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Abstract

Supervised Fine-Tuning (SFT) is the predom-
inant paradigm for aligning large language
models (LLMs), yet it suffers from optimiza-
tion instability and limited generalization. Re-
cent work attributes this issue to pathologi-
cal gradient scaling and proposes Dynamic
Fine-Tuning (DFT) to correct it at the token
level. However, DFT assumes all demon-
strations are equally suitable learning targets,
an assumption violated by the strong hetero-
geneity of large-scale instruction data, where
demonstration-policy mismatch induces high-
variance updates at the sample level. We in-
troduce Compatibility-Aware Dynamic Fine-
Tuning (CADFT), a principled extension of
DFT that controls sample-level optimization
variance. CADFT derives a dynamic, policy-
dependent compatibility signal from model
likelihoods to modulate supervised updates,
suppressing high-variance gradients from in-
compatible demonstrations. We further pro-
pose a delayed, low-frequency compatibility-
guided rewriting strategy to transform persis-
tently incompatible demonstrations into learn-
able targets. We show that CADFT can be inter-
preted as a variance-controlled estimator that
generalizes token-level stabilization in DFT
to the sample level. Extensive experiments
demonstrate improved stability, generalization,
and cold-start reinforcement learning initial-
ization, while remaining fully supervised and
independent of explicit reward modeling.

1 Introduction

Supervised fine-tuning (SFT) is the dominant
paradigm for aligning large language models
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(LLMs) with downstream tasks and instruction-
following behaviors. By maximizing the likelihood
of expert demonstrations under a teacher-forcing
regime, SFT provides a simple, stable, and scalable
training framework (Ouyang et al., 2022; Chung
et al., 2024; Wei et al., 2022). Despite its empirical
success, recent theoretical and empirical studies
have revealed that standard SFT suffers from a fun-
damental optimization pathology. When viewed
through the lens of policy optimization, the SFT
gradient implicitly corresponds to a distorted ob-
jective in which low-probability tokens induce dis-
proportionately large gradient updates (Wu et al.,
2025; Chu et al., 2025). This inverse-probability
amplification leads to high gradient variance, train-
ing instability, and poor generalization, particu-
larly on reasoning-intensive tasks under distribu-
tion shift (Chu et al., 2025; Lin et al., 2017; Zheng
et al., 2025).

Dynamic Fine-Tuning (DFT) was recently pro-
posed to address this issue at the token level (Wu
et al., 2025). DFT reformulates SFT into a
probability-aware objective that corrects the patho-
logical gradient scaling induced by rare tokens,
yielding bounded and more stable updates. Cru-
cially, DFT achieves this without introducing re-
inforcement learning components such as reward
models, on-policy sampling, or policy optimiza-
tion algorithms. However, DFT implicitly as-
sumes that all demonstrations in the dataset are
equally suitable learning targets. In practice, large-
scale instruction datasets are highly heterogeneous.
Some demonstrations are well-aligned with the
model’s current inductive biases and capability
level, while others are excessively complex, poorly
structured, or semantically mismatched. Even
when token-level gradient instability is corrected,
such demonstration-policy mismatch can induce
high-variance updates at the sample level, lead-
ing to inefficient learning and unstable optimiza-
tion (Zhou et al., 2023; Bengio et al., 2009).
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This observation suggests that stabilizing super-
vised fine-tuning requires controlling not only how
token-level gradients are scaled, but also which
demonstrations exert strong influence on parame-
ter updates, and to what extent, under the current
model state. In other words, effective fine-tuning
demands a mechanism for regulating sample-level
compatibility between demonstrations and the
evolving policy.

In this work, we propose Compatibility-Aware
Dynamic Fine-Tuning (CADFT), a principled ex-
tension of DFT that incorporates a dynamic, policy-
dependent compatibility signal into the supervised
objective. CADFT treats compatibility as a rela-
tive measure of demonstration-policy alignment,
computed from the model’s own likelihoods and
normalized adaptively during training. This signal
is used to modulate the strength of sample-level up-
dates, suppressing high-variance gradients induced
by incompatible demonstrations while preserving
informative supervision.

Importantly, CADFT does not discard low-
compatibility demonstrations outright. To avoid
permanently ignoring difficult but potentially valu-
able data, we further introduce a conservative, de-
layed rewriting mechanism that selectively refor-
mulates persistently incompatible demonstrations
into targets that lie within the model’s current feasi-
ble region. Rewriting is activated only after a warm-
up phase and at low frequency, preventing prema-
ture self-reinforcement and maintaining training
stability.

