaluation for mathematical reasoning re-503

mains challenging. Huang et al. (2022) proposes504

fine-tuning models on their own generated solu-505

tions using majority voting. Additionally, many506

researchers exploited FMs with multiple reasoning507

paths when solving mathematical problems. For508

PPO-based methods, Wang et al. (2024c) and Guan509

et al. (2025) approximate process-level rewards510

using the probability of producing a correct final511

answer, while Shen et al. (2025) randomly assigns512

reflection prompts and incorporates both outcome-513

based and reflection-based bonus rewards.514

5.3 LLMs for Agentic Tasks515

This subsection reviews strategies for improving516

the agentic capabilities of LLMs, with a focus on517

action selection and long-horizon planning.518

Action Selection. Agentic tasks require select-519

ing actions over multiple steps within a given en-520

vironment. To equip FMs with this capability, pi-521

oneering work such as Schick et al. (2023); Yin522

et al. (2024); Zhang et al. (2024b,c) synthesizes523

or unifies action trajectories across diverse envi- 524

ronments for SFT. Subsequent studies adopt a se- 525

quential paradigm that combines SFT with RL us- 526

ing environment-specific rewards. For example, 527

Xi et al. (2024) incorporates SFT rewards directly 528

into the SFT objective, while hierarchical RL ap- 529

proaches (Zhou et al., 2024c; Hu et al., 2025b) 530

assign rewards at the sentence level while updat- 531

ing policies at the token level. Similarly, DMPO 532

(Shi et al., 2025) introduces step-wise reward dis- 533

counting, and Qi et al. (2025) employs critic-based 534

curriculum learning to stabilize RL training. 535

Planning with LLMs. Task planning has 536

emerged as an active research direction, with agen- 537

tic tasks serving as a natural testbed due to their 538

long action horizons and complex inter-step de- 539

pendencies. Recent work predominantly lever- 540

ages outcome-based surrogate rewards and GPT- 541

synthesized sequences to optimize planning behav- 542

ior. For instance, Xiong et al. (2025b) proposes a 543

hierarchical planning framework with a top-level 544

planner fine-tuned on seed plans and optimized via 545

DPO. Vattikonda et al. (2025) further incorporates 546

RFT to refine high-reward actions, while Wang 547

et al. (2025b) improves planning performance by 548

adjusting exploration strategies and prioritizing crit- 549

ical steps during DPO training. 550

5.4 LLMs for Coding Tasks 551

This subsection reviews methods for improving 552

coding capabilities in LLMs, focusing on code gen- 553

eration and code editing. 554

Code Generation. Recent work has explored 555

various approaches to enhance LLM-based code 556

generation. Under SFT, Chaudhary (2023) em- 557

ploys self-instruction to synthesize training data, 558

while Luo et al. (2025) generates more challeng- 559

ing queries by modifying constraints of seed prob- 560

lems. Wei et al. (2024) leverages open-source code 561

snippets to produce diverse and controllable in- 562

struction datasets. From the RL perspective, Yang 563

et al. (2025b) introduces a multi-agent framework 564

in which an SFT model generates rollouts for sub- 565

sequent DPO training. 566

Code Editing. Code editing aims to refine pro- 567

grams that fail to satisfy intended functionality, 568

whether human-written or LLM-generated. For 569

example, Wei et al. (2025c) leverages human pull 570

requests for GRPO-based training, while Chae et al. 571

(2024) and Jiang et al. (2025) generate iterative re- 572

finement rollouts evaluated using unit tests to drive 573

RL optimization. 574

7



6 Common Practice and Takeaways575

In this section, we summarize common practices576

and key takeaways from our previous theoretical577

and application discussions, highlighting the inter-578

play between SFT and RL, when to choose each579

method, and training trade-offs.580

Relationship Between SFT and RL Objectives.581

As discussed in Section 4, SFT can be viewed as582

a special case of RL under certain formulations,583

where an indicator function that measures whether584

the current policy reproduces an offline trajectory585

acts as a surrogate reward. This shared optimiza-586

tion structure enables techniques developed for ei-587

ther SFT or RL to transfer across paradigms. For588

example, Section 5.3 reviews several studies that589

jointly optimize weighted SFT and RL objectives,590

demonstrating consistent improvements over stan-591

dalone training losses.592

Leveraging Expert Data or Policies. When593

high-quality expert data are available, SFT is gen-594

erally preferred as an initial training stage over595

RL as observed in Section 5, possibly due to its596

simpler implementation and greater stability. If a597

strong policy model or prompt is available to gen-598

erate expert data, incorporating importance sam-599

pling on failed queries can mitigate distribution600

shift by treating them as informative positive sam-601

ples for RFT/RL, bridging the gap between the lim-602

