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Abstract

Large reasoning models have recently demon-
strated remarkable capabilities in solving com-
plex tasks, where supervised fine-tuning (SFT)
on long chain-of-thought data serves as a cru-
cial foundation for eliciting and enhancing their
reasoning abilities. Despite rapid progress
in both improving and analyzing reasoning-
oriented SFT, the field still lacks a systematic
survey that consolidates its fast-growing liter-
ature. To fill this gap, we present a compre-
hensive review of recent advancements in rea-
soning SFT, examining the literature through
the dual lenses of methodological design and
analytical investigation. First, we review
methodological improvements across the SFT
pipeline and categorize them into data-centric
approaches and algorithm-centric innovations.
Second, we reorganize analytical studies along
three dimensions: data characteristics, opti-
mization dynamics, and mechanistic insights.
Finally, by synthesizing current research fo-
cuses and remaining bottlenecks, we outline
promising future directions for reasoning SFT.
We hope this survey deepens the understand-
ing of reasoning SFT and paves the way for
advanced reasoning models.

1 Introduction

Reasoning has become a defining capability of
modern large language models (LLMs), enabling
them to solve complex tasks that require multi-step
problem decomposition, intermediate verification,
and logical abstraction (Kahneman, 2011; Huang
and Chang, 2023; Sun et al., 2025b; Wang et al.,
2026f, 2025b). Such capabilities are central to a
wide range of domains, including mathematical
problem solving (Ahn et al., 2024; Wang et al.,
2026d), code generation (Zheng et al., 2023; Jiang
et al., 2026b; Lu et al., 2026d), agents (Xu et al.,

*These authors contributed equally to this work.
†Corresponding author.

2026b; Lu et al., 2025b; Xu et al., 2026a), question-
answering (Xue et al., 2024; Yu et al., 2025c), and
robotics (Ma et al., 2026b; Sapkota et al., 2025).
Early efforts primarily relied on Chain-of-Thought
(CoT) prompting (Wei et al., 2022; Wang and Zhou,
2024; Chia et al., 2023; Kojima et al., 2022) to
elicit reasoning behaviors from LLMs. Although
CoT prompting provides an effective interface for
reasoning, it operates only at inference time and
suffers from instability (Wang et al., 2023; Turpin
et al., 2023).

To overcome these limitations, the paradigm
has naturally transitioned toward Supervised Fine-
Tuning (SFT) (Lai et al., 2025a; Shen, 2024) on
CoT trajectories to internalize reasoning capabili-
ties within the model’s parameters. Early efforts
in reasoning SFT predominantly focused on the
dimension of data construction, exploring how to
curate high-quality step-by-step rationales, typi-
cally through knowledge distillation from frontier
models or automated synthesis pipelines (Roziere
et al., 2023; Li et al., 2024; Xu et al., 2025b; Luo
et al., 2025a). While such efforts provide an es-
sential foundation, standard SFT based on vanilla
behavior cloning also exhibits intrinsic limitations,
including exposure bias (Gan et al., 2024), severe
overfitting (Huan et al., 2025), and limited general-
ization (Wu et al., 2026a).

To address these fundamental bottlenecks, the
research community has recently pivoted toward
algorithmic innovations that refine the optimiza-
tion dynamics of SFT across diverse granularities,
encompassing token- and sample-level signal mod-
ulation (Kim et al., 2025; Sanyal et al., 2025), dis-
tribution constraints (Zhu et al., 2026a), and struc-
tural integration with reinforcement learning (Jiang
et al., 2026a). In parallel, a growing body of work
has begun to analyze the behavior and mechanisms
of reasoning SFT with long CoT data. These stud-
ies investigate diverse factors such as data proper-
ties (Ye et al., 2025b), optimization dynamics (Ren
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et al., 2026), and mechanistic interpretability (Wu
et al., 2025a), offering insights into when and why
SFT improves reasoning.

Despite the recent surge of literature focusing
on reasoning SFT, a systematic survey consolidat-
ing this fast-evolving landscape is still conspicu-
ously absent. While several existing reviews at-
tempt to summarize post-training paradigms for
reasoning models, they predominantly emphasize
RL-based frameworks (Zhou et al., 2025; Sun et al.,
2025a; Xu et al., 2025a) or restrict their examina-
tion of SFT to its alignment or synergy with RL
pipelines (Jiang et al., 2026a). Another stream
of literature addresses reasoning-oriented SFT, yet
focuses almost exclusively on early-stage data con-
struction (Chen et al., 2025d; Wang et al., 2026d;
Li et al., 2025g). Consequently, a holistic consoli-
dation of recent non-trivial algorithmic innovations
and analytical insights remains lacking.

To fill this gap, this survey presents a system-
atic and timely overview of contemporary research,
encompassing both methodological designs and
analytical insights. On the methodological front,
we establish a structured taxonomy spanning data-
centric improvements and algorithm-centric inno-
vations. On the analytical front, we synthesize and
reorganize highly fragmented empirical findings
into three core dimensions: data characteristics,
optimization dynamics, and mechanistic analysis.
Furthermore, we identify open challenges and chart
promising future directions to guide subsequent ex-
plorations in this domain. Ultimately, we hope this
work serves as a foundational roadmap to navigate
and inspire future advancements in reasoning SFT.

2 Preliminary

SFT serves as the foundational paradigm for align-
ing LLMs with human intent using expert demon-
strations. Formally, given a language model pa-
rameterized by θ and a training dataset D =
{(x(i), y(i))}Ni=1, standard SFT minimizes the Neg-
ative Log-Likelihood (NLL) objective:

LSFT(θ) = −E(x,y)∼D




|y|∑

t=1

log πθ(yt|y<t, x)


 ,

where x denotes the input prompt, y represents
the target response sequence, and πθ specifies the
model policy. Within the scope of this survey, we
center our focus exclusively on reasoning SFT. Dis-
tinct from standard instruction-following, the tar-
get response y is structurally decomposed into an

extensive CoT rationale r followed by the final
answer a, i.e., y = [r; a]. Optimizing LSFT over
protracted reasoning paths compels the model to
internalize intrinsic causal structures, thereby cap-
turing genuine problem-solving mechanics rather
than exploiting surface-level correlations.

3 Reasoning SFT: Methods

3.1 Data-Centric Methods
Data Augmentation. To actively ensure robust
internalization and prevent the model from overfit-
ting to specific reasoning formats, data augmenta-
tion (Maharana et al., 2022) has emerged as a criti-
cal data-centric strategy for enriching the diversity
of training distributions. At the input level, (Lin
et al., 2025b) leverage systematic prompt diversi-
fication to break the model’s anchoring to surface-
level linguistics. For target responses, GFT (Gan
et al., 2024) mitigates single-path dependency by
pairing queries with a hybrid ensemble of expert,
teacher, and self-generated trajectories. Further-
more, recent methodologies have shifted from
purely positive imitation toward extracting dense
contrastive signals from negative samples. For in-
stance, NFT (Chen et al., 2026a) constructs an im-
plicit negative policy by jointly modeling both suc-
cessful and failed reasoning responses, utilizing the
contrast to actively push the policy away from com-
mon hallucination patterns and logical fallacies.
Taking a reward-calibrated approach, RIFT (Liu
et al., 2026d) assigns a constant positive reward to
correct reasoning traces, while explicitly allocating
a constant negative reward to incorrect trajectories.

