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Abstract

To acquire instruction-following capabilities,
large language models (LLMs) undergo in-
struction tuning, where they are trained on
instruction-response pairs using next-token pre-
diction (NTP). Efforts to improve instruction
tuning often focus on higher-quality supervised
fine-tuning (SFT) datasets, typically requiring
data filtering with proprietary LLMs or human
annotation. In this paper, we take a different ap-
proach by proposing SFTMix, a novel Mixup-
based recipe that elevates LLM instruction tun-
ing without relying on well-curated datasets.
We observe that LLMs exhibit uneven confi-
dence across the semantic representation space.
We argue that examples with different confi-
dence levels should play distinct roles in in-
struction tuning: Confident data is prone to
overfitting, while unconfident data is harder
to generalize. Based on this insight, SFTMix
leverages training dynamics to identify exam-
ples with varying confidence levels. We then
interpolate them to bridge the confidence gap
and apply a Mixup-based regularization to sup-
port learning on these additional, interpolated
examples. We demonstrate the effectiveness
of SFTMix in both instruction-following and
healthcare-specific SFT tasks, with consistent
improvements across LLM families and SFT
datasets of varying sizes and qualities. Exten-
sive analyses across six directions highlight
SFTMix’s compatibility with data selection,
adaptability to compute-constrained scenarios,
and scalability to broader applications.

1 Introduction

LLMs have recently achieved strong performance
across diverse natural language processing (NLP)
tasks (Zhao et al., 2023; Minaee et al., 2024).
After being pre-trained on large corpora of raw
text, LLMs undergo a critical instruction-tuning
stage (Ouyang et al., 2022; Zhang et al., 2023)

*Work done during an internship at Zoom.

to develop their instruction-following capabilities
based on SFT datasets (Taori et al., 2023; Wang
et al., 2023; Xu et al., 2024). During this stage,
LLMs are usually trained via NTP, where they pre-
dict the next token in a response given both the in-
struction and the preceding tokens in that response.

Previous research in this field has predominantly
focused on enhancing the quality of instruction-
tuning datasets. One line of research direction
seeks to better understand the intrinsic properties of
these datasets (Kung et al., 2023; Lin et al., 2024)
and selects informative instruction-response pairs
through heuristic-based filters (Zhao et al., 2024) or
LLM scoring (Chen et al., 2024a). Another line of
work generates high-quality responses by querying
advanced proprietary LLMs (Chen et al., 2024a) or
relying on human annotators (Zhou et al., 2023).

In this paper, we take a different approach by
proposing SFTMix, a novel Mixup-based (Zhang
et al., 2018) recipe to elevate LLM instruction
tuning without the need for well-curated datasets.
Our design is motivated by the observation that an
LLM’s confidence distribution is uneven across the
semantic representation space. Since confident data
is prone to overfitting (Zhang and Vaidya, 2021;
Han et al., 2024) and unconfident data is harder to
generalize (Elsayed et al., 2018; Jiang et al., 2018),
we argue that data with varying confidence lev-
els should play distinct roles in instruction tuning.
Hence, we first derive an LLM’s confidence from
its training dynamics (Swayamdipta et al., 2020)
and divide the SFT dataset into confident and un-
confident subsets accordingly. We then linearly
interpolate between these subsets and introduce a
Mixup-based regularization to support learning on
these additional, interpolated examples. By prop-
agating supervision signals across confidence re-
gions (Bengio et al., 2009; Chapelle et al., 2009;
Sohn et al., 2020) and encouraging linear behavior
between them (Zhang et al., 2018; Verma et al.,
2019), our recipe mitigates overfitting in confident
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examples while enhancing generalization in uncon-
fident ones during LLM instruction tuning.

We demonstrate the effectiveness of our pro-
posed SFTMix recipe in both instruction-following
and domain-specific SFT settings. In particular,
SFTMix significantly outperforms the conventional
NTP baseline in both MT-Bench (Zheng et al.,
2023) and AlpacaEval-2 (Dubois et al., 2024), with
consistent improvements across LLM families (i.e.,
Llama (Dubey et al., 2024), Mistral (Jiang et al.,
2023), and Qwen (Hui et al., 2024)) and SFT
datasets of varying sizes and qualities (i.e., Alpaca-
52K (Taori et al., 2023), UltraChat-200K (Tun-
stall et al., 2023), and Tulu3-939K (Lambert et al.,
2024)). Moreover, in the healthcare domain, Llama-
3.1-8B and Mistral-7B-v0.1, instruction-tuned on
MedAlpaca-263K (Han et al., 2023) using SFT-
Mix, increase the accuracy by an average of 1.5%
absolutely across four question-answering bench-
marks (Jin et al., 2019, 2021; Pal et al., 2022).

In addition, we conduct in-depth analyses across
six directions to highlight SFTMix’s versatility and
scalability in LLM instruction tuning. Our results
validate the importance of confidence-based data
splitting for effective Mixup and show that Mixup
works best as a regularization alongside NTP. More-
over, we demonstrate that SFTMix integrates seam-
lessly with data selection (Chen et al., 2024a; Zhao
et al., 2024), adapts well to compute-constrained
scenarios (Hu et al., 2022), and scales effectively
to broader applications (Burns et al., 2024).

We summarize our contributions as follows:
• We introduce SFTMix, a novel recipe to ele-

vate LLM instruction tuning without relying
on well-curated SFT datasets, by interpolating
semantic regions of varying confidence levels
and applying a Mixup-based regularization.

• We show that SFTMix outperforms the NTP
baseline across various instruction-following
and healthcare-specific SFT tasks, with consis-
tent improvements across LLM families and
SFT datasets of varying sizes and qualities.

• Extensive analyses across six directions high-
light that SFTMix is compatible with data se-
lection, adaptable to compute-constrained sce-
narios, and scalable to broader applications.