ited offline dataset and the evolving policy. When603

a reliable reward model can be trained, the com-604

mon practice is to first perform SFT and then RL,605

which typically achieves the highest reported per-606

formance.607

Training Strategies and Trade-offs. SFT is es-608

sential when the policy model is unfamiliar with the609

downstream task or cannot efficiently generate suf-610

ficient positive samples. However, SFT may reduce611

the model’s generalization ability compared with612

RL. Conversely, directly applying RL can better613

balance performance gains with exploratory capac-614

ity, though it may suffer from issues such as entropy615

collapse (Cui et al., 2025a) or reward hacking (Pan616

et al., 2024a,b), one possible reason why the ma-617

jority of pre-training computation is still devoted618

to SFT.619

7 Future Directions and Open Problems620

Despite rapid progress, many fundamental ques-621

tions remain unresolved. We highlight two open622

challenges and outline promising directions for fu-623

ture research.624

Sample- and compute-efficient methodologies. 625

State-of-the-art SFT and RL pipelines typically re- 626

quire substantial computational resources, large 627

volumes of high-quality data, and extensive roll- 628

out generation, raising both practical and environ- 629

mental concerns. Improving efficiency is there- 630

fore a central challenge. Early progress includes 631

data-efficient SFT based on information-theoretic 632

principles (Deb et al., 2025b) and quantization- 633

aware methods that reduce training cost (Wei et al., 634

2025b). For RL, recent work explores selective 635

or partial rollouts to reduce computation (Zheng 636

et al., 2025; Xu et al., 2025b). Nevertheless, signif- 637

icantly more research is needed to develop broadly 638

applicable, highly efficient methods. 639

SFT and RL under sparse or indirect reward 640

signals. Many real-world tasks lack well-defined or 641

easily verifiable reward signals. User feedback may 642

be sparse, inconsistent, or costly. In safety-critical 643

settings, it may be infeasible to obtain ground-truth 644

evaluations altogether. Recent work has begun to 645

explore alignment through verbal or otherwise in- 646

direct feedback (Stephan et al., 2024; Wang et al., 647

2024b). An open challenge is to identify and lever- 648

age additional natural but underexplored sources of 649

implicit supervision, such as self-evaluation signals 650

or user-churn behaviors, to guide both SFT and RL 651

in low-feedback regimes. 652

8 Conclusion 653

This survey provides a unified view of SFT and 654

RL as post-training strategies for LLMs, examin- 655

ing both their theoretical foundations and practi- 656

cal implementations. SFT offers stable and effi- 657

cient learning from high-quality offline datasets, 658

whereas RL enables reward-driven optimization 659

that enhances generalization and exploration. Re- 660

cent research characterizes SFT as a special case 661

of RL, underscoring the promise of hybrid ap- 662

proaches that balance training stability with adap- 663

tive behavior. Application papers published be- 664

tween 2023 and 2025 indicate a clear shift toward 665

hybrid post-training pipelines that integrate SFT 666

and RL, with scalable workflows centered on open- 667

weight, model-generated rollouts emerging as the 668

dominant paradigm. These developments under- 669

score the need for integrative methodologies that 670

leverage the strengths of both approaches, and this 671

survey lays a foundation by consolidating the cur- 672

rent state of the field, theoretical advances, and 673

versatile LLM applications. 674
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Limitations675

Despite our best efforts to ensure comprehensive-676

ness, this survey may omit some recent advances in677

SFT/RL research due to the rapid pace of progress678

and the sheer volume of emerging literature in this679

field. In the Applications section, the use of a paper-680

filtering strategy may introduce approximation bias,681

as commonly adopted benchmarks are not fully in-682

clusive of all real-world scenarios or methodolo-683

gies. Additional discussion of application approxi-684

mation limitations is provided in Appendix B.2.685
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ỹ
∼

π
t
(·
|x

t
,k
),

π
t
(y

|x
)
∝

e
x
p
(r

(x
,
y
;
θ
t
,K

))
O

nl
in

e
ro

llo
ut

R
L

SA
SR

C
he

n
et

al
.(

20
25

b)
L
(θ

)
=

1 S

∑ S s
=

1
[(
1
−

I
(t
))

·L
S
F
T
(θ

)
+

I
(t
)
·L

G
R
P
O
(θ

)]
O

ffl
in

e
da

ta
se

t+
on

lin
e

ro
llo

ut
SF

T
+

R
L

IF
T

H
ua

et
al

.(
20

24
)

L
( T̂

θ
(s

∗ n
,
ρ
0
)) =

−
∑ N i

=
n
lo
g
T θ

( a
∗ i
,
δ
θ
(s

∗ i
))

O
ffl

in
e

da
ta

se
t

R
L

N
FT

C
he

n
et

al
.(

20
25

a)
L

N
F
T

D
(θ

)
=

−
∑ x

,y
,r
ω
(x

)∑ t

[ r
lo
g
R

t θ
(x

,
y
)
+

(1
−

r
)
lo
g
m
a
x
v

( 1
−

r̂
x

R
t θ
(
x
,y

)

1
−

r̂
x

,
ϵ)] ,w

he
re

R
t θ
(x

,
y
)
=

π
+ θ

(
y
t
|x

,y
<

t
)

π
(
y
t
|x

,y
<

t
)
,
r̂
x
=

1 K

∑ y
|x

r
(x

,
y
)