Data Refinement. Despite the benefits of aug-
mented diversity, directly training on off-policy
expert trajectories often introduces a distributional
mismatch that can degrade a model’s pre-existing
capabilities. To address this, data refinement aims
to seamlessly align the training corpus with the
LLM’s intrinsic distribution (Gupta et al., 2025;
Zhao et al., 2026a; Wang et al., 2026c; Lin and Han,
2026). Recent self-alignment frameworks (Gupta
et al., 2025; Zhao et al., 2026a) substitute stan-
dard expert demonstrations with a combination of
the model’s inherently correct generations and its
successfully rewritten correct responses. Specif-
ically, the rewriting process leverages reference
answers to guide the model in reconstructing valid,
in-distribution reasoning trajectories. Alternatively,
SPOT (Lin and Han, 2026) employs a stronger
teacher model for minimal-edit step corrections
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s Methods (§3)

Data-Centric
Methods (§3.1)

Data Augmentation (Lin et al., 2025b), (Gan et al., 2024), (Chen et al., 2026a), (Liu et al., 2026d)

Data Refinement (Gupta et al., 2025), (Zhao et al., 2026a), (Wang et al., 2026c), (Lin and Han, 2026)

Algorithm-Centric
Methods (§3.2)

Token-Level
Optimization

Reweighting: (Kim et al., 2025), (Gong et al., 2026), (Wu et al., 2026a), (Diao et al., 2026),
(Wang et al., 2026g),(Yu et al., 2026a), (Lin et al., 2026), (Li et al., 2026a), (Zhao et al., 2026b),
(Zhang et al., 2026a).
Selection: (Pang et al., 2025), (Qin et al., 2026), (Li et al., 2026b), (Ruan et al., 2025),
(Yang et al., 2026a), (Ma et al., 2025a), (Liu et al., 2026c), (Chen et al., 2026d), (Shi et al., 2025)

Sample-Level
Optimization

Reweighting: (Sanyal et al., 2025), (Tang et al., 2025), (Qin and Springenberg, 2025),
(Shu et al., 2026), (Ming et al., 2025), (Zhang et al., 2026b), (Pan et al., 2025).
Selection: (Liu et al., 2024), (Zhang et al., 2025c), (Yang et al., 2026b),(Lu et al., 2026a),
(Xia et al., 2024), (Wan et al., 2025), (Fu et al., 2025), (Wang et al., 2026a), (Wang et al., 2025a)

Distribution-Level
Regularization

(Zhu et al., 2026a), (Zhu et al., 2026c), (Wang et al., 2026e), (Li et al., 2025h), (Wang et al., 2026b)

Integration with RL
(Yang et al., 2026c), (Lv et al., 2025), (He et al., 2025), (Zhang et al., 2026c), (Wang et al., 2026b),
(Chen et al., 2025c), (Guan et al., 2025b), (Fu et al., 2026), (Ma et al., 2026a), (Zhu et al., 2026b),
(Liu et al., 2026a), (Su et al., 2026)

Analyses (§4)

Data-Centric
Analysis (§4.1)

(Yang et al., 2025d), (Yao et al., 2026), (Lin et al., 2025b), (Yang et al., 2025e), (Shen et al., 2025), (Wu et al., 2026b),
(Zhang et al., 2026e), (Chandra et al., 2025), (Yang et al., 2026b), (Zhao et al., 2025), (Luo et al., 2025b), (Ye et al., 2025b),
(Wu et al., 2025b), (Muennighoff et al., 2025), (Li et al., 2025a), (Li et al., 2026c), (Chen et al., 2025a), (Do et al., 2025),
(Yu et al., 2025b), (Huang et al., 2026b), (Xue et al., 2026b)

Optimization-Centric
Analysis (§4.2)

(Kopiczko et al., 2026), (Ren et al., 2026), (Jin et al., 2025), (Ding et al., 2025a), (Li et al., 2026a), (Lin et al., 2026),
(Zhang et al., 2026d), (Li et al., 2025f), (Ding et al., 2025b), (Yu et al., 2025b)

Mechanistic
Analysis (§4.3)

(Yang et al., 2025d), (Wu et al., 2025a), (Yue et al., 2025), (Matsutani et al., 2026), (Yao et al., 2026), (Chu et al., 2025),
(Huan et al., 2025), (Jin et al., 2025), (Lai et al., 2025b), (Chen et al., 2025b), (Yang et al., 2025e), (Ren et al., 2026),
(Tian et al., 2026), (Lin et al., 2025b), (Yue et al., 2025), (Matsutani et al., 2026), (Zhang et al., 2025a), (Chen et al., 2025a),
(Chen et al., 2026b), (Yu et al., 2025b), (Limozin et al., 2026), (Ding et al., 2025a), (Li et al., 2026a), (Kang et al., 2026)

Figure 1: Taxonomy of methodological and analytical research in SFT for reasoning LLMs.

and utilizes a decoupled objective to reinforce recti-
fied reasoning steps and penalize logical errors. To
overcome the diversity collapse inherent in heuris-
tic templates, another work (Wang et al., 2026c)
formulates data refinement as a policy learning task,
optimizing semantic diversity and alignment via re-
inforcement learning under a task-consistency gate.

3.2 Algorithm-Centric Methods

Alongside data-centric strategies, algorithm-centric
methodologies offer a complementary axis for en-
hancing standard SFT by directly modifying the
underlying optimization dynamics. To ensure a
mutually exclusive and clean taxonomy, we adopt
optimization granularity—progressing from token-
level and sample-level modulation to distribution-
level regularization and RL integration—as our
primary split criterion. While alternative perspec-
tives could categorize these methods based on their
underlying data sources or heuristics (e.g., model
confidence, sample difficulty, semantic rules, or
reference policy divergence), structuring by gran-
ularity provides a unified mathematical lens. To
bridge these perspectives and clarify potential con-
ceptual overlaps across heuristic motivations, we
provide a comprehensive 2D map as shown in Ta-
ble 1 in the supplementary material, illustrating the
intersection of optimization granularity and data
heuristics. Accordingly, this subsection system-

atically reviews these algorithmic advancements
along the granularity axis.

Formally, fine-grained signal modulation can be
unified under a generalized optimization objective:

Lg
SFT(θ) =− 1

|D|

|D|∑

i=1

αi·


|y(i)|∑

t=1

w
(i)
t log πθ(y

(i)
t |y(i)<t, x

(i))


 ,

where w
(i)
t and αi denote the dynamic token-level

and sample-level weights, respectively. By actively
calibrating these coefficients alongside global reg-
ularization and RL integration, recent frameworks
systematically mitigate the empirical limitations of
standard supervised alignment.

Token-Level Optimization. We first review
token-level optimization, where the learning dy-
namics are modulated by the token weight w(i)

t to
prioritize suitable reasoning tokens and mitigate
overfitting. Within the reweighting paradigm, re-
cent works dynamically scale token updates based
on gradient consistency between the individual
token and the global batch (Gong et al., 2026),
the predicted probabilities (Wu et al., 2026a), or
the output distribution entropy (Diao et al., 2026).
However, these methods expose a critical limita-
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tion: relying solely on probability or loss strug-
gles to distinguish inherently hard reasoning steps
from mere noisy tokens. To address the ambigu-
ity of low-probability tokens, DEFT (Wang et al.,
2026g) introduces an entropy-driven trust gate that
transitions the optimization focus from exploring
uncertain regions to sharpening confident predic-
tions. Building on a similar motivation, RANK-
TUNER (Yu et al., 2026a) aggregates probability
and entropy into a unified ranking metric, system-
atically upweighting critical low-probability, low-
entropy targets. From an optimization perspective,
TALR (Lin et al., 2026) applies a dynamic, nor-
malized weight to each token. Specifically, the
token weight is formulated as wi =

exp(−ℓi/τ)∑
j exp(−ℓj/τ)

,
where ℓi is the token-level loss and τ represents the
median batch loss during training.

A parallel line of research tailors the SFT ob-
jective via token reweighting to establish an opti-
mal initialization policy for subsequent RL align-
ment. These methods recognize a fundamental
trade-off: while aggressively upweighting specific
tokens maximizes SFT imitation, it risks distribu-
tional collapse that destroys the exploration poten-
tial crucial for the RL cold start. To mitigate this
collapse and preserve exploration potential, recent
frameworks maintain the pre-trained probability
landscape by amplifying gradients on uncertain
tokens via sequence-relative weighting (Li et al.,
2026a). Alternatively, another approach (Zhao
et al., 2026b) upweights correct tokens via a finite-
temperature Gibbs distribution, which explicitly
preserves the relative probability mass of alterna-
tive tokens to mitigate distributional collapse. This
highlights a crucial shift: from sharp, loss-driven
imitation for standalone SFT, to soft, distribution-
preserving scaling for RL initialization. To further
bridge the gap between SFT and RL, PEAR (Zhang
et al., 2026a) employs multi-level importance sam-
pling, discounted suffix weighting, and negative
sample suppression to construct a superior initial-
ization for online RL.

Within the discrete token selection paradigm,
recent methods extract optimal learning tokens
through diverse filtering criteria. Some works ex-
plicitly retain tokens exhibiting the highest training
loss (Kim et al., 2025) or the largest parameter up-
date norms (Ma et al., 2025a). A parallel line of
work identifies high-quality tokens via cross-model
loss discrepancies, comparing superior and infe-
rior models to preserve critical tokens (Pang et al.,

2025), or contrasting safety-degraded and utility-
oriented policies to eliminate vulnerabilities (Li
et al., 2026b). Alternative frameworks restrict gra-
dient updates exclusively to critical tokens identi-
fied through semantic-aware response-to-prompt
attention (Qin et al., 2026), counterfactual pertur-
bations (Ruan et al., 2025), or multi-dimensional
explainability metrics (Yang et al., 2026a).