CADFT preserves the supervised learning
paradigm of DFT and introduces no reinforcement
learning, reward modeling, or policy optimization
machinery. From a theoretical perspective, CADFT
can be understood as a variance-controlled exten-
sion of DFT that generalizes token-level stabiliza-
tion to the sample level. Empirically, CADFT con-
sistently improves optimization stability, general-
ization performance, and downstream reinforce-
ment learning initialization across language, code,
and multimodal reasoning tasks.

Our main contributions are as follows:

* We show that samples with low compatibility
induce higher-variance gradient updates, and that
mitigating such updates improves optimization
stability and generalization.

* We propose Compatibility-Aware Dynamic
Fine-Tuning (CADFT), a simple and principled
method that incorporates a dynamic, normalized

compatibility signal to modulate sample-level
update strength within a fully supervised frame-
work.

* We introduce a delayed, low-frequency
compatibility-guided rewriting strategy that
transforms incompatible demonstrations into
learnable targets.

* We provide a theoretical interpretation of
CADFT as a variance-controlled estimator and
empirically demonstrate its effectiveness across
mathematical reasoning, code generation, mul-
timodal reasoning, and cold-start reinforcement
learning settings.

2 Related Work

2.1 SFT and RL in LLM Alignment

Supervised Fine-Tuning (SFT) aligns LLMs with
downstream tasks (Zhou et al., 2025a, 2026a,b;
Hu et al., 2025) by maximizing the likelihood
of expert demonstrations (Wei et al., 2022; Zhou
et al., 2023; Chung et al., 2024), effectively per-
forming imitation learning or behavioral cloning
(Mandlekar et al., 2021). However, SFT over-
fits training distributions and generalizes poorly
to OOD inputs (Zhou et al., 2024), whereas RL op-
timizes task-level objectives via reward signals for
improved generalization (Christiano et al., 2017;
Ouyang et al., 2022; Bai et al., 2022), albeit with
substantial computational overhead and instability
(Schulman et al., 2017; Strubell et al., 2019). Em-
pirical studies confirm that RL-based fine-tuning
yields superior robustness on reasoning-intensive
tasks, making the SFT-RL generalization gap a
central alignment challenge (Chu et al., 2025;
Swamy et al., 2025).

To bridge this gap, hybrid methods combine
SFT and RL: RLHEF refines SFT with a learned
reward model (Ouyang et al., 2022), DPO directly
optimizes from preference data without explicit
rewards (Rafailov et al., 2023), group-relative vari-
ants reduce reliance on absolute rewards (Shao
et al., 2024), Negative-aware Fine-Tuning uses in-
correct generations as implicit negative feedback
(Chen et al., 2025), and self-rewarding vision-
language models optimize prompts via iterative
self-feedback (Yang et al., 2025)—all extending
beyond pure supervised learning (Ouyang et al.,
2022; Rafailov et al., 2023). Theoretically, Du et al.
(2025) reinterpret RLHF as reward-weighted SFT,
Wang et al. (2025) analyze SFT as RL with an im-
plicit reward, and Qin and Springenberg (2025)

29998



model SFT as offline RL with importance weight-
ing; however, these expectation-level analyses do
not characterize the variance of the resulting gradi-
ent estimators, which is critical for stable optimiza-
tion. From a broader perspective, structured con-
straints and feedback mechanisms further under-
score the importance of principled objective design
(Askell et al., 2021), as also evidenced by abnormal-
aware feedback in medical VL models (Zhou et al.,
2025b; Zheng et al., 2026), rubric-guided reinforce-
ment learning for emotional support (Yuan et al.,
2025), and reinforcing VL frameworks for sign
language translation (Rao et al., 2025).

2.2 Stabilizing SFT and Gradient
Reweighting

Several works stabilize SFT through loss reweight-
ing or objective modification. MixCE combines
forward and reverse cross-entropy to balance mode-
covering and mode-seeking behaviors (Zhang et al.,
2023), and related importance-weighting ideas
appear in offline RL from demonstrations (Man-
dlekar et al., 2021; Qin and Springenberg, 2025).
Entropy-guided optimization for autoregressive
generation (Song et al., 2026) also demonstrates
that controlling entropy during training yields more
stable and coherent synthesis. Wu et al. (2025)
show that the SFT gradient is equivalent to an
offline policy gradient estimator with implicit re-
wards and inverse-probability importance weight-
ing, and propose Dynamic Fine-Tuning (DFT) to
rectify the resulting pathological scaling by rescal-
ing token-level gradients with the model’s own
probabilities. Unlike heuristic methods such as
Focal Loss (Lin et al., 2017), DFT focuses on vari-
ance correction rather than emphasizing difficult
samples. Abdolmaleki et al. (2025) further show
that improper feedback weighting under mixtures
of positive and negative feedback leads to insta-
bility, reinforcing the need for principled gradient
control.