O
nl

in
e

ro
llo

ut
(S

FT
→

)R
L

SR
L

D
en

g
et

al
.(

20
25

)
R

=
2
∑ (

i
,j

,n
)
∈
M

a
t
c
h
in

g
B
lo

c
k
s
n

|S
1
|+

|S
2
|

,r
(y

′ st
ep
p
k
,
y

st
ep
p
k
)
=

{ R
(y

′ st
ep
p
k
,
y

st
ep
p
k
),

if
y
′

fo
llo

w
s

fo
rm

at
,

−
1
,

ot
he

rw
is

e.
O

ffl
in

e
da

ta
se

t+
on

lin
e

ro
llo

ut
SF

T
+

R
L

18



A More on Comparing and Combining1565

SFT and RL1566

We summarize the main notation used throughout1567

this section and Table 1. For ease of reference,1568

commonly used acronyms are listed in the acronym1569

table, and a consolidated summary of symbols is1570

provided in Table 2.1571

A.1 Notation1572

The offline training dataset used in SFT and related1573

settings is denoted by D = {(xi, yi)}, where xi1574

represents the input prompt and yi denotes the cor-1575

responding model-generated response. We use πθ1576

to denote a policy (language) model parameterized1577

by θ, and πθ(yi | xi) to denote the conditional1578

probability of generating response yi given prompt1579

xi. The reference policy is denoted by πref , which1580

is typically a frozen base model or an SFT check-1581

point.1582

In the RL setting, r(xi, yi) denotes the reward1583

assigned to a prompt-response pair (xi, yi), and1584

Qθ(x, y) represents the action-value (Q) function1585

under policy πθ, with state x (prompt) and action1586

y (response). We use J to denote cumulative re-1587

ward–based objectives.1588

The sigmoid function is defined as σ(x) =1589

1/(1 + e−x). The operator sg(·) denotes the stop-1590

gradient operation, which preserves the forward-1591

pass value while preventing gradient propagation1592

during backpropagation. Additional symbols, op-1593

erators, and hyperparameters appearing in Table 11594

are summarized in Table 2 for completeness.1595

A.2 Preliminaries1596

We consider the optimization of Pretrained LLMs,1597

also referred to as FMs, which are large-scale pre-1598

trained models adapted to downstream tasks such1599

as QA, reasoning with CoT, and database augmen-1600

tation tasks such as RAG. Training typically pro-1601

ceeds in multiple stages, starting with SFT on cu-1602

rated prompt-response pairs, which can be viewed1603

as a form of BC from expert demonstrations.1604

Beyond SFT, model alignment and performance1605

are often further improved using RL techniques,1606

particularly RLHF, where a learned or human-1607

provided reward signal guides optimization. Popu-1608

lar policy-gradient–based algorithms include PPO1609

and its variants such as GRPO, which stabilize1610

updates through clipping or relative normaliza-1611

tion. Alternative optimization frameworks in-1612

clude preference-based methods such as DPO1613

and rejection-based methods such as RFT, which 1614

bypass explicit reward modeling. Information- 1615

theoretic objectives, such as GEM, and regular- 1616

ization via the KL divergence are commonly used 1617

to control deviation from a reference policy. 1618

The RL process itself can be formalized as a 1619

MDP, defined by the tuple (S,A, P, r,H), where 1620

S is the state space, A is the action space, P 1621

denotes the transition dynamics, r is the reward 1622

function, and H is the horizon length, which may 1623

be infinite under idealized analysis. The policy 1624

πθ(· | x) represents an LLM that induces a dis- 1625

tribution over responses conditioned on an input 1626

prompt x. This formulation naturally extends to 1627

multi-modal settings, including VLM, and other 1628

structured decision-making scenarios. 1629

Acronyms from the Main Paper 1630

BC Behavior Cloning. 3 1631

CoT Chain-of-Thought. 1, 6, 7 1632

DPO Direct Preference Optimization. 5, 7 1633

FM Foundation Model. 6, 7 1634

GEM Entropic Distribution Matching. 3 1635

GRPO Group Relative Policy Optimization. 3, 5, 1636

7 1637

KL Kullback–Leibler. 4 1638

LLM Large Language Model. 1–8 1639

PPO Proximal Policy Optimization. 3, 6, 7 1640

QA Question Answering. 6 1641

RAG Retrieval-Augmented Generation. 6 1642

RFT Rejection Fine-Tuning. 6–8 1643

RL Reinforcement Learning. 1–8 1644

RLHF Reinforcement Learning from Human 1645

Feedback. 4, 5 1646

SFT Supervised Fine-Tuning. 1–8 1647

VLMs Vision Language Models. 5 1648
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Symbol Description

Models and Policies
πθ, πϕ Current policy/model parameterized

by θ or ϕ
πref, πbase Reference or base policy (typically

frozen)
πold Policy from a previous optimization

step
πexpert Expert policy used for imitation or

IRL

Data and Sequences
x, y Input prompt and generated response
yt, y<t Token at time t and the prefix se-

quence
D,D+ Dataset (offline, SFT, or preference-

based)
τ Trajectory or full sequence (x, y)

Functions and Objectives
L,J Loss or objective function
r(x, y), R Reward function or scalar reward

value
Q(x, y) Action-value function (Q-function)
Z(x) Partition function (normalization con-

stant)
σ(·) Sigmoid activation function

Operators and Hyperparameters
E Mathematical expectation
∇θ Gradient with respect to parameters θ
sg(·) Stop-gradient operator
KL(·∥·) Kullback-Leibler divergence
α, β, µ, η Weighting coefficients or temperature