Beyond gradient and semantic signals, further
approaches define selective optimization strategies
based on the model’s predictive confidence, policy-
driven sampling, or predefined trajectory structures.
ProFit (Liu et al., 2026c) consolidates established
knowledge by computing the loss solely on high-
probability tokens, whereas SED-SFT (Chen et al.,
2026d) encourages generative diversity by selec-
tively optimizing low-confidence tokens associated
with multiple plausible branches. To explicitly in-
corporate on-policy exploration into the SFT phase,
OTR (Ming et al., 2025) formulates token genera-
tion as a single-step reinforcement learning trajec-
tory, dynamically rewarding ground-truth tokens
while penalizing incorrect samples drawn from the
current policy distribution. Finally, from a struc-
tural standpoint, SFTKey (Shi et al., 2025) com-
pletely masks the intermediate CoT rationale to
prevent verbose reasoning trajectories from over-
shadowing core conclusions, thereby explicitly re-
stricting optimization solely to the answer tokens.

Sample-Level Optimization. Transitioning to
sample-level optimization, the learning dynam-
ics are governed exclusively by the dynamic sam-
ple weight αi. Within the continuous reweight-
ing framework, one prominent branch calibrates
the scalar αi based on the intrinsic difficulty of
the sample. For example, FLOW (Sanyal et al.,
2025) upweights “easy” samples with low pre-
training losses to mitigate catastrophic forgetting,
whereas BFT (Tang et al., 2025) prioritizes “hard”
sequences featuring continuous low-probability
spans to force the absorption of novel knowledge.

Another direction establishes a theoretical equiv-
alence between offline SFT and online RL by
reweighting static samples to simulate the dynamic
distribution shifts inherent to RL. This theoret-
ical equivalence to RL is realized by deriving
adaptive importance weights from policy trajec-
tory ratios (Qin and Springenberg, 2025) or scal-
ing prompt-normalized exponential rewards (Shu
et al., 2026). Moving beyond predefined mathe-
matical formulations, a final line of research auto-
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mates sample utility evaluation and data composi-
tion. These frameworks dynamically optimize in-
stance weights based on how much their loss drops
when shown high-quality reference examples as
context (Zhang et al., 2026b), or by framing sample
weighting as a minimax bilevel optimization prob-
lem to automatically learn optimal multi-source
data proportions (Pan et al., 2025).

Complementary to continuous modulation, dis-
crete sample selection employs hard pruning to
isolate optimal training instances. To align the
training corpus with the model’s inherent distri-
bution, recent frameworks evaluate internal un-
certainty to identify high-quality instructions (Liu
et al., 2024), or select teacher-generated responses
that maximize the student model’s assigned proba-
bility (Zhang et al., 2025c). Furthermore, to align
with the model’s current learning capacity, other
methods (Yang et al., 2026b; Lu et al., 2026a) ex-
plicitly filter out excessively challenging instances
to focus optimization on moderate-difficulty zones.

Beyond heuristic difficulty assessments, a paral-
lel paradigm formulates sample selection through
rigorous mathematical optimization and fine-
grained structural dynamics. To curate datasets
under strict computational budgets, optimization-
driven frameworks prioritize samples whose gra-
dients closely align with predefined target exam-
ples (Xia et al., 2024) or by framing efficient data
selection as a surrogate-penalized bilevel optimiza-
tion problem (Wan et al., 2025). To mitigate struc-
tural biases, further studies refine sample scoring
by prioritizing informative tokens that are robust to
embedding noise (Fu et al., 2025), or by causally
disentangling step-length confounders to calibrate
branching first-token probabilities (Wang et al.,
2026a). Finally, moving beyond isolated sample-
or token-level filters, Q-Tuning (Wang et al., 2025a)
unifies both granularities via an error-uncertainty
diagnostic framework, dynamically discarding en-
tirely noisy samples while applying token pruning
exclusively to partially misunderstood instances.

Distribution-Level Regularization. Stepping
beyond localized token and sample-level interven-
tions, distribution-level regularization constrains
the global policy distribution to mitigate catas-
trophic forgetting and preserve pre-trained capa-
bilities. To restrict deviations from the reference
policy, recent methodologies explicitly bound the
optimization trajectory by incorporating a stan-
dard Kullback-Leibler (KL) (Kullback, 1951) di-

vergence penalty (Zhu et al., 2026a), applying
hard gradient clipping beyond predefined diver-
gence thresholds (Zhu et al., 2026c), or enforc-
ing a strict upper bound on iterative KL diver-
gence through dynamic moving anchors (Wang
et al., 2026e). To prevent diversity degradation and
maintain exploration potential, a parallel line of re-
search leverages entropy-aware modulation. These
frameworks sustain probability mass across diverse
reasoning trajectories by either simulating reverse
KL minimization via a sparse meta-controller (Li
et al., 2025h), or applying asymmetric regulariza-
tion that explicitly targets high-entropy reasoning
steps while strictly imitating low-entropy factual
knowledge (Wang et al., 2026b).

Integration with RL. Unifying SFT and RL
avoids the imitation bottleneck of pure SFT and the
optimization instability of isolated RL, enabling
models to expand their capability boundaries while
refining reasoning trajectories. To ensure a clear
structural boundary, this subsection is strictly con-
fined to approaches utilizing an explicit SFT loss
(LSFT) alongside RL objectives. Frameworks that
use demonstrations merely as exploration anchors
are discussed in Appendix C.

One prominent paradigm dynamically harmo-
nizes these objectives via continuous loss weight-
ing. For instance, some works adaptively calibrate
SFT and RL coefficients based on real-time metrics
such as response correctness (Yang et al., 2026c;
Lv et al., 2025) or diversity (Yang et al., 2026c).
AMFT (He et al., 2025) employs a meta-gradient
weight controller to dynamically learn the opti-
mal balance between supervised imitation and re-
inforcement exploration. Incorporating predictive
uncertainty as a guiding metric, RED (Guan et al.,
2025b) dynamically modulates learning weights
via entropy scheduling to balance exploration and
path refinement. Building upon this uncertainty-
aware perspective, SRFT (Fu et al., 2026) inte-
grates an entropy-regularized SFT objective with
off-policy RL, stabilizing knowledge distillation
without constraining the policy’s exploratory poten-
tial. Alternatively, CHORD (Zhang et al., 2026c)
employs deterministic schedules to smoothly tran-
sition from SFT to RL, and BRIDGE (Chen et al.,
2025c) enforces structural decoupling by restrict-
ing SFT updates to lightweight adapters.

Alternatively, discrete sample-wise routing allo-
cates instances based on difficulty or correctness.
To systematically overcome performance plateaus,
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some methods route excessively hard (Ma et al.,
2026a) or completely failed prompts (Zhu et al.,
2026b) exclusively to SFT or multi-teacher distil-
lation. Conversely, successfully resolved prompts
trigger RL to consolidate reasoning pathways, occa-
sionally incorporating visual refiners in DyME (Liu
et al., 2026a) or contrastive objectives in DYPO to
stabilize exploration. Advancing this integration to
a finer granularity, TRAPO (Su et al., 2026) applies
supervised learning to adaptively selected expert
prefixes, while employing standard RL to optimize
the subsequent model-generated rollouts.

4 Reasoning SFT: Analyses

4.1 Data-Centric Analysis
The Impact of CoT Length. Characterized by
its intuitive and quantifiable nature, CoT length
serves as a natural entry point for investigating the
empirical behavior of reasoning SFT. Several stud-
ies have shown that CoT supervision is crucial for
reasoning: models fine-tuned without CoT suffer
substantial performance degradation or poor gen-
eralization (Yang et al., 2025d; Yao et al., 2026;
Zhang et al., 2025e; Lin et al., 2025b). A com-
mon view in the literature is that longer CoTs are
more beneficial than shorter ones, yielding stronger
performance and better OOD generalization (Yang
et al., 2025e). Shen et al. (2025) further shows that
CoT length matters more than problem difficulty
in determining model performance. However, Wu
et al. (2026b) argue that CoT length follows an
inverted-U relationship with model accuracy: both
overly short and overly long CoTs are suboptimal,
with the optimal length increasing for harder tasks
but decreasing as model capability improves.