2 Related Work

LLM Instruction Tuning. To align LLMs with
user intents or domain-specific tasks, Ouyang
et al. (2022) propose instruction-tuning LLMs on

human-annotated demonstrations using supervised
learning. The conventional NTP paradigm trains
LLMs to predict response tokens sequentially given
instruction-response pairs (Zhang et al., 2023). En-
hancements include adding noise to token embed-
dings (Jain et al., 2024), commonality-aware par-
tition (Rao et al., 2024), and explicitly modeling
instructions (Shi et al., 2024). Previous work (Chi-
ang et al., 2023; Ding et al., 2023; Taori et al.,
2023; Wang et al., 2023; Xu et al., 2024) collects
instruction-following datasets via LLM distillation
or crowd-sourced user conversations. To improve
data quality, researchers employ heuristic-based fil-
ters (Schoch et al., 2023; Zhao et al., 2024; Yang
et al., 2025), importance weighting (Xie et al.,
2023; Xia et al., 2024; Chen et al., 2024b), LLM
scoring (Chen et al., 2024a), and human cura-
tion (Zhou et al., 2023). Other studies explore
the intrinsic properties of SFT datasets (Kung et al.,
2023; Lin et al., 2024; Fu et al., 2025; Zhang et al.,
2025a), gradient-based methods (Wang et al., 2025;
Zhao et al., 2025), and reinforcement learning from
human feedback (Rafailov et al., 2023; Ethayarajh
et al., 2024; Zeng et al., 2024). However, acquir-
ing high-quality SFT data often entails substantial
computational and labor costs. This paper aims to
optimize data utilization through confidence-aware
data interpretation and elevate instruction tuning be-
yond NTP without relying on well-curated datasets.

Data Characterization via Training Dynamics.
Data characterization (Albalak et al., 2024; Wang
et al., 2024) analyzes training data quality to im-
prove downstream model performance. In partic-
ular, Swayamdipta et al. (2020) leverage training
dynamics from a pre-trained language model (Liu
et al., 2019) to create data maps. This idea has
inspired advances in active learning (Zhang and
Plank, 2021; Zhang et al., 2022; Kung et al., 2023),
curriculum learning (Christopoulou et al., 2022;
Lin et al., 2024; Poesina et al., 2024), dataset prun-
ing (Chimoto et al., 2024; He et al., 2024; Lin
et al., 2024; Seedat et al., 2024), and LLM scal-
ing (Mircea et al., 2025; Qi et al., 2025; Zhang
et al., 2025b). Here, we apply training dynamics
to causal language generation by categorizing an
SFT dataset into confident and unconfident sub-
sets, which facilitates the subsequent Mixup-based
regularization during LLM instruction tuning.

Mixup-Based Learning. To mitigate memoriza-
tion and adversarial sensitivity, Mixup Zhang et al.
(2018) trains models on convex combinations of
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paired inputs and labels. Its variants (Verma et al.,
2019; Hendrycks et al., 2020; Uddin et al., 2021;
Choi et al., 2022) interpolate feature representa-
tions at various stages, guided by different training
signals. Theoretical analyses (Zhang et al., 2021;
Carratino et al., 2022; Chidambaram et al., 2022;
Park et al., 2022; Pinto et al., 2022) highlight its
adaptive regularization and generalization effects,
yielding stronger out-of-distribution robustness and
better uncertainty calibration. Empirical studies
confirm its effectiveness in semi-supervised learn-
ing (Berthelot et al., 2019, 2020; Li et al., 2020,
2022) and NLP (Chen et al., 2020; Guo et al., 2020;
Sun et al., 2020; Park and Caragea, 2022; Yang
et al., 2022). In this paper, we extend Mixup to
LLM instruction tuning, proposing a regularization
method to reduce overfitting to confident examples
while supporting learning for less confident ones.

3 SFTMix

Based on the preliminaries in §3.1, we discuss the
motivation in §3.2, introduce SFTMix in §3.3, and
analyze its effect on the tuning process in §3.4.

3.1 Preliminaries
The NTP Instruction-Tuning Paradigm. Con-
sider an SFT dataset D = {(Xi,Yi)}|D|

i=1, which
consists of pairs of instructions Xi and desired
responses Yi. Here, Xi = (x1, . . . , xMi) and
Yi = (y1, . . . , yNi) are sequences of tokens. For
an LLM with multiple transformer layers (Vaswani
et al., 2017) and a linear causal language modeling
head W, the conventional NTP task minimizes the
following loss for predicting Yi given Xi:

ℓNTP(D) = −
|D|∑

i=1

Ni∑

n=1

log p(yn | Xi, y1, . . . , yn−1)

= −
|D|∑

i=1

Ni∑

n=1

H(Yn, σ(Z
⊤
nW)).

This loss equals the sum of negative cross-entropy
H between Yn and Z⊤

nW after softmax σ, where
Yn is the one-hot encoding of the n-th token in
Yi. The corresponding representation Zn is the last
hidden state from the LLM’s transformer layers:
Zn = Transformers(Xi, y1, . . . , yn−1).

LLM Confidence via Training Dynamics. Sup-
pose we collect C checkpoints of an LLM when
instruction-tuning it on a dataset D via NTP. We
can capture the training dynamics (Swayamdipta
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Figure 1: Embeddings of 2,500 most and 2,500 least
confident examples in Alpaca-52K by Llama-3.1-8B
trained using NTP. The clear separation between these
embeddings suggests that the LLM exhibits varying
confidence levels across different semantic regions.

et al., 2020) of this LLM by computing its confi-
dence in generating each pair (Xi,Yi) ∈ D. Specif-
ically, let Perpc(Yi | Xi) denote the LLM’s per-
plexity for an instruction-response pair (Xi,Yi) at
checkpoint c ∈ {1, . . . , C}. Since lower perplexity
implies higher generation likelihood, we define its
confidence in predicting Yi given Xi as the negative
average perplexity over the C checkpoints:

Conf (Yi | Xi) = − 1

C

C∑

c=1

Perpc(Yi | Xi).

