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Abstract

Post-training for Large Language Models (LLMs)
can be mainly categorized into offline Super-
vised Fine-Tuning (SFT) for knowledge acquisi-
tion and online Reinforcement Fine-Tuning (RFT)
for adaptive refinement. Current state-of-the-art
approaches typically employ a sequential cold-
start pipeline (SFT-Then-RFT). However, we ar-
gue that this disjoint transition imposes an “align-
ment tax”, leading to catastrophic forgetting and
reward hacking during the unregularized explo-
ration phase. In this work, we advocate for
Joint Online-Offline Fine-Tuning as a superior
paradigm that breaks the convention of restrict-
ing offline data to SFT and online data to RFT.
By integrating full offline response generation with
online rollouts—particularly within the realm of
Reinforcement Learning with Verifiable Rewards
(RLVR)—this approach mitigates the limitations
of isolated training phases. We provide the first
comprehensive survey focusing specifically on the
synchronization of data provenance. We intro-
duce a novel taxonomy for related works, analyze
their theoretical advantages in balancing stability
with plasticity, and outline a roadmap for next-
generation post-training frameworks.

1 Introduction
Supervised Fine-Tuning (SFT) establishes the cornerstone of
Large Language Models (LLMs) post-training. By minimiz-
ing the negative log-likelihood on curated offline datasets,
SFT aligns models with human intent and instills foun-
dational instruction-following capabilities. This paradigm
leverages high-quality demonstrations to “cold-start” the pol-
icy with expert priors. However, standard SFT is fundamen-
tally constrained by its static nature: it suffers from distribu-
tion shifts between training and inference and lacks the ex-
ploratory mechanism required to surpass the capabilities of
the data annotators, effectively placing a performance ceiling
defined by the offline supervision.
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To transcend these limitations, Reinforcement Fine-Tuning
(RFT) introduces online interaction, refining model behavior
through rollouts guided by reward signals. particularly in do-
mains with ground-truth verification like math or code—often
framed as Reinforcement Learning with Verifiable Rewards
(RLVR)—RFT fosters adaptive learning and self-correction.
By actively exploring the generation space, the model can dis-
cover novel solution paths absent in the offline corpus. Yet,
pure RFT faces significant challenges, including high sample
variance, training instability, and the risk of reward hacking,
where models exploit verifiers rather than developing robust
reasoning chains.

The prevailing consensus seeks to combine these
paradigms, typically manifesting as an asynchronous, multi-
stage pipeline: SFT-Then-RFT. In this sequential regime,
exemplified by large reasoning models, SFT provides the
necessary behavioral initialization (e.g., injecting Chain-of-
Thought patterns), which is subsequently refined through RL-
driven exploration. Despite its popularity, this rigid sequen-
tiality imposes a significant “alignment tax” [Ouyang et al.,
2022]. The disjoint transition from supervised imitation to
reinforcement learning often triggers catastrophic forgetting
[Luo et al., 2025], degrading general linguistic proficiency.
Furthermore, without the continuous regularization of offline
expert priors during the RFT phase, exploration becomes brit-
tle and susceptible to mode collapse.

In response to these inefficiencies, a paradigm shift is
emerging towards joint online-offline fine-tuning. Unlike
cold-start strategies that segregate data usage by stage, this
paradigm integrates offline demonstrations and online roll-
outs into a unified optimization objective. By jointly leverag-
ing the stability of offline expert priors and the adaptability of
online exploration, these methods mitigate catastrophic for-
getting while accelerating convergence. This way effectively
bridges the gap between offline learning (exploiting historical
repositories) and online learning (interacting with environ-
ments), offering a robust pathway for holistic post-training.

Despite the transformative potential of this integration,
joint online-offline fine-tuning remains underexplored in ex-
isting literature. Current surveys primarily focus on SFT or
RFT in isolation [Liu et al., 2025b; Kumar et al., 2025],
or treat their combination strictly as a sequential hand-off
[Zhang et al., 2025a], lacking a systematic formulation of the
unified perspective proposed herein. To bridge this gap, this

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



work advocates for joint online-offline fine-tuning as a piv-
otal direction for next-generation LLM post-training. We aim
to answer: How can offline stability and online adaptability
be mathematically and empirically unified?