2.3 Data Quality and Sample Compatibility

While DFT stabilizes token-level optimization, it
assumes all demonstrations are equally suitable
learning targets (Wu et al., 2025). In practice,
heterogeneous datasets can induce demonstration-
policy mismatch and high-variance updates at the
sample level (Mandlekar et al., 2021; Liu and
Zhang, 2025). Liu and Zhang (2025) show in
knowledge distillation that selectively downweight-
ing low-compatibility samples improves stability,

and prior work on curriculum learning further con-
firms that supervision effectiveness depends on the
alignment between sample difficulty and model
capacity (Mandlekar et al., 2021; Liu and Zhang,
2025; Chu et al., 2025). Indiscriminately updat-
ing on low-compatibility demonstrations forces the
model to memorize patterns it cannot reliably inter-
nalize (Liu and Zhang, 2025; Chu et al., 2025).

Inspired by these findings, our work introduces
a compatibility-aware extension of DFT that ad-
dresses demonstration-policy mismatch at the sam-
ple level within a fully supervised framework. In
summary, prior work has improved SFT either by
combining it with RL or by stabilizing token-level
gradients; our work is the first to unify token-level
and sample-level variance control (Wu et al., 2025;
Liu and Zhang, 2025).

3 Compatibility-Aware Dynamic
Fine-Tuning

In this section, we present Compatibility-Aware
Dynamic Fine-Tuning (CADFT), a robust align-
ment framework designed to stabilize supervised
fine-tuning under heterogeneous data distributions.
We first revisit Dynamic Fine-Tuning (DFT), then
introduce a dynamic, sample-level compatibility
signal for reweighting updates, and finally describe
an optional delayed rewriting mechanism. The
overall procedure is summarized in Algorithm 1.

3.1 Preliminaries

Let D = {(z,y)} denote a dataset of instruction-
response pairs, and my(y|x) a language model
parameterized by 6. Standard Supervised
Fine-Tuning (SFT) minimizes the negative log-
likelihood:

[yl

Lspr(z,y) = —Zlogwe(yt | z,y<¢). (1)
=1

The gradient magnitude of Lgpr scales inversely
with 7y (y¢|-), causing low-probability tokens to
induce disproportionately large updates and high
optimization variance.

Dynamic Fine-Tuning (DFT) (Wu et al., 2025)
addresses this issue by rectifying token-level gradi-
ent scaling. From a gradient perspective, DFT in-
duces updates proportional to (1+4log p; ), which re-
main bounded as p; — 0. This effectively neutral-
izes the inverse-probability amplification present in
SFT and stabilizes token-level optimization. How-
ever, DFT operates purely at the token level and
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Figure 1: Overall framework of Compatibility-Aware Dynamic Fine-Tuning (CADFT). CADFT extends DFT by incorporating
a sample-level compatibility signal that modulates update strength and optionally guides delayed demonstration rewriting.

implicitly assumes all demonstrations are equally
suitable learning targets.

3.2 Dynamic Compatibility Assessment

We posit that demonstrations vary in their suitabil-
ity for learning at different stages of training. We
therefore introduce a dynamic compatibility signal
that measures how well a demonstration aligns with
the model’s current inductive bias.

Raw Compatibility Score. For a sample (z,y),
we define the raw compatibility score as the length-
normalized negative log-likelihood:

|y]

Craw (7,3 0) = l > —logm(ye | x,y<t)- (2)
t=1

Lower values indicate higher compatibility. As
training progresses, however, the absolute scale of
Craw Shifts, rendering static thresholds ineffective.

Adaptive Normalization. To obtain a scale-
invariant signal, we normalize raw compatibility
scores within each effective global mini-batch B,
where B aggregates all micro-batches across data-
parallel workers. Let iz and o denote the mean
and standard deviation of ¢,y in the batch, com-
puted via distributed all-reduce synchronization to
ensure consistency across devices. The normalized
score is:

& = Craw(xh yz) - ,U,B’ (3)

oB+ €

where € ensures numerical stability. Importantly, ¢
represents a relative and model-dependent notion
of compatibility, reflecting alignment with the cur-
rent model state rather than an absolute measure of
difficulty.

3.3 Compatibility-Aware Objective

CADFT integrates the compatibility signal into
Dynamic Fine-Tuning (DFT) through a sample-
level weighting function w(¢) that modulates the
strength of supervised updates. We employ a soft
exponential decay:

w(é;) = exp(=f - max(0,&)), (4

where 8 > 0 controls the sensitivity of the weight-
ing mechanism.