parameters
ϵ Clipping or threshold constant

Table 2: Summary of Notation and Symbols

B Application Survey Details1649

This appendix section provides detailed informa-1650

tion on our survey of LLM applications across pro-1651

fessional domains, including the datasets, evalu-1652

ation criteria, and publication trends that under-1653

pin our analysis. The goal is to contextualize the1654

results presented in the main text by describing1655

(i) how different task domains vary in input com-1656

plexity, reasoning demands, and output characteris-1657

tics, (ii) our methodology for categorizing research1658

publications by domain using benchmark-oriented1659

searches, and (iii) observed trends in publication1660

volume, methodological approaches, and model us-1661

age over time. By presenting these details, we aim 1662

to offer a transparent and reproducible account of 1663

the survey process, enabling deeper insight into the 1664

evolving landscape of LLM applications. 1665

B.1 Applications Across Professional Domains 1666

To characterize the difficulty of each domain, we 1667

consider three qualitative factors: input complex- 1668

ity, intermediate reasoning requirements (chains of 1669

thought, CoT), and output complexity. Table 3 sum- 1670

marizes these characteristics across focompur rep- 1671

resentative domains. Note that Section 5 focuses 1672

on papers addressing text-only tasks. We make 1673

this choice because text-only tasks enable clearer 1674

side-by-side comparison, whereas multimodal set- 1675

tings introduce additional sources of uncertainty 1676

in model selection and fusion techniques, which 1677

lie outside the scope of this work. Nevertheless, 1678

we acknowledge that numerous impactful works 1679

closely related to the surveyed area extend beyond 1680

text-only modalities. For further references, we 1681

direct readers to Section D, which highlights some 1682

recently published surveys as a starting point. 1683

General QA assesses fact-checking and language 1684

understanding with variable-length inputs and mod- 1685

erate reasoning, prioritizing accuracy over ver- 1686

bosity. Mathematical tasks demand precise an- 1687

swers supported by extended logical reasoning. 1688

Agentic tasks require rich environmental context to 1689

enable multi-step planning before producing com- 1690

pact outputs. Code generation relies on context- 1691

heavy inputs and moderate reasoning to infer intent 1692

and produce syntactically correct, semantically co- 1693

herent code. 1694

Across these domains, the overarching question 1695

is how to optimize performance given varying input 1696

scales, reasoning depths, and output complexities. 1697

The relative weight of these factors differs by task, 1698

reflecting the diverse requirements and shifting pri- 1699

orities of professional LLM applications. 1700

B.2 Benchmark-Oriented Paper Search 1701

To estimate publication counts for each domain, we 1702

conducted a benchmark-oriented keyword search 1703

over arXiv preprints in the Computer Science cate- 1704

gories from 1 January 2023 to 30 June 2025. The 1705

arXiv metadata dataset (Cornell-University/arxiv) 1706

is provided under the Creative Commons CC0 1707

1.0 Universal Public Domain Dedication, which 1708

applies to the dataset’s metadata as hosted on 1709

Kaggle. Original arXiv content remains subject 1710

to the licenses specified by individual authors. 1711
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Table 3: Summary of LLM application domains and their characteristics.

Domain Input CoT / Reasoning Output

General QA Moderate Moderate Moderate
Mathematical Moderate Long Moderate
Agentic Long Long(Multi-Step) Moderate
Code Gen. Long Moderate Long