3.2 Motivation
We motivate the design of SFTMix through a case
study. Specifically, we instruction-tune Llama-3.1-
8B (Dubey et al., 2024) on Alpaca-52K (Taori et al.,
2023) and collect the LLM’s confidence for each
training data point across five checkpoints. Us-
ing the last hidden state Z of the final token in
(Xi,Yi) as its semantic representation, we visual-
ize 2,500 most and 2,500 least confident examples
via t-SNE (Van der Maaten and Hinton, 2008). As
shown in Figure 1, embeddings of data points with
contrasting confidence levels are clearly separated,
indicating that the LLM exhibits uneven confi-
dence across the semantic representation space.

Furthermore, we analyze the distributions of in-
struction topics in the 50 most and 50 least con-
fident examples. We find that the most confident
examples primarily involve deterministic grammar
tasks (e.g., “correct any grammar error in the fol-
lowing sentence”), while 56% of the least confident
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Figure 2: The overall pipeline of the three-stage SFTMix recipe for LLM instruction tuning.

examples require creative content generation (e.g.,
“find a name for an e-commerce website”), and
the remaining 44% consist of noisy or unanswered
instructions. This aligns with our observation in
Figure 1, showing that the LLM’s confidence varies
across different semantic regions.

The insight from the case study motivates us to
contend that data with distinct confidence lev-
els should play different roles during instruc-
tion tuning. Highly confident data points typically
lie further from the classification decision bound-
ary, posing a higher risk of overfitting (Zhang and
Vaidya, 2021; Han et al., 2024). In contrast, less
confident data points are often closer to the bound-
ary, making them harder to learn (Elsayed et al.,
2018; Jiang et al., 2018).

To address this, we propose SFTMix, a Mixup-
based (Zhang et al., 2018) recipe (details in §3.3).
Leveraging training dynamics-based confidence,
we first linearly interpolate between confident and
unconfident examples to bridge the confidence gap
across the semantic representation space. Then, we
introduce a Mixup-based regularization to support
learning on these additional, interpolated exam-
ples. By promoting the flow of supervision sig-
nals between regions of differing confidence lev-
els (Bengio et al., 2009; Chapelle et al., 2009) and
encouraging linear behavior over a smoother de-
cision boundary (Zhang et al., 2018), our regular-
ization mitigates overfitting in confident examples
and enhances generalization in unconfident ones
during LLM instruction tuning.

3.3 Recipe

We now introduce the details of our three-step SFT-
Mix recipe (illustrated in Figure 2).

Step 1: Determine Subspaces with Distinct Con-
fidence Levels. Given an SFT dataset D, we first
instruction-tune a reference LLM via NTP and col-
lect its confidence Conf (Yi | Xi) as in §3.1 for each
pair (Xi,Yi) ∈ D. We then divide D into two
equal-sized subsets according to Conf (Yi | Xi): a
confident subset Dc and an unconfident subset Du.

Step 2: Linearly Interpolate Confident and
Unconfident Examples. Consider a confident
instruction-response pair (X c

i ,Yc
i ) ∈ Dc and an

unconfident pair (X u
i ,Yu

i ) ∈ Du. Let Yc
n and Yu

n

be the one-hot encoding vectors of the n-th token in
Yc and Yu, respectively, with Zc

n and Zu
n as the cor-

responding representations predicted by the target
instruction-tuning LLM (different from the refer-
ence LLM used in Step 1). We linearly interpolate
the two pairs as follows:

Z̃n = λZc
n + (1− λ)Zu

n,

Ỹn = λYc
n + (1− λ)Yu

n,

where λ ∼ Beta(α, α) and α is a hyperparameter.

Step 3: Incorporate a Mixup-Based Regular-
ization. Suppose that N ′

i = min(N c
i , N

u
i ) repre-

sents the length of the shorter response between Yc
i

and Yu
i . We define the Mixup-based regularization

ℓMixup(Dc,Du) between the confident and unconfi-
dent subsets and the overall instruction-tuning loss
ℓSFTMix used in our SFTMix recipe as follows:

ℓMixup(Dc,Du) = −
|D|/2∑

i=1

N ′
i∑

n=1

H(Ỹn, σ(Z̃
⊤
nW)),

ℓSFTMix(D) = ℓNTP(D) + µ ℓMixup(Dc,Du).

Here, µ is a hyperparameter to control the regu-
larization effect. For ease of implementation, we
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ensure that each training batch contains an equal
number of confident and unconfident examples,
which are then randomly paired for the linear inter-
polation and the Mixup-based regularization.

3.4 Analysis
Here, we analyze how the Mixup-based regulariza-
tion affects the direction of gradient descent in the
original NTP paradigm. For notational simplicity,
we focus on the cross-entropy H(Ỹ, σ(Z̃⊤W)) be-
tween the interpolated one-hot encoding vector Ỹ
and the corresponding interpolated representation
Z̃ from the target LLM’s last transformer layer.

Let S̃ = Z̃⊤W, the gradient of H w.r.t. S̃ is

∇S̃H(Ỹ, σ(S̃)) = σ(S̃)− Ỹ.

Using the chain rule, we have

∇WH(Ỹ, σ(Z̃⊤W)) = Z̃⊤
(
σ(Z̃⊤W)− Ỹ

)
.

Since the gradient w.r.t. W involves the nonlinear
softmax operation σ, we have

σ(Z̃⊤W) = σ(λZc⊤W + (1− λ)Zu⊤W)

̸= λσ(Zc⊤W) + (1− λ)σ(Zu⊤W).