This design preserves the full contribution of
samples whose normalized compatibility ¢; is no
worse than the batch average (¢; < 0), while pro-
gressively down-weighting less compatible sam-
ples (¢; > 0). As a result, demonstrations that
are misaligned with the model’s current inductive
bias exert reduced influence on optimization, mit-
igating high-variance updates without discarding
potentially useful data.

The resulting compatibility-aware objective is
defined as:

B 2w y)-Lorr(a.y) )

(z,y)eB

Lcaprr(B)=

From an optimization perspective, this formula-
tion is conceptually related to self-paced or cur-
riculum learning: samples exhibiting higher com-
patibility exert stronger influence on parameter up-
dates, while harder or misaligned demonstrations
are incorporated more conservatively as training
progresses.

3.4 Delayed Compatibility-Guided Rewriting

While compatibility-based reweighting mitigates
the influence of incompatible samples, it may un-
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Algorithm 1 Compatibility-Aware Dynamic Fine-Tuning

Require: Dataset D, model 7y, batch size B, warm-up steps
Twarm, rewrite interval K, compatibility sensitivity /3
1: for training stept = 1,. .., Thax do

2 Sample mini-batch B = {(x;, )}, from D
3 /l Compute compatibility (no gradient)

4. foreach (x;,y:) € Bdo

5: Ci ﬁ Yo —logmo(yie | @i, yi,<t)

6:  end for

7 Compute batch mean pz and std o

8 ¢; < stop_grad ( ;Tﬁ)

9:  w; + exp(—p - max(0,¢é;))

10:  // Compatibility-aware DFT update

11: L+ %lelﬁ[)pr(x“yz)

12:  Update parameters 6 < Optimizer(0, VL)
13:  // Optional delayed rewriting

14: if t > Tiam and ¢t mod K = O then

15: Identify small subset S C D with highest moving-
average compatibility scores

16: for each (z,y) € S do

17: Generate § ~ 7 (-|x) via nucleus sampling

18: Optionally replace y with ¢

19: end for

20:  endif

21: end for

derutilize demonstrations that are correct but sub-
stantially misaligned with the model’s current ca-
pability. To address this, we further explore a con-
servative delayed rewriting mechanism that option-
ally reformulates persistently incompatible samples
into more learnable targets.

Two-Stage Training. We divide training into two
stages to avoid premature self-reinforcement:

1. Warm-up Stage ({ < Twarm): Training pro-
ceeds solely with the compatibility-aware ob-
jective, allowing the model to acquire stable
instruction-following behavior.

2. Rewriting Stage (t > Tyarm): At periodic inter-
vals, a small subset of samples with persistently
high moving-average compatibility scores may
be selected for optional rewriting. Their original
targets can be replaced with model-generated
alternatives that lie within the model’s current
feasible region.

Specifically, rewritten targets are sampled as:

§ ~ NucleusSampling(mg(-|z);p = 0.9,7 = 0.7).

(6)

This process can be viewed as projecting overly
hard demonstrations onto the model’s current hy-
pothesis class, converting high-variance supervi-
sion into stable but simplified learning signals.

3.5 Theoretical Perspective: Variance
Reduction

Let g; = VLprr (i, yi) denote the stochastic gra-
dient of sample <. Under the commonly observed
assumption that incompatible or low-probability
demonstrations induce disproportionately large gra-
dient norms in SFT-style training, such samples
tend to dominate the second moment of the gradi-
ent estimator without contributing proportionally
to the mean update direction.

By applying the compatibility weight, CADFT
uses §; = w(¢;) gi. As w(¢é;) decays for increas-
ingly incompatible samples, the weighted second
moment E[||g||%] is reduced relative to standard
DFT. Consequently, CADFT acts as a variance-
controlled estimator that stabilizes optimization by
modulating gradients based on semantic compati-
bility rather than arbitrary norm clipping.

4 Experiments

We conduct comprehensive experiments to evalu-
ate the effectiveness of Compatibility-Aware Dy-
namic Fine-Tuning (CADFT). Our experimental
study is designed to answer the following ques-
tions: (i) whether CADFT consistently improves
over SFT and DFT across tasks and models scales;
(i1) how compatibility-aware reweighting affects
optimization stability; (iii) whether CADFT pro-
vides a stronger initialization for downstream rein-
forcement learning; and (iv) which design choices
are critical to its effectiveness?

We evaluate CADFT on mathematical reasoning,
code generation, and multimodal reasoning tasks,
under both supervised fine-tuning and reinforce-
ment learning settings.