We accessed scientific articles via Google Cloud1712

Public Datasets (gs://arxiv-dataset). The ini-1713

tial dataset comprises approximately 195K papers,1714

with 64K, 78K, and 52K papers from 2023, 2024,1715

and 2025, respectively. Our approach is motivated1716

by the observation that recent LLM post-training1717

research consistently relies on a set of widely used,1718

standardized datasets that facilitate reproducible1719

and comparable evaluations across methods. As1720

this practice has become increasingly common,1721

dataset mentions serve as a reasonable proxy for1722

assigning papers to topical domains.1723

Following Table 7 of Du et al. (2025a), we use 261724

datasets spanning four domains as domain-specific1725

query keys. A paper is assigned to a domain if1726

it contains at least five mentions of any dataset1727

associated with that domain. Mutual exclusivity is1728

not enforced: although relatively rare, papers that1729

evaluate across multiple domains are counted in1730

every applicable category.1731

The datasets used as search keys are listed in1732

Table 4, and the resulting paper counts for each cat-1733

egory are shown in Table 5. We adopt a threshold1734

of five keyword occurrences because a paper that1735

genuinely employs a dataset typically introduces1736

it, reports results on it, and provides comparative1737

or analytical discussion, making five mentions a1738

conservative filter against purely methodological1739

contributions. To project the full-year counts for1740

2025, we note that the first six months of 2023 and1741

2024 account for 47.38% and 49.81% of their re-1742

spective annual publication totals. Accordingly, we1743

estimate the 2025 full-year count by doubling the1744

observed number from the first half of 2025.1745

To contextualize our estimation procedure, we1746

acknowledge both its strengths and limitations. Our1747

keyword-based counting method provides a trans-1748

parent, scalable, and reproducible way to approx-1749

imate the volume of research activity across do-1750

mains, with higher keyword-mention thresholds1751

generally yielding more reliable domain assign-1752

ments. As shown in Table 5, the number of papers1753

decreases consistently as the threshold increases, 1754

reflecting increasing specificity but reduced re- 1755

call. We report results primarily using the thresh- 1756

old of keyword matches greater than five, though 1757

counts under alternative thresholds are also avail- 1758

able. However, this approach also inherits several 1759

limitations: low thresholds may inflate counts by 1760

including papers that mention a dataset only in 1761

passing, while high thresholds may exclude legit- 1762

imate work that uses a benchmark but references 1763

it sparsely. Additionally, cross-domain papers con- 1764

tribute to multiple categories, and naming varia- 1765

tions may lead to undercounting unless normalized. 1766

Despite these caveats, the method remains a practi- 1767

cal heuristic for capturing broad research trends in 1768

benchmark-driven LLM evaluation. 1769

B.3 Detailed Paper Application Survey 1770

B.3.1 LLMs for General QA Tasks 1771

LLMs demonstrate strong performance in gen- 1772

eral question answering by enhancing reasoning 1773

capabilities, mitigating hallucinations, and effec- 1774

tively leveraging external knowledge. Current re- 1775

search emphasizes sequential sub-question reason- 1776

ing, robust answer generation under uncertainty, 1777

and retrieval-augmented methods to improve in- 1778

formation access. The following sections present 1779

representative approaches in each of these areas, 1780

with a focus on model-tuning strategies. For studies 1781

that do not involve model tuning, we refer readers 1782

to Ke et al. (2025). 1783

Step-by-Step Reasoning. Most works decom- 1784

pose a question into sub-questions and train LLMs 1785

to answer them sequentially to produce more ac- 1786

curate CoTs. For instance, Chen et al. (2024) pro- 1787

poses generating sub-questions with GPT for each 1788

sentence in the ground-truth answer, while Ranaldi 1789

and Freitas (2024); Huang et al. (2024) use model 1790

rollouts to create preference data based on the qual- 1791

ity of the final answers. Furthermore, Feng et al. 1792

(2024); Zhou et al. (2024d) align LLM behavior in 1793

deciding when to reflect, answer, or ask follow-up 1794
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Table 4: Datasets used as search keys for benchmark-oriented paper classification.

Agentic
webshop, webarena, wind2web, miniwob++, scienceworld, alfworld,
tdw-mat, c-wah, alfred, rlcard

QA
hotpotqa, strategyqa, triviaqa, pubmedqa, musique,
2wikimultihopqa, qasper

Math
gsm8k, asdiv, svamp, aime

Code
swe-bench, humaneval, livecodebench, bird, intercodesql

questions.1795

Hallucination Management. Several works in-1796

vestigate how LLMs behave under uncertainty, par-1797

ticularly regarding hallucination. For instance, Li1798

et al. (2024b) treats GPT generations as positive1799

samples for RLHF, whereas Kang et al. (2024) sug-1800

gests using conservative RL (assigning low scores1801

when the model is unfamiliar) to mitigate halluci-1802

nation during RLHF. Other approaches (Xie et al.,1803

2024; Cheng et al., 2024; Xu et al., 2024a; Sun1804

et al., 2025) propose alternative data pipelines for1805

the RL stage, yielding more robust answers to chal-1806

lenging follow-ups and enabling refusal in cases of1807

unknown scenarios. Moreover, Band et al. (2024);1808

Xu et al. (2024b) equip the LLM with confidence1809

estimation capabilities, typically synthesized from1810

multiple rollouts and GPT-generated root causes.1811

LLM-based Retrieval. Mao et al. (2024); Hsu1812

et al. (2024); Yan and Ling (2025); Xu et al.1813

(2025a); Gao et al. (2025) post-train LLMs’ query1814

generation with retrieval-based rewards, leveraging1815

them as query rewriters to improve retrieval effec-1816

tiveness. Other studies (Jin et al., 2024; Zhu et al.,1817

2024) propose alternative evaluation criteria for ex-1818

tracting key information from retrieved documents.1819

Additionally, Tang et al. (2025) converts long doc-1820

uments into hierarchical graphs and applies RL1821

to the policy model for RAG using mode-seeking1822

DPO algorithms.1823

B.3.2 LLMs for Mathematical Tasks1824

Recent efforts have enhanced LLMs for mathemati-1825

cal reasoning to support multi-step logic, symbolic1826

manipulation, and rigorous verification.1827

Math-Based Capabilities. Polu and Sutskever1828

(2020); Lewkowycz et al. (2022); Azerbayev et al.1829

(2023) fine-tuned LLMs on mathematics-specific1830

corporato enhance mathematical reasoning and 1831

proof generation. Building on this, Luo et al. (2023) 1832

applied the Evol-Instruct framework to math ques- 1833

tion–answer datasets. Similarly, Yu et al. (2023); 1834

Toshniwal et al. (2024a) improved Q&A pairs via 1835

rephrasing, backward reasoning, and other data 1836

augmentation strategies. In parallel, Toshniwal 1837

et al. (2024b) distilled reasoning abilities from pro- 1838

prietary models by collecting successful solution 1839

trajectories. Additionally, Shao et al. (2024) used 1840

FastText-based filtering in Common Crawl and em- 1841

ployed GRPO to further enhance problem-solving 1842

performance. 1843

Rollout Selection and Verification. Cobbe et al. 1844

(2021) proposed training separate verifier models 1845

to assess the correctness of model-generated solu- 1846

tions, selecting answers with the highest verifica- 1847

tion scores. Huang et al. (2022) fine-tuned LLMs 1848

on high-confidence data, while Xu et al. (2024c) 1849

filtered successful self-generated solutions for itera- 1850

tive training. Wang et al. (2024c) introduced MCTS 1851

to generate rollouts and annotate intermediate rea- 1852

soning steps with probabilities of reaching correct 1853

answers. Similarly, Guan et al. (2025) learned a 1854

value function from MCTS probabilities to guide 1855

exploration and DPO data selection, with Xu et al. 1856

(2024c) further refining DPO via a math-specific 1857

critic model. Finally, Shen et al. (2025) fine-tuned 1858

models to select actions during mathematical rea- 1859

soning. 1860

B.3.3 LLMs for Agentic Tasks 1861

Agentic tasks challenge LLMs to act as au- 1862

tonomous decision-makers in dynamic environ- 1863

ments, requiring continuous state perception, con- 1864

textual integration, and multi-step planning. Suc- 1865

cess hinges on long-term reasoning, history man- 1866
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Table 5: Paper counts under different keyword-mention thresholds across four domains.