In other words, the gradient from the regularization
with the interpolated example does not decompose
into a weighted sum of the gradients from the NTP
loss on the corresponding confident and unconfi-
dent examples. As a result, the Mixup-based regu-
larization modifies the gradient descent direction in
NTP by incorporating these interpolated examples.

4 Experiments

We assess the effectiveness of SFTMix against the
NTP baseline in both instruction-following (§4.1)
and domain-specific (§4.2) SFT tasks.

4.1 Instruction-Following SFT
Experiment Setup. We compare SFTMix with
NTP and a sample-reweighting baseline, IR-
DRO (Chen et al., 2024b), using three pre-trained
LLMs: Llama-3.1-8B (Llama) (Dubey et al.,
2024), Mistral-7B-v0.1 (Mistral) (Jiang et al.,
2023), and Qwen-2.5-14B (Qwen) (Hui et al.,
2024). Due to computational constraints, we
train Qwen only on the smaller, uncurated Alpaca-
52K (Taori et al., 2023), while Llama and Mis-
tral are trained on both Alpaca-52K and the larger
filtered datasets: UltraChat-200K (Tunstall et al.,

LLM Recipe MT-Bench AlpacaEval-2
ST MT Overall WR LC WR

Dataset: Alpaca-52K

Llama
IR-DRO 4.8503 3.6121 4.2312 4.1019 8.7509

NTP 4.9100 3.8150 4.3625 4.0714 8.6528
SFTMix 5.2125 3.9525 4.5825 4.9031 10.3195

Mistral
IR-DRO 5.1127 4.0522 4.5825 4.3411 9.2137

NTP 5.1650 4.0675 4.6163 4.3560 9.1759
SFTMix 5.2775 4.5425 4.9100 4.5386 9.4994

Qwen
NTP 6.8177 5.5683 6.1930 7.0764 13.9508

SFTMix 7.1298 5.9196 6.5247 7.8810 15.0235

Dataset: UltraChat-200K

Llama
NTP 6.1875 5.0125 5.6000 5.0665 8.4505

SFTMix 6.2750 5.3500 5.8125 5.1149 9.3810

Mistral
NTP 5.7625 4.6938 5.2281 4.4899 7.7732

SFTMix 5.9813 4.8813 5.4313 4.6117 8.7650

Dataset: Tulu3-939K

Llama
NTP 6.2500 4.9625 5.6063 7.1045 12.0811

SFTMix 6.6721 5.3331 6.0026 8.0129 13.1345

Mistral
NTP 5.9246 4.0128 4.9687 6.9926 11.2471

SFTMix 6.3626 4.3398 5.3512 7.5421 11.8681

Table 1: Evaluation of instruction-following capabilities
of LLMs trained with NTP, SFTMix, and IR-DRO. We
highlight the best-performing instruction-tuning recipe
in bold. SFTMix outperforms the baselines consistently
across instruction-tuning datasets and LLMs.

2023) and Tulu3-939K (Lambert et al., 2024). For
the same reason, IR-DRO is evaluated only on
Llama and Mistral using Alpaca-52K. We then eval-
uate the instruction-tuned LLMs on two instruction-
following benchmarks: MT-Bench (Zheng et al.,
2023) and AlpacaEval-2 (Dubois et al., 2024). Fol-
lowing Zhao et al. (2024), we also conduct a human
evaluation for head-to-head comparisons using the
Vicuna subset in AlpacaEval-2.

Implementation Details. By default, we use a
separate instance of the same type as the target
instruction-tuning LLM to obtain Conf (Yi | Xi) in
Step 1 of SFTMix. We train each LLM on Alpaca-
52K for three epochs and on UltraChat-200K and
Tulu3-939K for one epoch, with a batch size of 32
on eight H100 GPUs. The tuning process employs
the AdamW optimizer with a learning rate of 2e−6,
a weight decay of 0.1, and a cosine learning rate
scheduler with a warm-up ratio of 0.1. Based on
our hyperparameter search in §A.1, we set α = 0.5
for sampling λ and µ = 0.2 when constructing
ℓSFTMix. The NTP baseline follows the same setup
but excludes the Mixup-based regularization ℓMixup.
When training on UltraChat-200K and Tulu3-939K,

1709



we expand each multi-turn interaction into multiple
single-turn interactions by incorporating the chat
history into the instructions. In MT-Bench and
AlpacaEval-2, we employ GPT-4 (Achiam et al.,
2023) for LLM-as-a-judge and report the results
averaged over five evaluation rounds.

Evaluation Results. As illustrated in Table 1,
instruction-tuning with SFTMix consistently out-
performs NTP and IR-DRO across all metrics in
both evaluation benchmarks, regardless of the base
LLM or SFT dataset. Notably, SFTMix yields a
greater improvement in the multi-turn (MT) conver-
sational ability (an average increase of 0.32) com-
pared to single-turn (ST) performance (an average
increase of 0.27) in MT-Bench. In AlpacaEval-
2, the improvement is particularly evident in the
length-controlled win rate (Dubois et al., 2024) (LC
WR), which better aligns with human judgment
by adjusting for GPT-4’s preference for longer re-
sponses. While instruction-tuning with the larger,
higher-quality UltraChat-200K dataset results in
higher scores in MT-Bench and raw win rates
(WRs) in AlpacaEval-2, it also produces longer
responses, leading to relatively lower LC WRs. In
contrast, SFTMix with Tulu3-939K delivers larger
gains across all metrics than UltraChat-200K.

Further Analysis. Our human evaluation indi-
cates that instruction-tuning with SFTMix wins
42.5% of the head-to-head comparisons, while
NTP wins only 26.5% (details in §A.2). This
agrees with the conclusion from LLM-as-a-judge
evaluations. We also provide per-category scores
and qualitative examples from MT-Bench in §A.3
to illustrate these differences and demonstrate the
effectiveness of SFTMix in multilingual instruc-
tion tuning in §A.4. Furthermore, we compare the
confidence distribution of Llama instruction-tuned
with SFTMix versus NTP on Alpaca-52K. SFT-
Mix reduces the standard deviation of confidence
scores by 7%, indicating a more uniform distribu-
tion. This suggests SFTMix helps prevent overfit-
ting on confident samples while better supporting
learning from less confident ones.