Distribution, Difficulty, and Diversity. Data
distribution plays a critical role in reasoning
SFT (Zhang et al., 2026e; Chandra et al., 2025;
Yang et al., 2025d, 2026b; Zhao et al., 2025; Luo
et al., 2025b). Chandra et al. (2025) show that
LLM-paraphrased CoTs, even when containing er-
rors, can outperform manually constructed data,
suggesting that distributional alignment may matter
more than surface-level correctness. This view is
further supported by studies emphasizing teacher–
student alignment in long-CoT distillation (Yang
et al., 2025d; Luo et al., 2025b; Wu et al., 2025b).
To mitigate distribution mismatch, recent works fur-
ther explore stronger or more adaptive data sources,
including advanced reasoning models (Zhao et al.,
2025), RL-generated trajectories (Zhang et al.,

2026e), and teacher-student collaborative data con-
struction (Huang et al., 2026b).

Beyond distributional alignment, problem dif-
ficulty and data diversity also shape SFT effec-
tiveness. Ye et al. (2025b); Muennighoff et al.
(2025) favor harder and more diverse samples when
constructing reasoning datasets, while Wu et al.
(2025b) advocate filtering out overly simple prob-
lems and maintaining response diversity through
Levenshtein-distance filtering. In addition, a recent
study highlights the critical role of prompt diversity
in improving generalization (Lin et al., 2025b).

Reasoning Pattern. Beyond surface-level data
properties, another line of work examines how the
internal reasoning patterns of CoTs affect SFT, in-
cluding their structural organization, exploration
behaviors, and error-correction processes. An early
study shows that disrupting the structure of CoTs
leads to larger performance degradation than cor-
rupting their surface content, highlighting the cen-
tral role of reasoning structure in CoT-based train-
ing (Li et al., 2025a). However, more complex
or exploratory reasoning patterns are not always
beneficial. Li et al. (2026c) find that stronger
teacher models do not necessarily yield better dis-
tillation, and that teachers producing convergent
and deductive trajectories can be more effective
than those generating divergent, branch-heavy ex-
plorations. Similarly, SFT on CoTs with “Aha mo-
ments” may degrade performance, suggesting that
explicitly imitating complex patterns is not always
helpful (Chen et al., 2025a).

Beyond global reasoning patterns, the quality of
individual reasoning steps also matters. Do et al.
(2025) show that final-answer correctness alone is
insufficient for data filtering, and that selecting ex-
amples based on intermediate-step relevance and
step-to-step coherence can further improve perfor-
mance. Moreover, removing similar or repetitive
steps can reduce token costs and improve perfor-
mance, whereas retaining erroneous steps may help
models learn verification, backtracking, and error
correction (Luo et al., 2025b).

Data Quantity. Although large-scale model
training is often guided by the assumption that
more data improves performance (Li et al., 2025c),
reasoning SFT appears to be less dependent on data
quantity. Several studies show that small but care-
fully curated datasets can substantially improve or
elicit reasoning capabilities, with fewer than 1K
examples often being sufficient (Ye et al., 2025b;
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Muennighoff et al., 2025) and even as few as 10
examples working in extreme settings (Yang et al.,
2025d). In VLM post-training, SFT performance
has also been found to be relatively insensitive to
data quantity (Yu et al., 2025b). Overall, these find-
ings suggest that the structure and quality of rea-
soning data matter more than its scale (Zhao et al.,
2025), and increasing SFT data may even hurt per-
formance in some cases (Chen et al., 2025a).

4.2 Optimization-Centric Analysis

Training Dynamics. Beyond data construction,
reasoning SFT is highly sensitive to training dy-
namics, including optimization duration, check-
point selection, and learning-rate control. These
factors are crucial for balancing reasoning improve-
ment, generalization, and capability preservation.

A central question is how extensively SFT
should be performed. For standalone SFT, several
studies suggest that sufficient optimization is nec-
essary to internalize reasoning patterns. Kopiczko
et al. (2026); Liu et al. (2026b) show that multi-
epoch training is important for reasoning SFT, as
insufficient optimization can substantially degrade
performance. Ren et al. (2026) further reveal a
non-monotonic phenomenon, where OOD perfor-
mance first decreases and then recovers as training
proceeds.

However, when SFT serves as initialization for
subsequent RL, excessive optimization may be un-
desirable. In contrast to the recovery pattern ob-
served by Ren et al. (2026), Jin et al. (2025) find
that OOD performance first improves and then de-
clines, possibly due to differences in the evaluated
tasks. Consistent with this concern, Ding et al.
(2025a) and Li et al. (2026a) show that early-stage
SFT checkpoints can provide better initialization
for downstream RL. In addition, Lin et al. (2026)
find that smaller learning rates better balance in-
distribution and OOD performance.

Model Capability. Reasoning SFT is strongly
capability-dependent: Several studies reveal that
weak models may struggle to learn the complex pat-
terns encoded in long CoTs (Zhang et al., 2026d;
Ren et al., 2026; Li et al., 2025f; Ding et al., 2025b).
However, within the domain of VLM reasoning,
Yu et al. (2025b) observe that SFT with short CoT
disproportionately benefits weaker models, yield-
ing more pronounced improvements. To improve
learnability for smaller models, existing work ex-
plores easier supervision signals, such as mixing

short-CoT data or trajectories from smaller teach-
ers (Li et al., 2025f), or fine-tuning a medium-sized
model as an intermediate teacher to generate data
for smaller models (Ding et al., 2025b).

4.3 Mechanistic Analysis

What Does SFT Actually Teach? A central
question in reasoning SFT is whether it genuinely
teaches new reasoning capabilities or mainly in-
duces models to imitate the surface forms and be-
havioral patterns of reasoning traces.

Several studies suggest that SFT may primar-
ily reshape model behavior rather than create new
reasoning abilities. Yang et al. (2025d) show that
even 10 content-corrupted examples can substan-
tially improve reasoning performance, indicating
that SFT may mainly induce format imitation. Sim-
ilarly, models trained on golden shortest paths fail
to acquire backtracking capabilities, in contrast to
those trained with RLVR (Wei and Kim, 2026; Wen
et al., 2026). Wu et al. (2025a) further argue that
SFT mainly injects task knowledge into the model
and may even compromise its reasoning capability.

In contrast, another line of work argues that SFT
can expand the model’s capability boundary rather
than merely reshape its output format. From the
perspective of Pass@k, several studies suggest that
SFT can increase the set of problems that the model
is capable of solving (Yue et al., 2025; Matsutani
et al., 2026). Moreover, Yao et al. (2026) show that
CoT-trained models can compose learned simple
skills to solve unseen or more complex problems,
providing evidence for genuine reasoning.

Memorization or Generalization? A pivotal in-
quiry in reasoning SFT is whether the observed
improvements stem from the memorization of spe-
cific trajectories or the acquisition of transferable
reasoning patterns. A critical view is that SFT
tends to memorize rather than generalize: Chu et al.
(2025) observe a continuous decline in OOD per-
formance on Points24 (Zhai et al., 2024) and nav-
igation tasks (Yang et al., 2024b), leading to the
conclusion that “SFT memorizes, RL generalizes”.
Related studies report similar limitations, including
poor OOD generalization (Jin et al., 2025), degra-
dation on general tasks after math SFT (Huan et al.,
2025), and forgetting caused by off-policy supervi-
sion (Lai et al., 2025b; Chen et al., 2025b).

However, other studies suggest that SFT can gen-
eralize under suitable conditions. Long CoTs, suf-
ficient optimization, high-quality data, and strong
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base models have all been identified as important
factors for SFT generalization (Yang et al., 2025e;
Ren et al., 2026). Moreover, Tian et al. (2026)
surprisingly find that training on incorrect CoTs
can improve OOD generalization, and Lin et al.
(2025b) observes that CoT supervision with diverse
prompts can even surpass RL in generalization per-
formance. These findings suggest that poor SFT
generalization may reflect unfavorable training con-
ditions rather than an inherent inability.

Interaction between SFT and RL. With the suc-
cess of DeepSeek-R1 (Guo et al., 2025), combining
SFT and RL has become a common post-training
paradigm for modern reasoning models (Yu et al.,
2025a; Zheng et al., 2025a; Shao et al., 2024; Jaech
et al., 2024; Yang et al., 2025a). A mainstream
view is that SFT provides basic reasoning behav-
iors, while RL further refines them through explo-
ration and feedback (Yue et al., 2025; Matsutani
et al., 2026; Zhang et al., 2025a). Under this view,
Zhang et al. (2025a) argue that post-training should
place greater emphasis on SFT, with RL serving
mainly as a lightweight refinement stage.