QA Math Agentic Code
Keyword count 23 24 25 23 24 25 23 24 25 23 24 25

>0 771 1644 1308 12673 20405 13177 1310 1826 1373 334 1091 1302
>1 580 1321 1088 3870 7143 4889 330 541 437 209 767 921
>2 453 1022 858 1673 3295 2684 162 310 260 178 621 717
>3 384 861 730 932 1957 1953 125 234 207 148 549 604
>4 338 746 621 655 1391 1587 108 196 167 130 481 513
>5 292 652 558 492 1098 1366 100 174 145 115 428 458
>10 165 342 326 221 538 794 68 122 92 69 254 252
>20 56 114 90 97 195 302 34 71 46 37 126 93

agement, and adaptive feedback, as each action1867

influences future outcomes.1868

Autonomous Task Execution. Schick et al.1869

(2023); Qin et al. (2023); Zeng et al. (2023);1870

Yin et al. (2024); Zhang et al. (2024b,c); Song1871

et al. (2024a); Ou et al. (2024) developed cus-1872

tom pipelines to behavior-clone full trajectories1873

with open-weight models, supporting task-specific1874

capabilities, whereas Yao et al. (2024); Murty1875

et al. (2025) fine-tuned instruction-following mod-1876

els using actor–reflector outputs from proprietary1877

APIs. To improve execution reliability, Zhong et al.1878

(2024) used LLM judges to filter low-quality ac-1879

tions, Fu et al. (2025a) excluded erroneous steps1880

during loss computation, and Xia et al. (2025b)1881

added reflective annotations. Extending this, Zhu1882

et al. (2025c) introduced knowledge-based self-1883

learning with dynamic memory. In reinforcement1884

learning, Choudhury and Sodhi (2024) curated pref-1885

erence pairs by synthesizing reasoning traces for1886

ground-truth actions, while others generated pref-1887

erence data iteratively: ETO (Song et al., 2024b)1888

used successful and failed trajectories for DPO, and1889

Yuan et al. (2025) applied MCTS with corrections1890

at the first error step.1891

Self-Improvement and Feedback Integration.1892

Some studies use sequential SFT followed by RL.1893

Zhou et al. (2024b) leveraged LLM API reflec-1894

tions, while Lai et al. (2024) showed early RL1895

is effective after initial SFT using a 70B teacher1896

model. Hierarchical RL approaches assign rewards1897

at the sentence or utterance level while updating1898

policies at the token level (Zhou et al., 2024c; Hu1899

et al., 2025b), with DMPO (Shi et al., 2025) adding1900

step-wise discounting and Qi et al. (2025) using1901

critic-based curriculum learning. OREO (Wang1902

et al., 2024a) enables multi-step reasoning via1903

maximum-entropy learning, complemented by IRL1904

and PPO tuning (Deng et al., 2024) and reward1905

calibration (Rita et al., 2024). Some works jointly 1906

train SFT and RL losses with variants including 1907

masked or weighted objectives, outcome- and step- 1908

based DPO, and pseudocode planning (Wang et al., 1909

2024b; Xi et al., 2024; Xiong et al., 2024; Cao et al., 1910

2025b). 1911

Planning and Long-Horizon Control. Xiong 1912

et al. (2025b) proposed a hierarchical planning 1913

framework with a top-level planner fine-tuned on 1914

seed plans and optimized via DPO. Vattikonda 1915

et al. (2025) added Rejected Sampling Fine-Tuning 1916

(RFT) to further refine high-reward actions, while 1917

Wang et al. (2025b) adjusted exploration and prior- 1918

itized critical steps for DPO. For test-time scaling, 1919

Zhou et al. (2024a) integrated general and agentic 1920

data (Zeng et al., 2023) with multi-path reasoning, 1921

and Xia et al. (2025a) combined policy fine-tuning 1922

with reward-model training, showing that beam 1923

search with explicit reward modeling improved per- 1924

formance. 1925

B.3.4 LLMs for Code Generation Tasks 1926

LLMs have shown remarkable potential in code 1927

generation, editing, and task-specific reasoning, 1928

which are often improved by structured code data, 1929

executable feedback, or multi-agent frameworks 1930

for more robust and verifiable outputs. 1931

Code Generation Capabilities. Recent studies 1932

have explored methods to improve code genera- 1933

tion with LLMs. Chaudhary (2023) employ self- 1934

instruction to synthesize training data, while Luo 1935

et al. (2025) generate harder queries by modifying 1936

constraints of seed questions. Wei et al. (2024) 1937

leverage open-source snippets to produce diverse 1938

and controllable instruction data. Yang et al. (2024) 1939

show that preceding CoT reasoning with code ex- 1940

planations enhances accuracy. More recently, Yang 1941

et al. (2025b) introduce a multi-agent framework 1942

in which an SFT model generates rollouts for DPO 1943

training. 1944

23



Code Editing Capabilities. Code editing fo-1945

cuses on refining code that fails to meet its in-1946

tended functionality, whether human-written or1947

LLM-generated. Wei et al. (2025c) use human1948

pull requests to guide GRPO-based specialization1949

of LLMs. Chae et al. (2024); Jiang et al. (2025)1950

generate refinement rollouts evaluated against unit1951

tests. Dou et al. (2024) decompose code generation1952