4.2 Domain-Specific SFT
Experiment Setup. In healthcare-specific SFT,
we train Llama and Mistral on the MedAlpaca-
263K medical dataset (Han et al., 2023) using
either NTP or SFTMix for two epochs, keeping
other hyperparameters as in §4.1. We assess their
performance on four healthcare-related question-

LLM Med Med PubMed MedMC AveQA QA-5 QA QA

Existing 7B Biomedical LLMs

MedAlpaca 38.94 33.96 57.20 34.90 41.25
PMC-LLaMA 27.94 21.24 54.87 24.57 32.16
BioMedGPT 38.62 34.72 58.27 35.57 41.80
Meditron 35.09 26.73 56.93 34.03 38.20
BioMistral 43.86 37.58 50.13 44.14 43.93

Dataset: MedAlpaca-263K

Llama 59.68 53.23 73.40 52.79 59.78
+ NTP 59.31 54.52 75.40 53.65 60.72
or SFTMix 60.88 55.38 77.80 54.15 62.05

Mistral 49.18 43.94 72.33 47.98 53.36
+ NTP 49.10 44.62 75.40 48.15 54.32
or SFTMix 51.77 45.72 77.40 49.03 55.98

Table 2: Evaluation results on four healthcare-related
benchmarks by prior biomedical LLMs and LLMs
trained using either NTP or SFTMix. We bold the scores
from the best-performing instruction-tuning recipe. SFT-
Mix achieves a 1.5% absolute increase in average accu-
racy compared to NTP for both Llama and Mistral.

Reference MT-Bench AlpacaEval-2
LLM ST MT Overall WR LC WR

Same 5.2125 3.9525 4.5825 4.9031 10.3195
Weaker 4.8500 4.2625 4.5563 4.5786 10.0483

Table 3: Evaluation of using different reference LLMs
to obtain confidence in SFTMix. By default, SFTMix
uses a reference LLM of the same type as the target
instruction-tuning LLM, while “Weaker” refers to using
a less capable reference LLM. Generalizing training
dynamics from a weaker reference LLM performs com-
parably to using the same reference LLM.

answering benchmarks: MedQA (Jin et al., 2021),
its five-option variant MedQA-5, PubMedQA (Jin
et al., 2019), and MedMCQA (Pal et al., 2022).
Following Labrak et al. (2024), we adopt a three-
shot setting and report the mean accuracy over
three evaluation runs. For comparison, we also
include prior biomedical LLMs of similar size:
MedAlpaca-7B (Han et al., 2023), PMC-LLaMA-
7B (Wu et al., 2024), BioMedGPT-LM-7B (Luo
et al., 2023), Meditron-7B (Chen et al., 2023a), and
BioMistral-7B (Labrak et al., 2024).

Evaluation Results. Table 2 shows that SFTMix
consistently surpasses NTP across all benchmarks
for both LLMs. In particular, SFTMix leads to
a 1.33% absolute improvement (from 60.72% to
62.05%) for Llama and a 1.66% increase (from
54.32% to 55.98%) for Mistral in average accuracy
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NTP Data Mixup MT-Bench AlpacaEval-2
Quality Included? ST MT Overall WR LC WR

High No 6.1175 5.2575 5.6875 7.2636 11.4490
High + Low No 5.9000 5.1825 5.5412 6.5871 11.9590
High + Low Yes 5.8025 5.0975 5.4500 5.9382 11.1768

Table 4: Evaluation of performing Mixup based on
known data quality. “High” refers to the higher-quality
examples from GPT-4, while “Low” refers to the lower-
quality original examples in Alpaca-52K. Simply apply-
ing Mixup regularization between these subsets does
not necessarily improve performance further.
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Figure 3: Confidence distributions from instruction-
tuning Llama on datasets of varying qualities. On the
y-axis, “High” represents higher-quality examples from
GPT-4, while “Low” denotes lower-quality original ex-
amples from Alpaca-52K. Llama’s confidence distribu-
tions show substantial overlap across these datasets.

across the four benchmarks. These models also
significantly outperform existing biomedical LLMs
across all benchmarks by a clear margin.

5 Analysis

Building on SFTMix’s effectiveness in §4, we an-
alyze SFTMix in depth across six directions by
instruction-tuning Llama on Alpaca-52K.

5.1 Generalizing the Training Dynamics from
a Weaker Reference LLM Is Feasible

Inspired by Burns et al. (2024), we explore whether
training dynamics from a weaker reference LLM
transfer to a stronger one. Specifically, we use
Gemma-2B (Team et al., 2024) to split Alpaca-52K
into confident and unconfident subsets, then use
them for Mixup regularization when tuning Llama.

In Table 3, this alternative approach yields com-
parable scores on MT-Bench and AlpacaEval-2 to
the default SFTMix recipe, which uses the same
LLM for both training dynamics and Mixup-based
instruction tuning. This finding aligns with the
weak-to-strong generalization Burns et al. (2024)
and suggests that confidence scores precomputed
from weaker LLMs can be reused for stronger mod-
els, amortizing the computational cost over time.

Role of MT-Bench AlpacaEval-2
ℓNTP ℓMixup ST MT Overall WR LC WR

Loss - 4.9100 3.8150 4.3625 4.0714 8.6528
Loss Reg. 5.2125 3.9525 4.5825 4.9031 10.3195
Loss Loss 4.7050 4.1075 4.4062 3.9450 8.2856

- Loss 5.0125 4.0000 4.5062 3.5821 7.2964

Table 5: Evaluation of the optimal role of ℓMixup along-
side ℓNTP. By default, SFTMix incorporates ℓMixup as
a regularization together with the NTP loss ℓNTP. This
setting achieves the highest scores across most metrics.