Our contributions are summarized as follows: (1) We pro-
vide a comprehensive review of existing paradigms, system-
atically dissecting the mechanisms and limitations of isolated
SFT, isolated RFT, and disjoint SFT-Then-RFT pipelines. (2)
We introduce a structured taxonomy for joint online-offline
methodologies, analyzing how recent works decouple data
usage from training stages to achieve unified optimization.
(3) We discuss critical applications and future research direc-
tions, identifying the technical barriers that must be overcome
to fully realize the potential of this integrated paradigm.

2 Related Work
The rapid evolution of LLMs has catalyzed a comprehensive
body of literature summarizing post-training methodologies.
To demarcate the distinct contributions of this work, we cate-
gorize existing surveys into three primary streams and delin-
eate the critical research gap this survey addresses. A com-
parative summary is provided in Table 1.

2.1 Existing Surveys
Surveys on General Post-Training. Broad overviews [Ku-
mar et al., 2025; Tie et al., 2025] systematically re-
view the LLM lifecycle from pre-training to Supervised
Fine-Tuning (SFT) and Reinforcement Learning from Hu-
man Feedback (RLHF). While these works offer exten-
sive breadth—covering reasoning capabilities [Kumar et al.,
2025] and scaling laws [Lai et al., 2025]—they predomi-
nantly adopt a modular perspective. They characterize SFT
and RFT as sequential, independent stages (e.g., the standard
“SFT-then-RLHF” pipeline), thereby overlooking the algo-
rithmic synergies between offline data utilization and online
exploration. Consequently, these paradigms are often pre-
sented as mutually exclusive alternatives rather than comple-
mentary components of a unified system.

Surveys on RLHF and Alignment. A second stream fo-
cuses on the mechanics of alignment and reward model-
ing [Kaufmann et al., 2023; Wang et al., 2024]. These works
elucidate the mathematical underpinnings of Reward Mod-
eling (RM) and policy optimization, contrasting algorithms
(e.g., PPO vs. DPO) or feedback modalities (e.g., RLAIF
vs. RLHF). Recent studies [Ji et al., 2026] further categorize
progress through the lens of reward design. However, these
surveys largely operate under a static data regime: DPO is
typically discussed strictly as an offline method, while PPO
is framed purely as an online method. They rarely address the
emerging class of joint approaches that blur these boundaries,
such as online iterative DPO or synchronous replay strategies.

Surveys on Instruction Tuning. Literature centered on in-
struction tuning [Zhang et al., 2026a; Han et al., 2025] em-
phasizes data engineering, curriculum learning, and instruc-
tion synthesis. While these surveys underscore the critical
role of offline data quality, they typically stop short of dis-
cussing how such static priors can be dynamically integrated

into RL loops to mitigate catastrophic forgetting during ex-
ploration.

2.2 Our Scope: The Joint Online-Offline Paradigm
Distinct from prior works, this survey pivots the analyti-
cal lens from algorithmic selection to structural integration.
Specifically, we distinguish ourselves by: (1) Taxonomizing
by Data Interaction, categorizing methods into Disjoint vs.
Joint strategies rather than by loss functions; (2) Focusing
on Synergy, analyzing the reciprocal stabilization between
offline priors and online exploration; and (3) Bridging the
Gap, reviewing unified objectives that chart the path for next-
generation post-training.

3 Preliminary
We formalize the post-training of LLMs through the lens of
data distribution dynamics. Let X denote the prompt space
and Y the response space. A policy πθ(y|x) maps prompts
to a probability distribution over responses. The fundamental
bifurcation among existing paradigms lies in the dependency
of the training data distribution on the evolving policy πθ.

3.1 Offline Fine-tuning
Offline SFT. Standard instruction tuning is formally equiv-
alent to behavioral cloning. The objective minimizes the neg-
ative log-likelihood of expert demonstrations:

LSFT(θ) = −E(x,y)∼Doffline [log πθ(y|x)] (1)

While sample-efficient, offline SFT suffers from distribution
shift. During inference, the model may drift into states unde-
fined by the training support, leading to error accumulation
[Ouyang et al., 2022].
Offline RFT. Methods such as Direct Preference Optimiza-
tion (DPO) align models using a static set of preference
pairs Dpref = {(x, yw, yl)}. The objective typically opti-
mizes a classification loss based on the Bradley-Terry model
[Rafailov et al., 2023]:

LDPO(θ) = −E(x,yw,yl)∼Dpref

[
log σ

(
β log πθ(yw|x)

πref(yw|x) − β log πθ(yl|x)
πref(yl|x)

)]
(2)

Since πθ does not interact with the environment, strictly of-
fline methods are prone to over-optimization, often failing to
generalize to out-of-distribution prompts [Xu et al., 2024].