However, the benefit of SFT before RL appears
to be conditional rather than universal. In VLM
reasoning, Chen et al. (2025a) find that SFT can im-
pair subsequent RL, and Chen et al. (2026b) show
that several hybrid strategies, including SFT-then-
RL, interleaved training, and model merging, may
underperform RL-only training. Similarly, Yu et al.
(2025b) show that SFT benefits RL mainly when
the base model is weak, but can become harmful
when the base model is already strong.

Recent studies therefore shift the focus from
whether to combine SFT and RL to how SFT
should be used for RL initialization. Although
various methods have been proposed to better in-
tegrate the two paradigms (Fu et al., 2026; Zhang
et al., 2026c), Limozin et al. (2026) show that some
reported gains over SFT-then-RL were due to bugs
in the training framework; after correction, a sim-
ple SFT-then-RL pipeline achieves the best per-
formance. Consistently, Ding et al. (2025a) argue
that SFT-then-RL remains a strong post-training
paradigm and find that early-stage SFT checkpoints
are better starting points for subsequent RL, in
line with Li et al. (2026a). This also suggests that
stronger standalone SFT performance does not nec-
essarily imply better RL initialization (Zhang et al.,
2026a). To select suitable SFT checkpoints, Kang
et al. (2026) further propose using validation loss or

Pass@k with a large-k as more reliable indicators.

5 Challenges and Future Directions

Harmonizing Reasoning Enhancement with
Knowledge Learning. While confidence-based
SFT strategies excel at boosting reasoning, they
inadvertently reinforce pre-existing beliefs, sup-
pressing learning signals for novel facts and under-
represented domains (Wu et al., 2026a). To over-
come this vulnerability in knowledge-intensive
tasks, future research should prioritize capability-
aware optimization frameworks that seamlessly bal-
ance reasoning refinement with factual acquisition.
Achieving this synergy is essential for training ver-
satile foundation models that act as both rigorous
reasoners and reliable knowledge repositories.

Inference-Efficient Reasoning Trajectories.
While current reasoning-oriented SFT frameworks
have achieved remarkable strides in generalization
and task accuracy, this progress often inadvertently
sacrifices inference efficiency. By strictly cloning
verbose expert demonstrations, models are
conditioned to generate excessively long CoT tra-
jectories, incurring severe computational overhead
and elevated latency during deployment (Kang
et al., 2025). Consequently, explicitly optimizing
the length-accuracy trade-off has emerged as
a crucial future direction. Future frameworks
must transition from passively replicating exten-
sive reasoning chains to actively compressing
them, exploring novel mechanisms to distill
prolonged logical steps into dense, condensed
trajectories without compromising the underlying
mathematical rigor or deductive soundness.

Toward RL-Compatible Supervised Fine-
Tuning. In modern post-training pipelines, SFT
is rarely used in isolation, but typically serves
as a preparatory stage for RL (Guo et al., 2025).
However, as prior work has observed (Zhang
et al., 2026a), better standalone SFT performance
does not necessarily translate into a better RL
initialization. This suggests that existing SFT
methods may have been evaluated under an
incomplete criterion: most data construction
and algorithmic designs focus on post-SFT
performance, while overlooking their compatibility
with RL. Therefore, an important future direction
is to re-evaluate existing methods under the full
SFT-then-RL pipeline, examining which types of
data, objectives, and checkpoints provide better
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entry for RL. Beyond evaluation, future work
should also develop RL-compatible SFT objectives
that preserve exploration potential, policy diversity,
and reward-improvable behavior.

Toward Causal Analysis of Reasoning SFT. Ex-
isting analyses have shown that factors such as
CoT length, data difficulty, diversity, reasoning
patterns, and data quantity can affect reasoning
SFT (Shen et al., 2025; Muennighoff et al., 2025).
However, many conclusions remain correlational
and may be confounded by other variables. For
example, longer CoTs may improve generalization
not only because of their length, but also because
they change the reasoning structure, token bud-
get, problem difficulty, or teacher-model distribu-
tion (Yang et al., 2025e; Chandra et al., 2025). Fu-
ture work should therefore conduct more controlled
studies that isolate the causal effects of individual
data properties, model capability, and training dy-
namics. Such analyses would lead to a clearer
understanding of why and when reasoning SFT
improves generalization.

6 Conclusion

In this survey, we present a comprehensive re-
view of recent advancements in reasoning SFT,
examining the literature through the dual lenses of
methodological design and analytical investigation.
We established a structured taxonomy categorizing
methods into data-centric and algorithm-centric ap-
proaches, while synthesizing fragmented findings
across data, optimization dynamics, and mecha-
nistic analysis. By outlining key bottlenecks, we
further summarize several promising future direc-
tions. Ultimately, we hope this survey serves as
a foundational roadmap to guide researchers and
inspire subsequent breakthroughs in developing ad-
vanced reasoning foundation models.

Limitations

Despite our effort to provide a comprehensive re-
view, this survey has several limitations. First, rea-
soning SFT is a rapidly evolving field, and new
methods and analyses continue to emerge at a fast
pace; therefore, some very recent or concurrent
studies may not be fully covered. Additionally,
this survey primarily focuses on recent studies, es-
pecially those published since 2025, in order to
capture the latest methodological and analytical de-
velopments in reasoning-oriented SFT. As a result,
we do not provide a systematic review of earlier

works that mainly concentrated on constructing rea-
soning or CoT-style training data. Although these
efforts laid important foundations for reasoning
SFT, a comprehensive historical account of data
construction methods is beyond the scope of this
survey.
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A Data-Centric Methods

Reasoning SFT is shaped by how problems are
sourced, reasoning trajectories are constructed and
verified, and training examples are selected. We
therefore organize data-centric methods according
to the pipeline:

Problem Sourcing → CoT Trajectory Synthesis →
Trajectory Verification →
Data Filtering and Curation.

When a work spans multiple stages, we assign it to
the stage of its primary contribution.

Problem Sourcing. Human-authored datasets
such as GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021b) provide reliable
mathematical problems, multi-step solutions, and
broad difficulty coverage, but are expensive to con-
struct and scale. Synthetic resources, including
principled logic corpora and ProofWriter (Tafjord
et al., 2021), generate theories, questions, and de-
duction chains with controlled structures (Mor-
ishita et al., 2024). PrOntoQA (Saparov and He,
2022) also uses synthetic logical instances, but pri-
marily serves as a benchmark for analyzing de-
ductive reasoning rather than as a standard SFT
corpus. Other works mine or transform public re-
sources: DeepSeekMath (Shao et al., 2024) con-
structs a large mathematical corpus from filtered
web data, NuminaMath (Li et al., 2024) releases
a large collection of competition-math problems
and solutions, and MIND (Akter et al., 2025) con-
verts OpenWebMath (Paster et al., 2024) into syn-
thetic dialogues for mathematical pretraining. Prob-
lem reformulation methods further expand existing
distributions through question rewriting (Yu et al.,
2024), back-translation (Lu et al., 2024b), or dis-
tilled problem synthesis (Zhou et al., 2024).

CoT Trajectory Synthesis. Trajectory synthesis
converts problems into explicit reasoning demon-
strations. (Cai et al., 2024) adds reasoning plans
and intermediate steps to existing answers, while
STaR (Zelikman et al., 2022) bootstraps ratio-
nales from question–answer pairs with known
final answers but without rationale annotations.
Teacher-model distillation and self-improvement
produce large-scale reasoning data, including hy-
brid natural-language and program-based solu-
tions in MAmmoTH (Yue et al., 2024b), tool-
integrated trajectories in ToRA (Gou et al., 2024)

and MathCoder (Wang et al., 2024b), and mathe-
matical and coding reasoning traces in Qwen2.5-
Math (Yang et al., 2024a) and OpenCodeReason-
ing (Ahmad et al., 2025), respectively. Sampling-
based methods explore multiple candidate paths
through search or self-evolution, as in FastM-
CTS (Li et al., 2025d) and rStar-Math (Guan et al.,
2025a). DeepSeek-Prover (Xin et al., 2024) ex-
tends this approach to Lean theorem-proving tra-
jectories.