NTP Mixup MT-Bench AlpacaEval-2
Dataset Included? ST MT Overall WR LC WR

Full
Yes 5.2125 3.9525 4.5825 4.9031 10.3195
No 4.9100 3.8150 4.3625 4.0714 8.6528

Conf.
Yes 4.9775 4.1075 4.5425 4.4496 9.7824
No 4.7620 3.8206 4.2913 3.9012 8.0425

Unconf.
Yes 5.1800 3.9050 4.5425 4.2030 8.9392
No 4.7164 3.8392 4.2778 3.6552 7.9889

Table 6: Evaluation of using the confident subset, the un-
confident subset, or the full dataset for NTP. By default,
SFTMix applies ℓNTP to the full dataset alongside ℓMixup.
This setting achieves the best results among the variants,
demonstrating SFTMix’s effectiveness in leveraging a
larger set of training examples.

5.2 Training Dynamics-Based Confidence Is
Crucial for Performing Mixup

We now explore whether we can substitute train-
ing dynamics-based confidence with known data
quality. To test this hypothesis, we replace half of
the original responses in Alpaca-52K with higher-
quality GPT-4-generated versions (Peng et al.,
2023), forming the “High” subset, while referring
to the remaining lower-quality original responses as
“Low”. We then train Llama using three approaches:
(1) NTP on High, (2) NTP on the combined High
+ Low dataset, and (3) NTP on High + Low with
the Mixup regularization applied between them.

The use of higher-quality responses from GPT-
4 indeed enhances instruction-tuning performance
on both MT-Bench and AlpacaEval-2, as shown in
Table 4. However, simply applying Mixup between
the two datasets of varying quality does not nec-
essarily improve performance further, as indicated
by the drop in the overall MT-Bench score from
5.5412 to 5.4500 and the LC WR in AlpacaEval-2
from 11.9590 to 11.1768. To investigate this obser-
vation, we plot the LLM’s confidence distributions
for both the High and Low subsets in Figure 3. The
substantial overlap in confidence distributions sug-
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Data Recipe MT-Bench AlpacaEval-2
Selection ST MT Overall WR LC WR

AlpaGasus
NTP 4.9787 3.5275 4.2531 4.0752 8.7182

SFTMix 5.1725 3.9663 4.5694 4.9006 10.3089

Long
NTP 4.9338 3.8936 4.4137 4.2691 8.8523

SFTMix 5.3162 3.9262 4.6212 5.0230 10.4514

Uncurated
NTP 4.9100 3.8150 4.3625 4.0714 8.6528

SFTMix 5.2125 3.9525 4.5825 4.9031 10.3195

Table 7: Evaluation of SFTMix’s compatibility with
data selection methods. SFTMix seamlessly integrates
with them to further enhance LLM instruction tuning.

gests that data quality does not necessarily corre-
late with training dynamics-based confidence. This
highlights the importance of training dynamics in
determining the model-specific role of data points,
which is crucial for effectively applying SFTMix.

5.3 Incorporating Mixup as a Regularization
Is More Effective

To fully explore the effect of our proposed Mixup
regularization ℓMixup, we experiment two alterna-
tive treatments: (1) treating ℓMixup as an additional
loss alongside ℓNTP (i.e., ℓ = ℓNTP + ℓMixup), rather
than as a regularization; and (2) minimizing only
ℓMixup without ℓNTP (i.e., ℓ = ℓMixup).

Table 5 shows that these two variants achieve
higher scores on MT-Bench but perform worse
on AlpacaEval-2 compared to the NTP baseline
(i.e., using only the NTP loss). Furthermore, our
SFTMix recipe, which employs ℓMixup as a reg-
ularization together with ℓNTP, still outperforms
both variants across both benchmarks. This find-
ing highlights the importance of incorporating the
traditional NTP task during SFT and supports the
conclusion that Mixup is more effective when used
as a regularization alongside the standard cross-
entropy loss in LLM instruction tuning.

5.4 SFTMix Effectively Utilizes Entire
Instruction-Tuning Datasets

As part of our SFTMix recipe, we apply the NTP
loss ℓNTP to the full SFT dataset. Here, we consider
variants where ℓNTP is applied selectively to either
the confident or unconfident halves of the dataset,
with or without the Mixup regularization ℓMixup.

As shown in Table 6, both variants that apply
ℓNTP to only half of the dataset while incorporat-
ing Mixup achieve the same overall score on MT-
Bench. However, the variant applying ℓNTP to the
confident subset performs better on AlpacaEval-2.
Notably, both variants—where ℓNTP is applied to

Using Recipe MT-Bench AlpacaEval-2
LoRA? ST MT Overall WR LC WR

Yes
NTP 4.9350 3.7600 4.3475 3.8841 8.5104

SFTMix 5.3350 3.8088 4.5719 4.8785 9.8030

No
NTP 4.9100 3.8150 4.3625 4.0714 8.6528

SFTMix 5.2125 3.9525 4.5825 4.9031 10.3195

Table 8: Evaluation of SFTMix’s adaptability to LoRA.
SFTMix outperforms NTP when using LoRA, adapting
well to compute-constrained scenarios.

only half of the dataset while including Mixup—
outperform the NTP baseline that applies ℓNTP to
the entire dataset without Mixup. We attribute
this improvement to the impact introduced by our
Mixup regularization ℓMixup. Nevertheless, our
SFTMix recipe, which leverages the full dataset
for NTP and applies ℓMixup, outperforms all these
variants, demonstrating its ability to effectively uti-
lize a larger set of potentially lower-quality training
examples during instruction tuning.