4.1 Experimental Setup

Models. We evaluate CADFT on a diverse set of
open-source language and vision-language mod-
els, including LLaMA-3 series (Team, 2024),
DeepSeekMath (Shao et al., 2024), Qwen2.5-
Math (Yang et al., 2024), Qwen2.5-Coder (Hui
et al., 2024), and Qwen2.5-VL (Bai et al., 2025),
covering multiple parameter scales. For fair com-
parison, all methods share identical model architec-
tures and initial checkpoints.

Datasets, Benchmarks, and Evaluation. We
evaluate CADFT on benchmarks spanning math-
ematical reasoning, code generation, and multi-
modal reasoning. Mathematical reasoning is eval-
uated on Math500 (Hendrycks et al., 2021), Min-
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erva Math (Lewkowycz et al., 2022), Olympiad-
Bench (He et al., 2024), AIME 2024 (Hendrycks
et al., 2021), and AMC 2023 (Hendrycks et al.,
2021). Code generation is evaluated on Hu-
manEval (Chen et al., 2021), HumanEval+ (Liu
et al., 2023), and MultiPL-E (Cassano et al., 2023)
across nine programming languages. Multimodal
reasoning is evaluated on MathVerse (Zhang et al.,
2024), MathVision (Wang et al., 2024), and We-
Math (Qiao et al., 2025).

For all benchmarks, we strictly follow the offi-
cial evaluation protocols and metrics provided by
each dataset. Mathematical reasoning performance
is reported using Average @16 accuracy, code gen-
eration using pass@1 accuracy, and multimodal
benchmarks using accuracy-based metrics.

Training Details. We follow the training proto-
col of DFT (Wu et al., 2025). All models are trained
using identical batch sizes, optimizers, learning
rates, and training steps across SFT, DFT, and
CADFT. The effective global batch size is 256,
achieved via data-parallel synchronization and gra-
dient accumulation. Compatibility scores are com-
puted per mini-batch and normalized dynamically
using pup and op synchronized across all data-
parallel workers via all-reduce, ensuring that nor-
malization is performed on the effective global
batch (rather than per-device micro-batches) and
is invariant to sharding strategy. The compatibility
statistics are detached from gradient computation.
For CADFT-specific hyperparameters, we set the
compatibility normalization to per-mini-batch z-
score with € = 1075 and the weighting sensitivity
to 8 = 1.0. When delayed rewriting is enabled, we
use a warm-up of Ty, = 3000 steps, a rewriting
interval of K = 1000 steps, and rewrite a fraction
of 0.5% of the dataset per interval with replacement
probability 0.5. Rewritten targets are generated via
nucleus sampling with p = 0.9 and temperature
T7=0.7.

4.2 Main Results

Mathematical Reasoning Performance Table 1
presents the main results on mathematical reason-
ing benchmarks. Across all evaluated model fami-
lies and scales, CADFT consistently outperforms
both SFT and DFT, with particularly large gains
on the most challenging benchmarks. Compared to
vanilla SFT, CADFT avoids the severe performance
degradation observed on OlympiadBench, AIME
2024, and AMC 2023, where demonstration-policy

mismatch is pronounced. While DFT mitigates
token-level instability, it still treats all demonstra-
tions as equally informative, allowing incompati-
ble samples to induce noisy updates. By explicitly
down-weighting such samples, CADFT further re-
duces optimization variance and enables more sta-
ble learning from heterogeneous supervision. No-
tably, the relative improvement of CADFT over
DFT grows with model scale. This suggests that as
model capacity increases, sample-level mismatch
becomes a dominant source of optimization noise,
making compatibility-aware control increasingly
important.

Code Generation Performance Table 2 summa-
rizes code generation results on HumanEval and
MultiPL-E. CADFT consistently improves perfor-
mance over both SFT and DFT across all evalu-
ated models. Beyond aggregate gains, CADFT
exhibits particularly strong improvements on lower-
resource and syntactically diverse languages such
as Bash and PHP within MultiPL-E. This indicates
that compatibility-aware reweighting discourages
overfitting to high-frequency patterns in dominant
languages (e.g., Python), thereby improving cross-
language generalization. These results support the
hypothesis that sample-level heterogeneity is a ma-
jor source of optimization variance in multilingual
code generation.

Multimodal Mathematical Reasoning We fur-
ther evaluate CADFT on multimodal mathemati-
cal reasoning benchmarks. As shown in Table 3,
CADFT consistently improves performance across
vision-only, vision-intensive, and vision-dominant
regimes on MathVerse, MathVision, and WeMath.
Multimodal settings introduce additional sources
of demonstration-policy mismatch due to imper-
fect visual grounding and varying degrees of visual
dependency. While DFT stabilizes token-level up-
dates, it cannot distinguish between well-grounded
and poorly grounded demonstrations. CADFT al-
leviates this issue by suppressing high-variance
updates from incompatible multimodal samples,
leading to more robust vision-language alignment.