Trajectory Verification. Verification can target
final outcomes or intermediate reasoning steps. Ex-
act answer matching (Cobbe et al., 2021), code
execution (Gou et al., 2024; Wang et al., 2024b),
unit tests (Ahmad et al., 2025), and Lean proof
checking (Xin et al., 2024) provide deterministic
signals for mathematical, executable, and formal
solutions. However, execution-based filtering is
not always beneficial: OpenCodeReasoning reports
that discarding all execution-failing solutions can
reduce downstream performance (Ahmad et al.,
2025). Process-level verification is studied through
human step annotations in PRM800K (Lightman
et al., 2024), automatic process supervision in
Math-Shepherd (Wang et al., 2024c), and error lo-
calization in ProcessBench (Zheng et al., 2025b),
the latter being primarily an evaluation benchmark
rather than an SFT dataset. AceMath (Liu et al.,
2025b) and Qwen2.5-Math (Yang et al., 2024a) ad-
ditionally use outcome-level reward models to rank
complete solutions, which differs from process-
level verification.

Data Filtering and Curation. The final stage
determines which candidate examples enter the
training corpus. DART-Math (Tong et al., 2024)
allocates additional generation budget to difficult
problems through difficulty-aware rejection tun-
ing. In contrast, RedStar (Xu et al., 2025c) pri-
marily studies the effects of Long-CoT data scale
and problem difficulty rather than introducing a
dedicated filtering algorithm. s1 (Muennighoff
et al., 2025) constructs a compact dataset based
explicitly on quality, difficulty, and diversity, while
LIMO (Ye et al., 2025b) demonstrates the effec-
tiveness of a small collection of difficult, diverse
problems paired with high-quality reasoning traces.
HoneyBee (Bansal et al., 2026) investigates analo-
gous data construction and scaling dimensions for
multimodal reasoning, while OpenThoughts (Guha
et al., 2026) systematically analyzes question sourc-
ing, answer generation, filtering, deduplication, and
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Table 1: The 2D Map: Gradient Granularity vs. Data Source/Heuristic.

Granularity Model Confidence /
Entropy Sample Difficulty Semantic /

Structural Rules
Reference Policy
Divergence

Token-Level
DFT, EAFT, DEFT,
RANKTUNER, ProFit,
SED-SFT

SFT-GO, TS-PEFT,
TALR

SFTKey, ssToken,
CFT, XTF

PEAR, AESL,
GIFT, Token
Cleaning, TOSS,
OTR

Sample-Level SelectIT, GRAPE,
Q-Tuning

FLOW, BFT, RSR,
DC-SFT T-SHIRT, ASLEC

iw-SFT, BOLT,
ICA, LESS, CADS,
ScaleBiO

Distribution-Level CurioSFT (N/A) (N/A)
ASFT, PSFT,
Anchored Learning,
GEM

RL Integration RED, SRFT, Prefix-RFT
LESE, ReLIFT,
DYPO, AMFT,
HPT

BRIDGE, CHORD,
TRAPO, BREAD,
SRL, DyME, UFT,
and R3

LUFFY, S-GRPO

teacher selection. OpenMathInstruct-2 (Toshniwal
et al., 2025) investigates large-scale mathematical
instruction data, with particular attention to solu-
tion quality and question diversity, whereas Natu-
ralThoughts (Li et al., 2025e) studies how to select
teacher-generated reasoning trajectories that trans-
fer efficiently to student models. Outcome-level
reward models in AceMath (Liu et al., 2025b) and
Qwen2.5-Math (Yang et al., 2024a) can addition-
ally score and rank complete candidate solutions.

Overall, problem sourcing determines the input
distribution, trajectory synthesis determines the rea-
soning behaviors available for supervision, verifi-
cation estimates trajectory reliability, and filtering
determines the final training distribution. Difficulty,
diversity, model provenance, and reward scores are
therefore criteria within the pipeline rather than
independent top-level categories.

B A Two-Dimensional Taxonomy of
Algorithm-Centric Methods

As detailed in Section 3.2 of the main paper, our
primary taxonomy categorizes algorithm-centric
methods based on their optimization granular-
ity—encompassing Token-Level, Sample-Level,
Distribution-Level, and RL Integration. These core
dimensions constitute the Y-axis of Table 1. To pro-
vide a more comprehensive perspective and clarify
how these methods intersect with various heuristic
motivations, this 2D map cross-references the op-
timization granularities with their underlying data
sources and algorithmic heuristics (the X-axis).

The definitions for each heuristic category along
the X-axis are explicitly stated as follows: Model

Confidence / Entropy: Modulating optimization
signals via internal probability distributions. Sam-
ple Difficulty: Allocating training focus by diag-
nosing whether a sample aligns with the model’s
own distribution, rather than its general ambiguity.
Semantic / Structural Rules: Applying structural
constraints or filters via the semantic content of tra-
jectories. Reference Policy Divergence: Guiding
learning dynamics by measuring deviations against
a reference policy.

C Integration with RL via Off-Policy
Expert Demonstrations

Beyond joint optimization of SFT and RL objec-
tives, a distinct research paradigm leverages offline
expert demonstrations as auxiliary exploration an-
chors to systematically resolve the reward sparsity
and imitation bottlenecks inherent in online Rein-
forcement Learning (RL) (Xue et al., 2026a; Lu
et al., 2026c, 2025a; Yu et al., 2026b). By inte-
grating off-policy trajectories directly into the on-
line policy-gradient loop rather than forcing direct
cross-entropy minimization, these methods bridge
the gap between static imitation and autonomous
exploration.

Among these approaches, LUFFY (Yan et al.,
2025) and S-GRPO (Yan et al., 2026) explicitly
integrate full expert trajectories into the candi-
date pool of standard relative group optimization.
LUFFY (Yan et al., 2025) introduces Mixed-Policy
GRPO, which combines off-policy demonstrations
with on-policy rollouts for advantage computa-
tion, employing entropic policy shaping to rein-
force low-probability yet critical actions. Similarly,
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S-GRPO (Yan et al., 2026) addresses optimiza-
tion collapse in visual tasks by injecting a veri-
fied ground-truth anchor into the candidate pool
whenever exploratory failure is detected, ensuring
positive advantage signals to break training dead-
locks.

To grant the policy higher exploratory auton-
omy, another branch of research truncates expert
demonstrations into prefixes or hints, prompting the
model to explore and complete the remaining paths.
UFT (Liu et al., 2025a) and R3 (Xi et al., 2024)
establish reverse curricula to reduce exploration dif-
ficulty. Specifically, R3 progressively shifts the ex-
ploration starting state backwards from the demon-
stration’s end, while UFT smoothly decays hint
lengths to zero, blending log-likelihood objectives
with reward optimization. To stabilize this hybrid
learning, Prefix-RFT (Huang et al., 2026a) rein-
forces offline prefixes using dynamic advantages
and entropy-based clipping, preventing off-policy
gradients from dominating optimization. Advanc-
ing this, BREAD (Zhang et al., 2026d) employs
Episode Anchor Search (EAS) to adaptively select
branching points, providing self-paced curriculum
guidance where standard SFT-then-RL pipelines
stall. Finally, to extract dense signals without rigid
token-level imitation, SRL (Deng et al., 2026) refor-
mulates reasoning as a sequential decision-making
process of discrete logical "actions." By generat-
ing internal monologues before committing to each
step, SRL computes sequence similarity rewards
strictly between generated and expert actions.

D Reasoning Benchmarks

The rapid development of large reasoning mod-
els has been accompanied by an increasingly di-
verse set of benchmarks for evaluating reasoning
capabilities. Unlike general instruction-following
evaluations or retrieval tasks (Xue et al., 2023;
Xue and Gao, 2025), reasoning benchmarks em-
phasize whether models can decompose complex
problems, perform multi-step inference, maintain
logical consistency, and arrive at verifiable final an-
swers. These benchmarks therefore serve as an es-
sential empirical foundation for studying reasoning-
oriented supervised fine-tuning: they not only quan-
tify the effectiveness of different SFT data and ob-
jectives, but also expose limitations such as mem-
orization, poor out-of-distribution generalization,
and insufficient transfer across reasoning domains.

In this section, we summarize representative

benchmarks commonly used to evaluate reasoning
models in Table 2. We organize them according
to the type of reasoning skill they primarily assess,
including mathematical reasoning, code reasoning,
general and logical reasoning, scientific reasoning,
and spatial reasoning. This overview is intended
to provide a practical reference for interpreting ex-
perimental results in the literature and for selecting
appropriate evaluation suites when developing or
analyzing reasoning SFT methods.