5.5 SFTMix Integrates Well with Data
Selection Methods

Although SFTMix performs effectively with the un-
curated Alpaca-52K in §4.1, it can be seamlessly in-
tegrated with various data selection methods. Here,
we first select 1,000 high-quality examples from
Alpaca-52K using either AlpaGasus (Chen et al.,
2024a), which grades responses with proprietary
LLMs, or Long (Zhao et al., 2024), which chooses
the longest responses. We then apply either NTP
or SFTMix to the selected examples.

As shown in Table 7, applying SFTMix to the
uncurated dataset outperforms NTP with either
data selection strategy. Instruction tuning on the
AlpaGasus-selected subset matches performance
on the full dataset, while using the longest exam-
ples performs slightly better. Nevertheless, combin-
ing SFTMix with either method yields substantial
improvements over the NTP baseline. This sug-
gests that integrating SFTMix with existing data
selection strategies (Albalak et al., 2024; Wang
et al., 2024) could further enhance performance in
LLM instruction tuning.

5.6 SFTMix Is Compatible with
Parameter-Efficient Fine-Tuning

To enable parameter-efficient fine-tuning, we test
SFTMix’s compatibility with low-rank adaptation
(LoRA) (Hu et al., 2022). Specifically, we com-
pare SFTMix and NTP using both LoRA and full-
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parameter fine-tuning, with the results in Table 8.
Overall, LoRA performs comparably to full-

parameter SFT in MT-Bench but slightly under-
performs in AlpacaEval-2. Even with LoRA-based
instruction tuning, SFTMix effectively improves
performance over the NTP baseline, demonstrating
its adaptability to compute-constrained scenarios.

6 Conclusion

In this paper, we propose SFTMix, a novel recipe
for elevating LLM instruction tuning. We observe
that LLMs exhibit uneven confidence distributions
across the semantic space, and argue that data
with different confidence levels should play dis-
tinct roles in tuning. To this end, we partition an
SFT dataset into confident and unconfident subsets,
interpolate them to bridge the confidence gap, and
introduce a Mixup-based regularization to facilitate
learning. Extensive experiments show that SFTMix
outperforms the conventional NTP paradigm across
diverse LLM families and SFT datasets. Our anal-
yses further highlight its versatility and scalability.
Applying dynamic scheduling to Mixup regular-
ization and extending it to LLM pre-training are
promising directions for future work.

Limitation

Due to computational constraints, we do not ap-
ply SFTMix to LLM pre-training or instruction-
tune models larger than 14B. We also acknowl-
edge that SFTMix requires an initial fine-tuning
round to estimate training dynamics-based confi-
dence. While this adds computational cost, it is
comparable to prior data selection methods such
as LESS (Xia et al., 2024) and Rho-1 (Lin et al.,
2024), which also depend on reference models. To
mitigate this cost, we explore using confidence
scores from weaker LLMs in §5.1, though further
experiments are needed to robustly establish their
generalization. We also examine SFTMix’s com-
patibility with lightweight data selection methods
in §5.5, but additional evaluation is required to
validate its effectiveness across varied strategies.
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A Additional Experiment Results

A.1 Hyperparameter Search
In SFTMix, we use the hyperparameter µ to con-
trol the regularization effect in the training loss
ℓSFTMix and α to control the sampling distribu-
tion of λ. To explore their impacts, we experi-
ment with µ ∈ {0.05, 0.1, 0.2, 0.5, 1} and α ∈
{0.1, 0.2, 0.5, 0.7, 1} by instruction-tuning Llama
on Alpaca-52K and UltraChat-200K. As shown in
Table 9, µ = 0.2 achieves the highest performance
across most metrics. Similarly, Table 10 shows
that α = 0.5 yields the best overall score on MT-
Bench and the highest LC WR on AlpacaEval-2.
Hence, we set µ = 0.2 and α = 0.5 in §4 and
§5. We also observe that performance remains sta-
ble for µ between 0.1 and 0.2 and α between 0.2
and 0.5. However, performance declines when α
approaches 0.1 or 1, where the Beta distribution
becomes too flat and the interpolated examples de-
viate excessively from either endpoint.

In SFTMix, we apply Mixup regularization by
interpolating between the most and least confident
halves of the dataset. We adopt an equal split for
its simplicity and ease of implementation, avoid-
ing additional hyperparameters. To examine this
design choice, we also fine-tune Llama-3.1-8B us-
ing Mixup between the most and least confident
thirds. As shown in Table 11, the equal split con-
tinues to yield the largest improvement over NTP.
These results suggest that equal partitioning serves
as a strong default, while more adaptive strategies
remain a promising direction for future work.

A.2 Human Evaluation on AlpacaEval-2
To complement the LLM-as-a-judge evaluation in
§4.1, we conduct a human evaluation following
the setup in (Zhao et al., 2024). Specifically, we

µ
MT-Bench AlpacaEval-2

ST MT Overall WR LC WR

Dataset: Alpaca-52K

0.05 5.0030 3.9623 4.4827 4.7100 9.9138
0.1 5.0600 4.0238 4.5419 4.7715 10.0172
0.2 5.2125 3.9525 4.5825 4.9031 10.3195
0.5 4.9606 3.8968 4.4287 4.5092 9.5034
1 4.7050 4.1075 4.4062 3.9450 8.2856

Dataset: UltraChat-200K

0.05 6.1764 4.9208 5.5486 5.0433 8.5521
0.1 6.2988 5.2713 5.7851 5.0823 9.1174
0.2 6.2750 5.3500 5.8125 5.1149 9.3810
0.5 5.9701 4.5899 5.2800 4.8991 8.6712
1 5.6621 4.2490 4.9556 4.5661 8.2908

Table 9: Hyperparameter search for µ. We set µ = 0.2
as the default in SFTMix, as it achieves the highest
performance across most metrics.