3.2 Online Fine-tuning
Online learning introduces dynamic distribution shifts. At
training step t, data is generated by the current policy πθt
interacting with the environment (or a reward function R),
allowing the model to actively explore the output space Y .
Online SFT (Iterative SFT). Often referred to as Rejec-
tion Sampling Fine-Tuning, this method approximates an
Expectation-Maximization (EM) procedure. For a prompt x,
the policy generates candidates, and a verifier selects the op-
timal response y∗ based on reward R(x, y). The policy is to
maximize the likelihood of these high-reward samples:

LIter-SFT(θ) = −Ex∼DpromptEy∗∼p(·|x,πθold ,R) [log πθ(y
∗|x)] (3)

where p(·|x, πθold , R) denotes the distribution of filtered re-
sponses selected by the reward function [Yuan et al., 2024].
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Survey Category Taxonomy Basis View on Integration Data Strategy Core Limitation

General Post-Training By Training Stage Sequential Pipeline Isolated Phases Ignores algorithmic synergy
(e.g., [Kumar et al., 2025]) (Pretrain → SFT → RL) (SFT initializes RL) (Static → Dynamic) (Treats SFT/RL as separate tasks)

RLHF & Alignment By Algorithm/Objective Reward Optimization Online-Dominant Lacks offline stabilization
(e.g., [Kaufmann et al., 2023]) (PPO vs. DPO vs. RLAIF) (Max Reward) (Focus on Rollouts) (Neglects catastrophic forgetting)

Instruction Tuning By Data Engineering Behavior Cloning Offline-Only No exploration capability
(e.g., [Zhang et al., 2026a]) (Data Selection, Synthesis) (Min Loss) (Static Datasets) (Upper-bound by data quality)

Ours (This Work) By Coupling Mechanism Joint Synergy Synchronous Co-flow –
(Disjoint vs. Joint) (SFT ↔ RL Cycle) (Offline + Online) (Unified Framework)

Table 1: Ecological position of this survey. Unlike prior works that categorize methods by training stages or specific algorithms, we introduce
a taxonomy based on the structural coupling of data streams, highlighting the shift from sequential pipelines to joint synergy.

Online RFT. Methods like PPO and GRPO directly opti-
mize the expected reward over the policy’s trajectory:

JRFT(θ) = Ex∼Dprompt,y∼πθ(·|x) [R(x, y)− βDKL(πθ||πref)] (4)

Online RFT facilitates exploration, effectively addressing the
generalization limits of offline learning, but is notoriously
sample-inefficient and sensitive to hyperparameter tuning.

3.3 Disjoint Online-Offline Fine-tuning
To bridge the gap between static instruction following and
dynamic environment interaction, hybrid strategies have
emerged. The core motivation is to combine the stability of
offline priors with the exploration of online learning. How-
ever, prevalent approaches typically treat these data sources
as mutually exclusive optimization phases. We categorize
these methods as disjoint strategies, where the gradient up-
date at any timestep t is derived exclusively from either of-
fline or online objectives, strictly preventing the fusion of su-
pervision signals.
The Disjoint Formulation. Formally, disjoint fine-tuning
decomposes the learning process into non-overlapping stages.
Let T be the total training steps. The training schedule par-
titions T into subsets Toff and Ton, such that Toff ∩ Ton = ∅.
The update rule toggles between distinct loss landscapes:

θt+1 ← θt − η · ∇θL(θt), where L ∈ {LSFT,LRFT} (5)

This formulation encompasses both coarse-grained (Sequen-
tial) and fine-grained (Interleaved) separation paradigms.
Sequential Integration (SFT-Then-RFT). The most stan-
dard practice strictly decouples the process into two phases.

Phase 1 (Offline Initialization): The model minimizes
LSFT on Doffline to obtain a reference policy πref.

Phase 2 (Online Alignment): The model switches perma-
nently to minimizing LRFT using online trajectories.