4.3 Cold-Start Reinforcement Learning
Initialization

We investigate whether CADFT provides a stronger
initialization for downstream reinforcement learn-
ing. Following prior work (Wu et al., 2025), models
are further optimized using GRPO (DeepSeek-Al,
2025) after SFT, DFT, or CADFT initialization.
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Model Math500 Minerva Math Olympiad Bench AIME24 AMC23 Avg.

LLaMA-3.2-3B 1.63 1.36 1.01 0.41 1.56 1.19
w/ SFT 8.65 2.38 2.06 0.00 3.13 3.24
w/ DFT 12.79 2.84 2.90 0.83 391 4.65
w/ CADFT 14.80 3.20 3.35 1.05 4.60 5.40

LLaMA-3.1-8B 1.86 0.98 0.94 0.21 1.01 1.00
w/ SFT 16.85 5.78 3.88 0.00 5.16 6.33
w/ DFT 27.44 8.26 6.94 0.41 12.03 11.02
w/ CADFT 31.20 9.40 8.20 0.65 14.20 12.73

DeepSeekMath-7B 6.15 2.15 1.74 0.21 2.97 2.64
w/ SFT 26.83 7.26 6.33 0.41 8.28 9.82
w/ DFT 41.46 16.79 15.00 1.24 16.25 18.15
w/ CADFT 47.80 18.10 17.80 1.65 19.40 20.15

Qwen2.5-Math-1.5B 31.66 8.51 15.88 4.16 19.38 15.92
w/ SFT 43.76 13.04 12.63 1.87 18.75 18.01
w/ DFT 64.89 20.94 27.08 6.87 38.13 31.58
w/ CADFT 72.30 22.80 33.69 8.76 45.87 33.42

Qwen2.5-Math-7B 40.12 14.39 17.12 6.68 27.96 21.25
w/ SFT 53.96 16.66 18.93 2.48 26.09 23.62
w/ DFT 68.20 30.16 33.83 8.56 45.00 37.15
w/ CADFT 75.50 32.63 39.50 10.41 52.20 41.44

Table 1: Mathematical reasoning performance (Average@16). Accuracy (%) of five representative large language models
on diverse mathematical reasoning benchmarks. For each backbone model, we report results under vanilla fine-tuning (SFT),
Dynamic Fine-Tuning (DFT), and the proposed Compatibility-Aware DFT (CADFT).

Model HE HE+ Python C++ Java  PHP TS C# Bash JS Avg.
Qwen2.5-3B 433  36.0 4329 4099 3734 37.89 47.17 43.04 24.68 4596 40.05
w/ SFT 415 348  42.07 4224 3797 3727 4340 4177 2025 4783 39.10
w/ DFT 45.7 39.0 4573 4472 41777 4534 4214 43.04 27.85 4410 41.84
w/ CADFT 478 41.0 4820 4650 43.60 47.80 4430 45.10 30.20 46.80 44.14
Qwen2.5-Coder-3B 524 427 51.83 5342 4620 4720 54.09 5506 2532 54.04 48.39
w/ SFT 51.8 439 5122 5155 48.10 54.66 59.12 5127 34.18 54.04 50.52
w/ DFT 567 500 5732 5466 5127 5839 5849 60.76 31.01 5342 53.16
w/ CADFT 595 53.0 6020 57.00 53.80 6120 61.00 63.50 34.50 56.00 56.67
Qwen2.5-Coder-7B 622 530 6341 6398 53.16 59.01 62.890 5949 3924 60.87 57.76
w/ SFT 549 488 5488 64.60 5127 62.11 6855 60.76 3354 6522 57.62
w/ DFT 677 598 67.68 6770 5443 6087 7044 65.19 4873 6335 62.30
w/ CADFT 71.3 615 70.50 70.00 56.80 63.00 7280 67.80 52.00 66.00 65.24

Table 2: Code generation performance on HumanEval and MultiPL-E. We report pass@1 accuracy (%) on HumanEval
(HE, HE+) and MultiPL-E across nine programming languages. HE and HE+ are subsets of the HumanEval benchmark, while
all language-specific scores belong to MultiPL-E.

Model Vision Only  Vision Intensive ~ Vision Dominant  Overall MathVision = WeMath

Qwen2.5-VL-3B 28.81 30.96 31.60 33.83 21.25 4.10
w/ SFT 30.96 33.63 32.74 35.66 21.02 23.33
w/ DFT 32.49 3591 33.50 37.54 22.30 23.71
w/ CADFT 34.20 38.20 35.60 39.90 23.60 25.10

Table 3: Multi-modal mathematical reasoning performance. Comparison on MathVerse, MathVision, and WeMath
benchmarks under different visual reasoning regimes. Scores reflect overall accuracy (%). The proposed CADFT consistently
improves performance across vision-only and vision-intensive settings.