α
MT-Bench AlpacaEval-2

ST MT Overall WR LC WR

Dataset: Alpaca-52K

0.1 5.1632 3.8991 4.5312 4.8813 10.0259
0.2 5.2237 3.9103 4.5670 4.9112 10.1865
0.5 5.2125 3.9525 4.5825 4.9031 10.3195
0.7 5.1209 3.9291 4.5250 4.7912 9.8247
1 5.0826 3.9200 4.5013 4.7526 9.9835

Dataset: UltraChat-200K

0.1 5.7461 4.9800 5.3631 4.9001 8.5527
0.2 6.2001 5.4137 5.8069 5.0221 9.1846
0.5 6.2750 5.3500 5.8125 5.1149 9.3810
0.7 6.0138 5.0012 5.5075 5.0811 8.9312
1 5.9112 4.8641 5.3877 4.8813 8.7512

Table 10: Hyperparameter search for α. We set µ = 0.5
as the default in SFTMix, as it achieves the highest
performance across most metrics.

use the 80 instructions from the Vicuna subset in
AlpacaEval-2 and compare responses generated
by Llama, instruction-tuned on Alpaca-52K using
either NTP or SFTMix, in a head-to-head fashion.
As in (Zhao et al., 2024), we instruct evaluators to
disregard response length in their judgments.

We collect 200 human preference judgments,
where Llama instruction-tuned with SFTMix wins
42.5% of the time, NTP wins 26.5%, and the re-
maining 31% are ties. This result aligns with our
observation in §4.1 that SFTMix outperforms NTP
in instruction-following SFT tasks.
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Given the following data, identify the top-profit company and its CEO's name:
a) Company X, with CEO Amy Williams, reported $30B in revenue and a $3B profit.
b) Company Y, led by CEO Mark Thompson, revealed a $60B revenue and a $6B profit.
c) Company Z, under CEO Sarah Johnson, announced a $20B revenue and a $7B profit.
d) Company W, led by CEO James Smith, posted a $300B revenue with a $21B profit.
e) Company V, with CEO Lisa Brown, reported a $200B revenue and a $25B profit.
f) Company U, under CEO John White, posted a $180B revenue and a $20B profit.

Which company had the highest profit margin (profit/revenue ratio)?

Company Z (35%).
Company W, managed by
CEO James Smith, had the
highest 7% profit margin.

Company Z had the 
highest profit margin 
with a ratio of 35%.

First-Turn Query

Second-Turn Query

Reference NTP SFTMix Score = 10Score = 1

Company V, led by
Lisa Brown ($25B).

Company W, managed by 
CEO James Smith, had the
highest profit with $21B.

Company V, led by CEO 
Lisa Brown, reported the
highest profit with $25B.

NTP Score = 1 SFTMix Score = 10Reference

Figure 4: A qualitative example from the extraction cat-
egory in MT-Bench. Compared to its NTP-tuned coun-
terpart, Llama instruction-tuned by SFTMix accurately
interprets the queries from both turns and correctly ex-
tracts the relevant information from the prompt.

Writing

Roleplay

Coding

Math

Reasoning

Extraction

STEM

Humanities

2

4

6

8

NTP SFTMix

Figure 5: Per-category MT-Bench scores for Llama-3.1-
8B tuned on Alpaca-52K. SFTMix consistently outper-
forms NTP, notably in extraction, STEM, and roleplay.

A.3 MT-Bench Result Analysis

Figure 4 presents a test example from the extraction
category in MT-Bench, showing responses gener-
ated by Llama-3.1-8B instruction-tuned on Alpaca-
52K using either NTP or SFTMix. In this example,
the LLM trained with SFTMix accurately interprets
the instructions from both the first- and second-
turn queries, correctly extracting the relevant infor-
mation from the prompt. Notably, it succeeds in
answering the second-turn query, which involves
calculating the profit margin and performing a ra-
tio comparison. In contrast, the LLM trained with
NTP struggles to differentiate between revenue and
profit, leading to incorrect responses in both turns.

Recipe Mixup MT-Bench AlpacaEval-2
ST MT Overall WR LC WR

NTP - 4.9100 3.8150 4.3625 4.0714 8.6528
SFTMix Half 5.2125 3.9525 4.5825 4.9031 10.3195
SFTMix Third 5.1450 3.9850 4.5650 4.2073 8.8978

Table 11: Evaluation of the Mixup ratio in SFTMix. By
default, SFTMix applies Mixup between the most and
least confident halves, yielding greater improvement.

Language Recipe Win Tie Loss

Chinese
NTP 30.4% 35.6% 34.0%

SFTMix 38.8% 33.2% 28.0%

French
NTP 34.5% 24.5% 41.0%

SFTMix 39.0% 22.5% 38.5%

Table 12: Multilingual evaluation of SFTMix. The
method consistently improves win rates in both Chinese
and French instruction tuning.

To provide finer-grained insights, we report
per-category MT-Bench scores for Llama-3.1-8B
instruction-tuned on Alpaca-52K. As shown in Fig-
ure 5, SFTMix consistently improves over NTP
across all categories, with the largest gains in ex-
traction, STEM, and roleplay. However, both meth-
ods remain limited in coding, math, and reasoning,
likely due to the lack of such data in Alpaca-52K.

A.4 Multilingual Instruction Tuning
To assess SFTMix in multilingual settings, we fine-
tune Llama-3.1-8B on the Chinese (Peng et al.,
2023) and French (Chen et al., 2023b) variants
of Alpaca-52K, following the setup in §4.1. We
then compare the resulting models with human-
annotated baselines from Aya (Singh et al., 2024)
in the respective languages, using GPT-4o (Hurst
et al., 2024) as the judge. As shown in Table 12,
SFTMix increases the win rate in both languages,
demonstrating its cross-lingual generalizability.
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