This “Cold Start” strategy assumes that Phase 1 provides
sufficient structural pre-conditioning. However, the rigid sep-
aration often leads to the “alignment tax” where the aggres-
sive distribution shifts in Phase 2 degrade the general capa-
bilities acquired in Phase 1.
Interleaved Integration (SFT-Alternating-RFT). Recent
works seek to mitigate the forgetting problem by alternat-
ing between phases at a finer granularity [Yan et al., 2025;
Yuan et al., 2025a]. These methods maintain a dynamic re-
play buffer Dbuffer. The training iterates through cycles:

Online Collection: Run Online RFT and populate Dbuffer
with hard or high-value samples.

Offline Replay: Pause exploration and run Offline SFT on
Dbuffer to consolidate knowledge.

Although this approach improves data efficiency, the opti-
mization remains asynchronous: the model still oscillates be-
tween conflicting objectives, creating a “seesaw effect” where
stability and exploration trade off against each other rather
than synergizing in real-time.
Deficiencies of Disjoint Optimization. The fundamental
limitation of disjoint fine-tuning lies in the temporal isola-
tion of supervision signals. (1) During offline updates, the
model lacks feedback on its current policy’s hallucinations.
(2) During online updates, the absence of direct supervision
risks catastrophic forgetting and mode collapse [Jin et al.,
2025]. These challenges necessitate a joint learning frame-
work for LLMs where offline constraints and online explo-
ration are integrated synchronously.

4 Taxonomy
Building upon the above limitations, this motivates a shift
from when to how offline and online data are integrated. Joint
online-offline fine-tuning directly couples offline supervision
and online exploration within a single optimization process.
Such coupling enables real-time interaction between expert
priors and policy-induced data.

As shown in Figure 1, we show the taxonomy of joint
online-offline fine-tuning based on the workflow which in-
cludes SFT, RFT, hybrid fine-tuning (HFT) and alternating
fine-tuning (AFT). Offline and online data is integrated into
a unified framework. Joint online-offline learning is then di-
rectly implemented via a single-stage optimization process.
We also summarize the datasets, objectives and involved
models of these works in Table 2.

4.1 Joint Online-Offline SFT
Learning solely from static offline data in standard SFT
can lead distribution shift which undermines LLMs self-
correction. In joint online-offline SFT, recent studies have re-
examined SFT framework. Rather than modifying the stan-
dard likelihood-based training objective, these methods focus
on reshaping the construction and interpretation of supervi-
sion signals with online and offline data. Because of different
negative log-likelihood shape drivers, existing works can be
broadly categorized into two directions in Figure 2:
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Data-Shaped

RL-Shaped

Trajectory Substitution

Prefix Hint

Token Substitution

Contextual Hint

Explicit Fusion

Implicit Fusion

SDFT [Yang et al., 2024], S3FT [Gupta
et al., 2025], JSFT [Lee et al., 2024]

OTR [Ming et al., 2025], SRL [Deng et
al., 2025], RFT/IRFT [Li et al., 2024]

LUFFY [Yan et al., 2025], RL-PLUS [Dong
et al., 2025], AMPO [Yuan et al., 2025b]

Prefix-RFT [Huang et al., 2025b], G2RPO-
A [Guo et al., 2025], BREAD [Zhang et

al., 2025c], StepHint [Zhang et al., 2025b]

MENTOR [Jiang et al., 2026]

ICPO [Huang et al., 2025a]

SuperRL [Liu et al., 2025d], AMFT [He et al.,
2025], BRIDGE [Chen et al., 2025b], CHORD
[Zhang et al., 2026b], SRFT [Fu et al., 2025]

UFT [Liu et al., 2025c], SEELE [Li et al., 2025]

HPT [Lv et al., 2025], SASR [Chen et al., 2025a]
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Figure 1: Overview of joint online-offline fine-tuning methods.

Data-Shaped SFT. Arising from data engineering, the
minimal design is to mix distinct samples. A series of works
unifies offline and online SFT which depend on data source to
maintain the standard SFT loss. They align and amplify the
model’s inherent knowledge structure under the constraint of
external expert knowledge. This facilitates a learning process
driven by LLMs self-consistency, moving away from forced
imitation of offline data distributions toward a more natural
alignment with the model’s pre-existing capabilities:
LData-Shaped SFT(θ) = −Ex∼Doffline,y∼(πθold

,Doffline) [log πθ(y|x)] (6)