Model Math500 Minerva Math  Olympiad Bench AIME24 AMC23  Avg.
Qwen?2.5-Math-1.5B w/ SFT+GRPO 62.54 23.10 26.92 5.00 40.15 31.54
Qwen2.5-Math-1.5B w/ DFT+GRPO 65.96 23.51 28.37 8.63 4140 3357
Qwen2.5-Math-1.5B w/ CADFT+GRPO 73.40 25.10 35.80 9.82 48.60  35.62

Table 4: Cold-start mathematical reasoning with GRPO. All models are first initialized via supervised fine-tuning (SFT),
DFT, or CADFT, and subsequently optimized using GRPO. Results demonstrate that CADFT provides a stronger initialization
for downstream reinforcement learning.
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Model HE HE+ Python C++ Java PHP TS C# Bash IS Avg.
Qwen2.5-Coder-3B w/ SFT+GRPO 573 50.6 5732 6335 51.27 6398 6855 60.76 33.54 66.46 58.15
Qwen2.5-Coder-3B w/ DFT+GRPO 689 61.0 6890 67.08 55.06 62.73 70.44 65.19 4937 62.11 62.61
Qwen2.5-Coder-3B w/ CADFT+GRPO 70.2 62.5 70.10 68.30 56.40 63.80 71.60 66.40 51.00 63.50 63.88

Table 5: Code generation with GRPO fine-tuning. All models are further optimized with GRPO after SFT or DFT initialization.
Results are reported on HumanEval (HE, HE+) and MultiPL-E benchmarks. CADFT yields consistently stronger GRPO-aligned
representations.

Model Vision Only Vision Intensive Vision Dominant Overall MathVision WeMath
Qwen2.5-VL-3B w/ SFT+GRPO 32.48 33.50 43.78 35.93 21.44 21.43
Qwen2.5-VL-3B w/ DFT+GRPO 34.64 37.31 37.06 39.06 23.35 26.19
Qwen2.5-VL-3B w/ CADFT+GRPO 36.14 39.30 38.10 42.10 24.90 29.30

Table 6: Multi-modal reasoning with GRPO optimization. Comparison of SFT-, DFT-, and CADFT-initialized models
after GRPO fine-tuning. CADFT consistently delivers stronger alignment between visual perception and reasoning under

reinforcement learning.
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Figure 2: Ablation of compatibility definition and dy-
namicity. Dynamic, normalized compatibility yields consis-
tent gains over DFT, while static, unnormalized, or random
reweighting degrades performance.

High Compatibility Mid Compatibility Low Compatibility
Figure 3: Gradient norm variance across compatibil-
ity groups. Low-compatibility samples induce significantly
higher gradient variance, motivating compatibility-aware vari-
ance control.

Method w(e) Avg Acc. sampled responses per prompt n = 4. All other
DFT - 31.58 :

CADFT (Exp) exp(—ac) B2 F}RPO hyperparamgers follow the. official DFT
CADFT (Linear Clip) max(0,1 — ¢/7) 32.10 implementation scripts. As shown in Tables 4-6,
CADFT (Binary) Ile < 7] 30.88 CADFT-initialized models consistently outperform
CADFT (Inverse) 1/c 28.94

Table 7: Ablation of weighting functions w(c) on mathe-
matical reasoning. We compare a soft monotonic exponential
decay, a linearly clipped weighting, a binary filter, and an
inverse weighting scheme.

SFT+GRPO and DFT+GRPO across mathematical
reasoning, code generation, and multimodal reason-
ing tasks. These results indicate that CADFT pro-
duces representations with lower gradient noise and
better-aligned supervision, which facilitates subse-

Sample Group  Compat. Level ~ Grad Var. quent policy optimization. Importantly, CADFT
Top 30% Low 1.00 does not optimize for any reinforcement learning
Middle 40% Medium 1.78 S . . .

Bottom 30% High 307 objective during pretraining. The observed gains

Table 8: Gradient norm variance across sample groups with
different compatibility levels. Lower compatibility samples
induce substantially higher gradient variance.

Specifically, we adopt the same GRPO protocol
and implementation choices as Wu et al. (2025).
Correctness is determined by math_verify as the
verifier-based reward signal. GRPO is trained in
the verl framework with learning rate 1e-6, global
batch size 256, warmup ratio 0.1, and number of

suggest that reducing supervised optimization vari-
ance is complementary to, rather than competing
with, reinforcement learning.