E Comparison between Reasoning SFT
and Non-Reasoning SFT

In the study of LLMs, instruct tuning and Reason-
ing SFT represent two distinct training paradigms.
Instruct Tuning focuses on enabling models to com-
prehend and execute a wide variety of human in-
structions directly; its outputs are typically final,
fluent textual responses tailored to specific tasks
such as creative writing, information extraction, or
general Q&A. Conversely, Reasoning SFT is dedi-
cated to cultivating the model’s deep logical think-
ing and problem-solving capabilities. Rather than
just delivering the final answer, it trains the model
to generate a structured "Chain of Thought" that
explicitly details the step-by-step analysis, mathe-
matical derivations, and self-correction processes
required to tackle complex mathematical, scientific,
or logical challenges. We provide a demonstration
of the two in Figure 2.

F Bridging Analytical Insights and
Methodological Design

To explicitly trace how empirical observations mo-
tivate methodological innovations, we outline four
key connections between our analytical findings
and the corresponding method designs:

Distributional Alignment Drives Data Refine-
ment. Section 4.1 show that LLM-paraphrased
CoTs outperform manual ones despite errors, indi-
cating that distributional alignment matters more
than surface correctness. These findings directly
motivate the data refinement methods in Section 3.
Self-alignment frameworks replace expert demon-
strations with the model’s own in-distribution gen-
erations, explicitly optimizing for distributional
alignment rather than importing off-policy trajecto-
ries.

Diversity Requirements Motivate Hybrid Tra-
jectory Augmentation. Studies in Section 4.1
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Instruction Tuning: Reasoning SFT:
Make a persuasive argument to pro-
mote recycling.

Let f(x) = 1 + x+ x2 + · · ·+ x100. Find f ′(1).

Recycling is an incredibly important
action that we must all take to
help preserve our planet for future
generations. By recycling, we can
reduce the amount of waste that
goes to landfills, conserve natural
resources and energy, and reduce
pollution from production of new
materials.

When we don’t recycle, our
garbage ends up in landfills where
it can take hundreds of years to
decompose. Landfills can release
harmful chemicals and greenhouse
gases, polluting the soil, air and
water. However, by recycling and
reusing materials, we minimize the
amount of garbage that ends up in
landfills, and therefore reduce the
potential harm it can cause to the
environment.

Recycling also helps conserve
our natural resources by reducing
the demand for new materials. For
example, recycling paper means
fewer trees need to be cut down,
and reusing metal and plastic means
less mining and oil extraction.
This, in turn, conserves energy,
minimizes deforestation and reduces
the environmental impact associated
with producing new materials.

Additionally, recycling also has a
positive impact on the economy. It
creates jobs in the recycling and
manufacturing industries, and re-
duces the costs of waste disposal for
companies and taxpayers. Recycling
is good for the environment and the
economy.

In conclusion, recycling is an
easy and effective way to take action
and make a difference for the future
of our planet. By simply separating
our recyclable materials and dispos-
ing of them properly, we can help
reduce waste, conserve resources,
and protect the environment. We all
have a part to play and every little
action counts. So, let’s make the
smart choice and recycle today for a
better tomorrow.

Step 1: Recognize the form of the function
This is a geometric series:

f(x) =
100∑

k=0

xk

This is the sum of a geometric series with first term 1, common ratio x, and 101
terms.
The sum of a finite geometric series is:

f(x) =
1− x101

1− x
for x ̸= 1

This is a standard formula for the sum of a finite geometric series.
Step 2: Differentiate the function
We differentiate the expression for f(x):

f(x) =
1− x101

1− x

We will use the quotient rule:

f ′(x) =
(1− x)2 · d

dx
(1− x101)− (1− x101) · d

dx
(1− x)

(1− x)2

Let’s compute the derivatives:
- d

dx
(1− x101) = −101x100 - d

dx
(1− x) = −1

Now plug these into the quotient rule:

f ′(x) =
(1− x)2(−101x100)− (1− x101)(−1)

(1− x)2

Simplify the numerator:

(1− x)2(−101x100) + (1− x101)

Now, evaluate this at x = 1:
Note that the original expression for f(x) uses a division by 1− x, which is zero at
x = 1, so the derivative formula is not directly valid at x = 1. Instead, we should
differentiate the original series directly, which is easier.
Step 3: Differentiate the series directly
We have:

f(x) =
100∑

k=0

xk

Differentiate term by term:

f ′(x) =
100∑

k=1

kxk−1

So:

f ′(1) =
100∑

k=1

k · 1k−1 =
100∑

k=1

k =
100 · 101

2
= 5050

Final Answer:

5050

Figure 2: Comparison of Instruction Tuning and Reasoning SFT.
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Task Type Benchmarks

Mathematical reasoning Text-only: GSM8K (Cobbe et al., 2021), MATH (Hendrycks et al., 2021b), MATH-401 (Yuan
et al., 2023), AIME24/25 (American Institute of Mathematics, 2024), AMC (Mathematical
Association of America, 2023), Olympiad Bench (He et al., 2024). Multi-modal: Math-
Vista (Lu et al., 2024a), MathVision (Wang et al., 2024a), Geometry3K (Lu et al., 2021),
GEOQA (Chen et al., 2021a), UniGEO (Chen et al., 2022), MathVerse (Zhang et al., 2024a),
We-MATH (Qiao et al., 2024).

Spatial reasoning Multi-modal: EmbSpatial-Bench (Du et al., 2024), Space3D-Bench (Szymańska et al., 2024),
SpatialRGPT-Bench (Cheng et al., 2024), SpatialVLM (Chen et al., 2024), VSI-Bench (Yang
et al., 2025c), OmniSpatial (Jia et al., 2025), 3DSRBench (Ma et al., 2025b), MathSpatial (Lu
et al., 2026b), Mmsi-bench (Yang et al., 2025f).

Scientific reasoning Text-only: MMLU-Pro (Wang et al., 2024d), GPQA (Rein et al., 2024), SuperGQPA (Du
et al., 2026), SciQ (Welbl et al., 2017), HLE (Phan et al., 2025), MatSciBench (Zhang et al.,
2025d), SciKnowEval (Feng et al., 2024). Multi-modal: ScienceQA (Saikh et al., 2022),
MMMU (Yue et al., 2024a), MMSciBench (Ye et al., 2025a).

Logical reasoning Text-only: LogiQA (Liu et al., 2020), AutoLogi (Zhu et al., 2025), ZebraLogic (Lin et al.,
2025a), ProofWriter (Tafjord et al., 2021), FOLIO (Han et al., 2024), PrOntoQA (Saparov
and He, 2023), CLUTTR (Sinha et al., 2019). Multi-modal: LogicVista (Xiao et al., 2024),
VisuLogic (Xu et al., 2025e), MuSLR (Xu et al., 2025d).

Code reasoning Text-only: SWE-bench (Jimenez et al., 2024), LiveCodeBench (Jain et al., 2025), Sec-
CodeBench (Chen et al., 2026c), APPS (Hendrycks et al., 2021a), MBPP (Austin et al., 2021),
HumanEval (Chen et al., 2021b), HumanEval+ (Liu et al., 2023), BigCodeBench (Zhuo et al.,
2025), NaturalCodeBench (Zhang et al., 2024b). Multi-modal: Design2Code (Si et al., 2025),
ChartMimic (Yang et al., 2025b), UniSVG (Li et al., 2025b).

Table 2: Representative benchmarks for evaluating reasoning capabilities.

highlight the importance of prompt and response
diversity for generalization, with purely imitative
training leading to overfitting and limited robust-
ness. This finding drives data augmentation meth-
ods such as GFT (Gan et al., 2024), which miti-
gates single-path dependency by pairing queries
with hybrid ensembles of expert, teacher, and self-
generated trajectories to actively enrich training
diversity.

Overfitting Risks Motivate Selective Token Opti-
mization. Section 4.3 indicate that excessive SFT
can compromise reasoning capabilities and lead to
poor generalization. These risks motivate token-
level interventions that constrain the scope and
intensity of SFT updates. Token-masking strate-
gies like SFTKey (Shi et al., 2025) restrict opti-
mization to answer tokens. Similarly, reweighting
methods such as DEFT (Wang et al., 2026g) and
VCORE (Gong et al., 2026) modulate per-token
gradients to prioritize high-entropy or high-loss to-
kens, selectively limiting the degree of behavioral
change imposed by SFT.

SFT-RL Complementarity Drives Integration
Methods. Section 4.3 reveal that SFT expands
the model’s capability boundary (Pass@k), while
RL refines solution quality through exploration.
This complementary relationship motivates the

SFT+RL integration methods: SRFT (Fu et al.,
2026) preserves exploration potential via entropy-
regularized SFT, and CHORD (Zhang et al., 2026c)
schedules smooth transitions from SFT to RL.