SDFT [Yang et al., 2024] rewrites offline expert traces to
generate distilled responses. These distilled responses are
evaluated with simple heuristic rules to decide whether they
can replace the original expert responses for standard SFT.
S3FT [Gupta et al., 2025] follow SDFT and use a judge to
evaluate whether the self-generation is equivalent to the ex-
pert response. JSFT [Lee et al., 2024] merge standard of-
fline SFT data with preference judgment examples. LLM acts
as the judge by itself. LLM performs pairwise preference
comparisons between offline collections and online rollouts
to choose better responses for SFT.
RL-Shaped SFT. Simple data-driven pattern struggle to
capture differences in solution quality between offline and on-
line data. These methods reconceptualizes standard SFT as an
optimization process constrained by RFT principle. This per-
spective effectively understand SFT under a RL framework to
rectify optimization biases. Consequently, while the supervi-
sion signal remains formally grounded in likelihood learning,
its semantics are elevated to a strategy optimization process
that is more stable and generalizable:
LRL-Shaped SFT(θ) = −Ex∼Doffline, y∼(πθold ,Doffline)

[∑t
i=1 wt log πθ(yt | x, y<t)

]
(7)

wt is used to characterize the components (reward, advantage,
or importance sampling) in RL. When wt = 1, this objec-
tive naturally degenerates into standard SFT. OTR [Ming et

al., 2025] treats each token generation step in the autoregres-
sive generation process of LLM as an independent, single-
step RL trajectory. OTR samples multiple candidate tokens
from the distribution of the current policy, and uses the of-
fline tokens to provide a reward signal for the candidate to-
kens. SRL [Deng et al., 2025] trains model to generate in-
ternal inferential monologues before performing each action,
and based on the similarity between model actions and ex-
pert actions, provides smoother rewards in a stepwise man-
ner. This supervisory signal can provide a richer learning sig-
nal even when all rollouts are incorrect, while encouraging
flexible inference guided by expert demonstrations. RFT and
IRFT [Li et al., 2024] utilize the inverse reinforcement learn-
ing, taking offline data as the positive alignment target and
the model’s self-generation as the contrastive negative exam-
ple. This method enables the model to learn rewards from the
demonstration dataset and improve SFT for alignment.

Takeaway #1. These methods are particularly well-suited
for scenarios where LLMs have acquired robust foundational
capabilities. Under such circumstances, they can further
tap into the LLMs latent capabilities while preserving high
sample efficiency. However, if LLMs are insufficient, they
will struggle to systematically correct the fundamental biases.
Worse still, they may amplify existing errors and preferences
during the self-generation process. They are more suitable
as means for refining capabilities and enhancing align-
ment in the middle and late stages of LLMs development.

4.2 Joint Online-Offline RFT
For challenging problems, frequent reasoning failures cause
most sampled paths to collapse to zero-reward. In joint
online-offline RFT, these methods interleave online rollouts
with selectively injected offline collections in each group,
thereby preserving the exploratory of online RFT while sta-
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Method Applicability Works Datasets Objectives Models

Joint SFT Sample quality control

SDFT GSM8K/OpenFunction/Magicoder/LIMA SFT LLaMA2
S3FT GSM8K/MBPP/NQ SFT Mistral-Instruct-v2
JSFT Anthropic-HH/UltraFeedback SFT+DPO LLaMA2
OTR OpenR1-Math-220k

/

Qwen2.5/Qwen3
SRL s1K-1.1 Qwen2.5
RFT Anthropic-HH pythia
IRFT Ultrachat200k pythia/zephyr

Joint RFT Sparse reward

LUFFY OpenR1-Math-220k

GRPO

Qwen2.5/LLaMA3.1
RL-PLUS OpenR1-Math-220k Qwen2.5/LLaMA3.1/DeepSeek-Math

AMPO OpenR1-Math-46k-8192 Qwen2.5/LLaMA3.2
Prefix-RFT OpenR1-Math-220k Qwen2.5/LLaMA3.1
G2RPO-A OpenR1-Math-220k/Verifiable-Coding-Problems-Python Qwen3/DeepSeek-Math/DeepSeek-Code
StepHint DAPO-Math-17K/DeepMath Qwen2.5
BREAD NuminaMath-CoT Qwen2.5

MENTOR MATH/OpenR1-Math-220k Qwen2.5/LLaMA3.1
ICPO OpenR1-Math-220k/Skywork-OR1-RL-Data Qwen3