into verifiable subtasks for fine-grained alignment,1953

while Ma et al. (2025) propose a four-stage pipeline1954

combining rejection sampling with rule-based RL1955

rewards. Xie et al. (2025) fine-tune an auxiliary1956

LLM to produce verbal critiques that assist the pri-1957

mary model in correcting errors.1958

Code Reuse for Other Tasks. Code can also be1959

leveraged to enhance a variety of tasks by serving1960

as a verifiable and interpretable reward signal. For1961

instance, Dong et al. (2024) use code execution to1962

assess the instruction-following ability of LLMs.1963

Nie et al. (2025) train an SLM to leverage LLMs1964

via environment feedback by simulating workflows1965

as executable Python code. Wang et al. (2023); Lai1966

et al. (2023); Gou et al. (2024) perform supervised1967

instruction tuning on code-augmented math or data1968

science tasks.1969

B.4 Trend Analysis Details1970

This subsection covers a detailed analysis of the1971

procedure-wise trend from surveyed papers, sum-1972

marized in Figure 2.1973

Rapid Growth Across Domains. Between 20231974

and 2025, research activity accelerates sharply1975

across all major task domains, though the mag-1976

nitude of growth varies substantially. QA studies1977

more than double from 292 in 2023 to 652 in 20241978

(+123%), with projections indicating continued ex-1979

pansion to 983 in 2025 (+118%). Math-related1980

research grows even faster in absolute scale, ris-1981

ing from 492 to 1,098 (+123%) and then reaching1982

2,399 papers in 2025, which is a near 5× increase1983

from 2023. Agent-focused work, while smaller in1984

volume, shows steady expansion from 100 to 1791985

(+79%) and further to 261 (+46%). The most dra-1986

matic surge occurs in code-related studies, which1987

climb from 115 in 2023 to 428 in 2024 (+272%)1988

and nearly double again to 786 in 2025 (+84%).1989

This trajectory reflects the rapid maturation of code-1990

centric benchmarks, tools, and evaluation pipelines,1991

and highlights coding as one of the most rapidly1992

diversifying application domains for LLMs.1993

Convergence Toward Hybrid Training. The1994

landscape of training methodologies undergoes a1995

marked consolidation toward hybrid approaches 1996

that combine SFT with RL or other post-training 1997

strategies. In 2023, SFT dominates at 73.3%, with 1998

hybrid (“Both”) methods representing only 20.0%. 1999

By 2024, hybrid training expands by 269%, be- 2000

coming the most common approach at 73.8%, su- 2001

perseding pure SFT (19.1%) and growing further 2002

to 70.6% in 2025. This shift illustrates a collec- 2003

tive movement toward more sophisticated multi- 2004

stage training pipelines that exploit complemen- 2005

tary strengths of SFT and RL. Meanwhile, RL-only 2006

methods, which starts initially 6.7% of studies, gain 2007

modest traction, reaching 7.1% by 2024 and 11.8% 2008

by 2025, reflecting ongoing improvements in open- 2009

source RLHF frameworks and increased accessibil- 2010

ity of preference data. 2011

Shift from Proprietary to Open Models. A pro- 2012

nounced realignment in model choice accompanies 2013

these methodological changes. Between 2023 and 2014

2025, reliance on proprietary API-based models 2015

declines sharply. The trend starts at 32.2% in 2023 2016

to 19.9% in 2024, and down to 11.1% by 2025, 2017

where researchers pivot toward open-weight mod- 2018

els and standardized benchmarks. Open-weight 2019

usage more than doubles, growing from 12.2% in 2020

2023 to 17.5% in 2024 and reaching 25.0% in 2025. 2021

Benchmarks remain the most commonly used re- 2022

source category but also increase steadily (48.9% 2023

to 61.1% over three years), underscoring the field’s 2024

movement toward reproducible, transparent experi- 2025

mentation. In parallel, the use of human-curated or 2026

web-scraped datasets continues to shrink (6.7% to 2027

2.8%), reflecting both improved benchmark cover- 2028

age and growing concerns around legality, license 2029

compliance, and data provenance. Overall, these 2030

trends indicate a strong and persistent shift toward 2031

open, standardized, and reproducible workflows as 2032

community norms solidify. 2033

C Hardware Requirements for SFT/RL 2034

For researchers intending to perform practical ex- 2035

perimentation with post-training alignment, con- 2036

sulting community-reported hardware guidance 2037

can be valuable. It is important to note, how- 2038

ever, that GPU requirements vary substantially de- 2039

pending on model size, training approaches, e.g., 2040

full fine-tuning versus parameter-efficient meth- 2041

ods such as LoRA (Hu et al., 2021) or QLoRA 2042

(Dettmers et al., 2023), choice of optimizer, and 2043

software frameworks. Moreover, these require- 2044

ments continue to evolve alongside advances in 2045
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hardware and software tools.2046