4.4 Ablation Studies and Analysis

We conduct a series of ablation studies to isolate the
contribution of each design component in CADFT,
including compatibility definition, weighting func-
tion shape, gradient variance control, and delayed
rewriting. All ablations are evaluated under the
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Method SFT DFT CADFT

4.85 2.61 1.72

Grad Norm Variance

Table 9: Overall gradient norm variance under different fine-
tuning methods. CADFT achieves the lowest variance, indi-
cating the most stable optimization.

Method Rewrite Start Interval Avg Acc.
DFT - - 31.58
CADFT (No Rewrite) - - 32.25
CADFT (Early) 0 Epoch 30.72
CADFT (Delayed) Warm-up Epoch 33.42
CADFT (Aggressive)  Warm-up 100 steps  31.40

Table 10: Ablation of compatibility-guided rewriting strate-
gies. Rewriting too early or too frequently leads to premature
self-reinforcement, while delayed rewriting after a warm-up
phase achieves the best performance.

same training and evaluation settings for fair com-
parison.

Effect of Compatibility Definition and Dynam-
icity. We first study how the definition and dy-
namicity of compatibility affect performance. As
shown in Figure 2, dynamically normalized com-
patibility consistently outperforms all static or un-
normalized variants. Static compatibility defini-
tions fail to account for the evolving model policy,
causing samples to be permanently over- or under-
weighted as training progresses. Unnormalized
compatibility is sensitive to scale drift in likeli-
hood values, leading to unstable weighting behav-
ior. In contrast, dynamic, batch-normalized com-
patibility provides a relative and policy-dependent
signal, allowing CADFT to adaptively suppress
incompatible samples throughout training. The
random reweighting baseline further confirms that
the observed gains do not arise from implicit reg-
ularization or noise injection, but from structured,
compatibility-aware modulation.

Impact of Weighting Function Shape. Table 7
examines the effect of different weighting function
shapes w(c) while keeping all other components
fixed. The exponential decay function achieves the
best overall performance, as it provides smooth and
monotonic suppression of incompatible samples
without introducing discontinuities. Hard filtering
or binary weighting removes gradient contributions
abruptly, leading to optimization instability and re-
duced sample efficiency. Inverse weighting overly
amplifies low-compatibility samples, resulting in
high-variance updates. These results indicate that
soft, monotonic weighting is critical for balancing
stability and information retention in compatibility-
aware optimization.

Gradient Variance Across Compatibility Lev-
els. To directly validate our theoretical motiva-
tion, we analyze gradient norm variance across
samples grouped by compatibility. Table 8 and
Figure 3 show that low-compatibility samples in-
duce substantially higher gradient variance than
high-compatibility ones. This observation provides
empirical evidence that demonstration-policy mis-
match is a major source of optimization noise in su-
pervised fine-tuning. By down-weighting such sam-
ples, CADFT effectively suppresses high-variance
updates at the sample level. Consistently, Table 9
shows that CADFT achieves the lowest overall gra-
dient variance among SFT, DFT, and CADFT, con-
firming its role as a variance-controlled estimator.

Effect of Delayed Compatibility-Guided Rewrit-
ing. Finally, we study the impact of delayed
demonstration rewriting. As shown in Table 10,
early or aggressive rewriting significantly de-
grades performance, indicating premature self-
reinforcement when the model is not yet stable. In
contrast, delayed rewriting after a warm-up phase
consistently improves performance. This suggests
that rewriting is beneficial only after the model
has acquired a stable inductive bias, at which point
projecting incompatible demonstrations into the
model’s feasible region reduces variance without
reinforcing spurious solutions. These results show
that delayed, conservative rewriting complements
compatibility-aware reweighting, while aggressive
rewriting undermines training stability.

5 Conclusion

We presented Compatibility-Aware Dynamic
Fine-Tuning (CADFT), a principled extension
of Dynamic Fine-Tuning that explicitly controls
sample-level optimization variance in supervised
fine-tuning. By introducing a dynamic, policy-
dependent compatibility signal, CADFT sup-
presses high-variance updates from mismatched
demonstrations while preserving informative su-
pervision. A delayed and low-frequency rewriting
strategy further enables conservative utilization of
persistently incompatible data. Both theoretically
and empirically, CADFT generalizes token-level
stabilization in DFT to the sample level, yielding
improved stability, generalization, and stronger ini-
tialization for downstream reinforcement learning,
without introducing reward models or on-policy
optimization.
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Limitations

CADFT builds on signals derived from the model’s
own likelihood estimates and therefore inherits the
inductive biases and representational capacity of
the underlying backbone. As a result, the effec-
tiveness of compatibility estimation is naturally
bounded by the model’s current expressive power
and pretraining quality.
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