Joint HFT Discontinuous signal

SuperRL GSM8K/MetaMath/PRM12K/LIMO/OpenR1/MetaMath

SFT+GRPO

Qwen2.5/LLaMA3.2
AMFT OpenR1-Math-46k-8192 Qwen2.5-Math

BRIDGE LIMR/MATH Qwen2/Qwen2.5/LLaMA- 3.2
CHORD OpenR1-Math-220k Qwen2.5

SRFT OpenR1-Math-46k-8192 Qwen2.5-Math
UFT Countdown/MATH/Logic Qwen2.5/LLaMA3.2

SEELE DeepMath-103K Qwen2.5

Joint AFT Real-time scheduling HPT OpenR1-Math-46k-8192 SFT+GRPO Qwen2.5-Math/LLaMA3.1
SASR GSM8K/MATH/KK Qwen2.5/DeepSeek-R1-Distill-Qwen

Table 2: Summary of the datasets, objectives, and involved models of joint online-offline fine-tuning works.

bilizing optimization through anchored supervision:

JJoint RFT(θ) = λonline · E(x,y)∼Donline

 1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

M(i)
t,on︸ ︷︷ ︸

Mask

·Fon

(
ρ
(i)
t,on, Â

(i)
t,on

)
+ λoffline · E(x,y)∼Doffline

 1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

M(i)
t,off︸ ︷︷ ︸

Mask

·Foff

(
ρ
(i)
t,off , Â

(i)
t,off

)
(8)

where λ is a weighting coefficient controlling the trade-off
between modes, M serves as a token-level routing mask to
explicitly identify whether the data source is online or of-
fline, while F , ρ, and Â represent the mode-specific objec-
tive function, importance sampling ratio, and group-relative
advantage, respectively. Owing to the granularity of integrat-
ing offline data into online rollouts, existing works can be
broadly categorized into four directions in Figure 2:
Trajectory Substitution. A common strategy among these
approaches is to directly substitute part of each rollout group
with offline trajectories. Specifically, LUFFY [Yan et al.,
2025] substitutes one trajectory in each online rollout group
with the offline response generated by an expert model, ex-
tending the RFT framework to avoid overly rapid conver-
gence and entropy collapse. RL-PLUS [Dong et al., 2025] re-
fines the objective of LUFFY by introducing Multiple Impor-
tance Sampling and an Exploration-Based Advantage Func-
tion. Instead of always injecting one type of offline expert tra-
jectories, AMPO [Yuan et al., 2025b] leverages several types
of offline data from multiple expert models, and dynamically
decides when and how strongly to apply expert supervision
based on online reward signals.
Prefix Hint. Different from directly bringing complete ex-
pert data, these methods guide policy learning by condition-
ing rollouts on offline reasoning prefixes and letting LLMs
complete the remaining steps autonomously. Inspired by
LUFFY, Prefix-RFT [Huang et al., 2025b] replaces offline

full-trajectory hints with partial prefixes, allowing the model
to complete rollouts conditioned on these prefixes. It employs
cosine decay to gradually reduce the hint length from a high
initial value to near zero over the course of training. BREAD
[Zhang et al., 2025c] inserts prefix hint when self-generated
traces fail until ensuring at least one successful path. G2PRO-
A [Guo et al., 2025] extends this idea by dynamically adjust-
ing the guidance length based on the average reward from
previous training steps and further investigates how the num-
ber of trajectories receiving prefix hints within each rollout
group affects training performance. StepHint [Zhang et al.,
2025b] goes even further by providing multiple levels of guid-
ance for a single sample. It segments the CoT trajectory into
steps based on token entropy and offers step-level prefix hints,
where varying the number of hinted steps yields fine-grained
control over guidance strength.

Token substitution. When the distributional gap between
offline reference and online response becomes large, direct
trajectory-level guidance may destabilize RFT. This way re-
stricts expert intervention to token-level corrections. MEN-
TOR [Jiang et al., 2026] observes that overly strong supervi-
sion can suppress policy exploration, leading to issues such as
entropy collapse. To address this, MENTOR proposes a dy-
namic correction mechanism: during rollout, an expert model
computes logits in parallel for each token generated by the
training model. If the divergence between the two sets of log-
its exceeds a dynamic threshold and indicates that the training
model has deviated from the desired distribution, the expert’s
logits are used to correct the problematic tokens.