These four connections demonstrate how empirical
findings expose fundamental bottlenecks, which in
turn motivate specific methodological innovations.
By making these causal links explicit, we explain
not only what methods exist, but why they were
developed and how they address observed phenom-
ena.

G A Unified Taxonomy of Optimization
Objectives

To deeply dissect the structural disparities across
various optimization paradigms, Table 3, Table 4,
Table 5, Table 6, Table 7, and Table 8 systemati-
cally formalize the loss functions and gradient ex-
pressions of contemporary reasoning-oriented SFT
methodologies. By unifying these disparate for-
mulations into a standardized mathematical frame-
work, we crystallize the evolutionary trajectory
that spans from fine-grained gradient adjustments
(Token/Sample-Level) to macroscopic policy con-
straints (Distribution-Level). This taxonomy not
only provides an intuitive quantitative baseline
for comparing diverse optimization objectives, but
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also enables readers to clearly demarcate different
paradigms based on their data utilization strategies
(offline vs. online) and the mechanics of their SFT-
RL integration.

H Comparison with Existing Surveys

To better position our contributions and address
related literature, we provide a detailed comparison
between our work and existing related surveys in
Table 9.

Summary: Among 12 related surveys, none
provide systematic coverage of SFT methodology
for reasoning. Prior surveys either: (a) focus on
RL rather than SFT (Chen et al., 2025d; Xu et al.,
2025a; Zhou et al., 2025; Sun et al., 2025a), (b)
cover SFT only peripherally (Chen et al., 2025e;
Zhang et al., 2025b; Kumar et al., 2026; Li et al.,
2025g; Sun et al., 2025b; Wang et al., 2026d), (c)
focus on inference-time prompting (Plaat et al.,
2025), or (d) are domain-specific (Wang et al.,
2026d). Our survey fills this gap as the first dedi-
cated treatment of reasoning SFT methodology.

I Quantitative Meta-Analysis on a Shared
Baseline

We originally refrained from including a quantita-
tive meta-analysis because unconstrained cross-
paper comparisons are scientifically unreliable
due to vastly different base models, training
datasets, and evaluation setups across the lit-
erature. We were concerned that an uncurated
aggregation might present misleading conclusions
about relative method performance.

However, we agree with the reviewer that an em-
pirical synthesis adds substantial practical value.
To provide a rigorous and fair comparison, we
have now added a quantitative analysis fo-
cused strictly on methods sharing the exact
same baseline: Qwen2.5-Math-7B fine-tuned
on NuminaMath-CoT. We report their macro-
average performance across four shared bench-
marks (Minerva Math, OlympiadBench, AIME
2024, and AMC 2023), collecting results from the
DFT, RIFT, RASFT, and RANKTUNER papers.
Note that RFT* and RIFT* are evaluated as ex-
ceptions, as they train on self-generated responses
rather than the static NuminaMath-CoT annota-
tions.

Three main observations emerge from this syn-
thesis:

1. Modified SFT objectives do not guarantee
gains. EAFT (16.5) and ASFT (26.4) under-
perform vanilla SFT (26.8), highlighting that
the success of reweighting or regularization
heavily depends on how well its inductive bias
matches the task.

2. Early baselines remain remarkably strong.
Simpler, earlier methods like DFT (29.4) and
iw-SFT (32.0) outperform several recently
proposed, more complex variants. Chrono-
logical novelty does not strictly translate to
better performance.

3. Self-generated CoTs outperform external
trajectories. RFT* and RIFT*, which train
on self-generated responses, achieve the high-
est averages (30.7 and 35.6). This suggests
that self-generated trajectories better match
the model’s native policy distribution and are
therefore easier to internalize than externally
provided CoTs.

We note that these observations are derived
strictly from this specific model and dataset config-
uration, serving as an empirical reference rather
than universal conclusions.
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Table 9: Comparison of our survey with existing related surveys on reasoning and post-training.

Survey Primary Focus SFT Focus Algorithm-
Centric

Analytical
Findings

Time Coverage Key Distinction
from Our Work

Thinking Hats (Chen et al., 2025e) CoT fine-tuning
(SFT+RFT)

△ Partial
(SFT+RFT
together)

✗ No △ Limited
(cognitive
perspective)

Through 2024 Different
framework:
cognitive
psychology vs.
optimization
dynamics

100 Days After R1 (Zhang et al.,
2025b)

R1 replication
studies

△ Partial
(distillation focus)

✗ No △ Minimal (field
report)

Jan–Apr 2025 Different scope:
data-centric scope
vs. systematic
methodology

Towards Reasoning Era (Chen
et al., 2025d)

Long CoT
reasoning

✗ Minimal
(auxiliary to RL)

✗ No (RL-centric) △ Limited
(phenomena
description)

2024–early 2025 Different
paradigm:
RL-centric vs.
SFT-centric

SFT vs RL (Jiang et al., 2026a) Post-training
paradigms
comparison

△ Partial △ Light
(high-level
comparison)

✗ No 2022–2025 Different
specificity:
general
post-training vs.
reasoning-specific

LLM Post-Training (Kumar et al.,
2026)

Post-training
pipeline (FT, RL,
test-time)

△ Partial (one of
many)

△ Minimal
(pipeline view)

✗ No 2024–2025 Different
granularity:
pipeline overview
vs. SFT deep-dive

From System 1 to System 2 (Li
et al., 2025g)

Reasoning LLM
development

✗ Minimal ✗ No △ Limited
(benchmark focus)

2024–mid 2025 Different focus:
broad reasoning
LLM survey vs.
SFT methodology

Foundation Models Reasoning
(Sun et al., 2025b)

Multimodal
reasoning
paradigms

✗ Minimal ✗ No △ Limited
(descriptive
taxonomy)

Pre-2024 Different scope:
multimodal
reasoning
applications vs.
SFT training
methods

Mathematical Reasoning (Wang
et al., 2026d)

Math reasoning
domain

△ Partial (not
focus)

✗ No △ Minimal Pre-2025 Different domain:
math-specific vs.
general reasoning;
no SFT
methodology
focus

Multi-Step Reasoning (Plaat et al.,
2025)

In-context learn-
ing/prompting

✗ Minimal △ Yes (prompt
algorithms)

△ Limited 2021–2024 Different stage:
inference-time
prompting vs.
training-time SFT

Toward Large Reasoning Models
(Xu et al., 2025a)

RL for reasoning
(“Reinforced
Reasoning”)

✗ Minimal (SFT
as prerequisite)

✓ Yes (RL
algorithms)

△ Limited Early 2024–Feb 2025 Complementary:
RL-centric (they
cover RL, we
cover SFT)

Reinforced MLLM (Zhou et al.,
2025)

RL-based
multimodal
reasoning

✗ No (RL only) △ Yes (RL for
MLLM)

✗ No 2024–2025 Different modality:
multimodal +
RL-only vs. LLM
SFT focus

RFT for MLLMs (Sun et al.,
2025a)

Reinforcement
Fine-Tuning for
MLLMs

✗ No (RFT only) △ Yes (RL for
MLLM)

✗ No 2024–2025 Different modality:
multimodal + RFT
vs. LLM SFT

Our Survey SFT for
reasoning

✓✓ Exclusive
focus

✓✓ Core
contribution

✓✓ Systematic
organization

Jul 2024–May 2026 First dedicated
reasoning SFT
methodology
survey

Legend: ✗ No / Minimal △ Limited / Partial ✓ Yes / Significant ✓✓ Heavy / Core focus
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Table 10: Quantitative comparison of methods sharing the Qwen2.5-Math-7B fine-tuned on NuminaMath-CoT.

Method GSM8K MATH Minerva Olympiad AIME 2024 AMC 2023 Avg. over 4

No training 54.8 50.3 14.4 16.4 12.1 36.9 20.0
EAFT – – 20.2 19.0 2.5 24.2 16.5
ASFT – 65.8 24.1 29.3 9.0 43.3 26.4
SFT 71.1 60.9 21.8 32.9 9.2 43.4 26.8
ProFiT – 68.5 28.7 31.4 7.1 44.1 27.8
DFT 87.0 70.6 30.2 33.8 8.6 45.0 29.4
RASFT – 70.7 30.0 33.0 8.8 45.8 29.4
TALR – – 35.7 32.9 6.7 43.4 29.7
RFT* 83.3 69.8 21.3 31.3 11.2 58.8 30.7
iw-SFT – 70.3 25.7 34.5 16.5 51.1 32.0
RANKTUNER – – 38.3 36.3 10.2 46.6 32.9
RIFT* 86.3 74.7 28.9 34.1 17.1 62.2 35.6

27273