For SFT, a commonly cited heuristic indicates2047

that full fine-tuning of a transformer-based large2048

language model requires approximately 16GB of2049

VRAM per billion parameters when using half-2050

precision (FP16). This high memory demand arises2051

from the need to store gradients and optimizer2052

states, and is substantially greater than the roughly2053

2GB per billion parameters typically needed for2054

inference. Parameter-efficient approaches, such as2055

LoRA and QLoRA, can reduce this requirement2056

significantly, often into the range of 5–20GB on2057

contemporary GPUs, depending on model size and2058

precision settings1.2059

For RL training, frameworks such as verl pro-2060

vide community-reported guidance on hardware2061

requirements across different model scales. Practi-2062

cal experimentation indicates that RL generally de-2063

mands substantially more memory than SFT due to2064

additional overhead from rollout generation, policy2065

gradients, and reward models. Heuristic estimates2066

suggest that medium-sized models (1–3B param-2067

eters) can be trained on a single 80GB GPU us-2068

ing parameter-efficient methods like LoRA, while2069

larger models (7–14B) typically require 2–4 such2070

GPUs. Very large models (32B+) often necessi-2071

tate 4–8 high-memory GPUs, with full-parameter2072

training potentially exceeding 600GB of aggregate2073

VRAM. Roughly, LoRA-based RL training con-2074

sumes 15–25GB VRAM per billion parameters,2075

compared with 16GB/B for full SFT fine-tuning,2076

illustrating that RL generally incurs 1.5–3× higher2077

memory demands per parameter. These numbers2078

should be treated as approximate guidelines, as2079

actual requirements depend on batch size, roll-2080

out length, optimizer choice, and memory-saving2081

strategies such as gradient checkpointing or quanti-2082

zation2.2083

It is essential to treat these hardware guidelines2084

as approximate starting points rather than strict re-2085

quirements. Actual resource needs will depend on2086

factors including model architecture, task complex-2087

ity, batch size, rollout length, and ongoing improve-2088

ments in software and hardware technologies.2089

D More References2090

This section provides additional references that ex-2091

tend beyond the text-only scope emphasized in2092

1https://modal.com/blog/
how-much-vram-need-fine-tuning

2https://verl.readthedocs.io/en/latest/perf/
device_tuning.html

Section 5. These works highlight broader develop- 2093

ments in multimodal learning, retrieval-augmented 2094

methods, hallucination mitigation, and domain- 2095

specific datasets and capabilities. Together, they 2096

offer a more comprehensive view of the rapidly 2097

evolving ecosystem surrounding LLM reasoning 2098

and application domains. 2099

One of the most practically oriented directions is 2100

multimodal LLM research, which integrates modal- 2101

ities such as speech and vision beyond pure text. 2102

This line of work serves as a natural extension to 2103

the text-only tasks surveyed earlier, offering in- 2104

sights into how additional sensory channels intro- 2105

duce new modeling challenges and opportunities. 2106

For instance, Cui et al. (2025c) and Yang et al. 2107

(2025c) summarize methods for leveraging and 2108

aligning LLMs with speech-augmented multimodal 2109

data, enabling richer understanding and generation 2110

capabilities. 2111

Beyond multimodality, another cluster of re- 2112

lated literature addresses system-level improve- 2113

ments that refine how LLMs access information 2114

and maintain reliability. Abootorabi et al. (2025) 2115

survey advances in retrieval-augmented genera- 2116

tion (RAG) across various modalities, providing a 2117

complementary perspective to reasoning-centric ap- 2118

proaches. Meanwhile, Li et al. (2025a) investigates 2119

hallucination through the lens of knowledge bound- 2120

aries, and Zhu et al. (2025d) explores hallucination 2121

in conjunction with multimodal trustworthiness. In 2122

parallel, He et al. (2025c) review methodologies for 2123

constructing SFT and RL datasets specifically tai- 2124

lored for reasoning, bridging data collection prac- 2125

tices with model behavior. 2126

Finally, several specialized surveys focus on 2127

domain-specific datasets and complex task settings, 2128

which enrich the understanding of how LLM rea- 2129

soning varies across fields. For example, Yan et al. 2130

(2025b) discusses mathematical reasoning datasets 2131

and benchmarks that support structured and veri- 2132

fiable inference. Complementing this, Wei et al. 2133

(2025a) reviews LLM-based planning techniques 2134

applicable to both question answering and agentic 2135

tasks. Further extending the discussion to envi- 2136

ronments requiring perception–action loops, Hu 2137

et al. (2025a); Nguyen et al. (2025) examine mul- 2138

timodal–agent interactions, including GUI-based 2139

interfaces that illustrate how reasoning, percep- 2140

tion, and action co-evolve. Together, these surveys 2141

broaden the contextual understanding of LLM ca- 2142

pabilities beyond the domains highlighted in the 2143

main text. 2144
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E Use of AI Assistants2145

We employed LLM-based tools exclusively for2146

language polishing during manuscript preparation2147

and for assisting with full-text filtering of SFT/RL-2148

related papers for human review in the Applica-2149

tions section (Section 5). All outputs generated by2150

LLMs were carefully reviewed by the authors, who2151

take full responsibility for any potential errors or2152

hallucinations.2153

The prompt used with gpt-oss-120b to identify2154

and classify SFT/RL-related papers is provided in2155

the following verbatim. For all prompt requests to2156

this model, we use FP4 precision, a context length2157

of 128k, a temperature of 0.8, and set top-k and2158

top-p to 40 and 0.95, respectively.2159

Human readers subsequently verified all can-2160

didate papers to confirm their publication status2161

and the relevance of their training paradigms (i.e.,2162

whether they involve SFT, RL, or both).2163

You are a research paper analyzer.2164

From the given scientific text, extract and classify the following:2165

2166

1. The **proposed method** (ignore ablations).2167

2. The **comparison methods/baselines** the paper evaluates against.2168

3. The **datasets/benchmarks** used for evaluation.2169

4. The **training type** of the proposed method, exactly one of:2170

- Reinforcement Learning (RL)2171

- Supervised Fine-Tuning (SFT)2172

- Both RL and SFT (SFT+RL)2173

- Prompt Optimization2174

- none-text Modality (vision, speech, multimodal, etc)2175

- Other Methods2176

- Survey (no new method, only summarization of others)2177

2178

Output format:2179

<thought>2180

YOUR THOUGHT2181

</thought>2182

2183

<answer>2184

{2185

"method": "...",2186

"baselines": ["..."],2187

"benchmarks": ["..."],2188

"training_type": one of ["SFT", "RL", "SFT+RL", "Prompt", "Modality", "Other", "Survey"]2189

}2190

</answer>2191
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