Contextual Hint. Instead of intervening in rollouts, offline
in-context learning (ICL) can provide soft guidance. ICPO
[Huang et al., 2025a] induces rollout by including questions
and corresponding offline expert responses as few-shot exam-
ples in the prompt.
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Figure 2: Workflows of joint online-offline fine-tuning.

Takeaway #2. By injecting dense offline supervision into
rollout at different granularities, these methods trade some
exploration and long-term adaptability for improved stabil-
ity, efficiency, and convergence reliability. Actually, they can
be regarded as controlled trade-off. Notably, this pipeline
may be sensitivity to data selection criteria, and interven-
tion frequency. Therefore, they are particularly well suited
to sparse-reward tasks, and settings where high-quality
demonstrations are available but cannot fully specify the
desired behavior space.

4.3 Joint Online-Offline HFT
The training signal between SFT and RFT is inherently dis-
continuous. In joint online-offline HFT, offline SFT and on-
line RFT are co-activated within a single training loop. Both
workflows are coupled through the structured, training-time
coordination mechanism with their influence regulated:

LJoint HFT(θ) = λofflineLSFT(θ)− λonlineJRFT(θ) (9)
where λonline and λoffline respectively is the fusion weight of
online and offline learning objectives. Existing works can be
broadly categorized into two directions in Figure 2:
Explicit Fusion. These works integrates offline and online
fine-tuning through explicit objective-level strategy, treating
offline SFT and online RFT as jointly optimized components.
One of the key points lies in the weight control. SuperRL [Liu
et al., 2025d] adopts reward-gated instance-level objective fu-
sion, prioritising RL updates when reward signals exist and
adaptively strengthening SFT supervision only when explo-
ration fails. AMFT [He et al., 2025] formulates the SFT–RL

balance as a bi-level optimisation problem, using a meta-
gradient controller to proactively learn optimal loss weights
and schedule a smooth transition from imitation to explo-
ration. BRIDGE [Chen et al., 2025b] formulates SFT–RL in-
tegration as a bilevel optimization problem, where supervised
learning acts as an upper-level controller that meta-learns how
to guide lower-level RL updates by explicitly maximizing
cooperative gain, enabling adaptive and principled objective
fusion throughout training. CHORD [Zhang et al., 2026b]
reframes SFT as a dynamically weighted auxiliary objective
within RL, combining global and token-wise control to har-
monise online and offline learning while mitigating overfit-
ting under distribution shift. Unlike the above methods that
maintain a strict separation in HFT—offline data for SFT and
online data for RFT, SRFT [Fu et al., 2025] leverages offline
data for both SFT and RFT with the entropy-aware weighting.

Implicit Fusion. By operating entirely at the input and be-
havior level, implicit fusion avoids complex loss coupling.
UFT [Liu et al., 2025c] unifies SFT and RL by appending
partial expert reasoning as hint prefixes and gradually anneal-
ing their length, while incorporating prefix likelihood into the
RL objective to reduce training–inference distribution shift.
SEELE [Li et al., 2025] introduces a capability-adaptive hint
scaffolding strategy that dynamically adjusts solution prefix
length via multi-round sampling to maintain training diffi-
culty near an optimal learning regime.

Takeaway #3. These methods continuously adjust the rel-
ative influence of offline and online signals and better con-
nect SFT and RFT. They are better for situations where the
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challenge is not the absence of supervision or rewards, but
how strongly each should influence learning. The shared
limitation also stems from this design choice. Their perfor-
mance is highly sensitive to this balance. Miscalibration can
lead to over-reliance on demonstrations, suppressed explo-
ration, or conversely, premature exposure to noisy rewards
and unstable updates.

4.4 Joint Online-Offline AFT
To better independently design SFT and RFT, in joint online-
offline AFT, signal-driven scheduling rather than isolated-
stage interleaved pipelines interchangeably employ offline
SFT and online RFT in Figure 2 in a single stage. SFT
and RFT are complementary gradient sources within a single
training process. The key point lies in using online training
signals to decide when offline supervision should intervene:

LJointAFT (θ) = αt · LSFT (θ)− (1− αt) · JRFT (θ) (10)

αt ∈ {0, 1} at training iteration t to decide SFT or RFT.
HPT [Lv et al., 2025] theoretically derives the gradient es-
timators of various post-training algorithms and further dy-
namically switches offline SFT and online RFT with online
reward feedback. Apart from reward-based selection, SASR
[Chen et al., 2025a] schedules SFT and RFT in a gradient-
level. It demonstrates a high correlation between divergence
from the expert policy and gradient norm, implying that mon-
itoring the LLMs training status can adjust the ratio of SFT
steps to GRPO steps.

Takeaway #4. In essence, adaptive scheduling provides a
powerful mechanism to coordinate and isolate imitation and
exploration on real-time training indicators. This enables
LLMs to benefit from offline guidance without constraining
exploration unnecessarily. But their effectiveness depends
critically on the design of the switching or adaptation criteria.
They are suited to datasets with widely varying difficulty
and knowledge distribution.

5 Applications
5.1 Multi-modal Reasoning
In the multi-modal reasoning domain, as a joint online-offline
AFT pipeline, DyME [Liu et al., 2025a] takes RFT as the pri-
mary objective and employs a selective supervision strategy
in which SFT updates are triggered only when rollout trajec-
tories fail to obtain positive rewards. This approach success-
fully mitigates advantage collapse of small vision-language
models on vision reasoning tasks.

5.2 Vertical Domain
In the specialized vertical domain, MentraSuite [Xiao et al.,
2025] advances mental health reasoning within a hybrid fine-
tuning, enforcing clinical consistency across diagnosis and
intervention tasks. TaoSR-AGRL [Yang et al., 2026] fol-
lows the joint online-offline RFT and addresses e-commerce
relevance challenges by utilizing an adaptive guided replay
mechanism that dynamically steers online learning using of-
fline trajectories when autonomous exploration stagnates.

6 Future Directions
Competence-Aware Data Routing. Poor sample effi-
ciency often stems from a mismatch between data freshness
and policy competence. While offline data provides stable
expert priors, online data reflects the model’s evolving induc-
tive biases. We argue that joint fine-tuning implicitly per-
forms data-level curriculum learning: offline samples anchor
the policy in stable regions, while online samples densify
coverage near decision boundaries where learning progress
is maximal. Future work should formalize this via data rout-
ing, where the contribution of offline versus online gradients
is adaptively weighted based on real-time metrics (e.g., policy
uncertainty or value estimation error). This allows the model
to dynamically shift focus from imitating priors to exploring
novel trajectories as its competence matures.
Latent Reward Priors and Shaping. In online RFT (par-
ticularly RLVR), valid reasoning paths are scarce, leading to
zero-reward trajectories. Here, offline data should function
less as rigid imitation targets and more as dense reward shap-
ing mechanisms. Joint fine-tuning mitigates sparsity by in-
jecting dense supervision signals, derived from offline like-
lihoods, directly into the reinforcement process. A promis-
ing direction is to treat offline data as a latent reward prior
that regularizes policy updates under partial feedback. This
framework effectively reshapes the optimization landscape,
constraining exploration to regions supported by expert struc-
tures. Crucially, future research should explore annealing
strategies, where offline priors are gradually decayed as on-
line reward density increases, enabling a smooth transition
from guided learning to autonomous discovery.
Imitation and Generalization Balance. The imitation and
generalization trade-off is fundamentally a state-dependent
property rather than a global hyperparameter. Early in
training or under high uncertainty, imitation provides low-
variance gradients to stabilize learning; as competence in-
creases, excessive imitation constrains expressivity, making
exploration more valuable. Joint fine-tuning enables the pol-
icy to navigate this continuum. We envision future research
framing this as a meta-decision problem, where the model (or
a meta-controller) learns not only the task solution but also
when to rely on demonstrations versus self-discovery. Mov-
ing toward such self-regulating post-training paradigms, po-
tentially via meta-learning objectives, remains a critical fron-
tier for achieving human-transcending intelligence.

7 Conclusion
In this survey, moving beyond the conventional dichotomy
between offline SFT and online RFT, we identify joint online-
offline fine-tuning as a principled paradigm that fundamen-
tally rethinks how expert priors and on-policy exploration
should interact during learning. Importantly, our analysis
highlights that joint online-offline fine-tuning is not merely a
heuristic combination of objectives. The effectiveness there-
fore hinges on when, where, and to what extent each signal in-
tervenes. Such systems blur the line between supervision and
reinforcement, paving the way for post-training pipelines that
are more adaptive, interpretable, and aligned with the long-
horizon objectives of general-purpose reasoning models.
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