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Abstract

Fine-tuning large language models (LLMs) on
a single target task requires balancing task adap-
tation with retention of prior capabilities. Exist-
ing teachers mainly guide preservation or trans-
fer, but do not identify which target-task sam-
ples should be emphasized when fine-tuning
must retain prior capabilities. We propose
the Unconstrained Fine-tuned Teacher (UFT),
shifting the teacher role from “knowledge trans-
fer” to “value discovery”. UFT is obtained by
unconstrained fine-tuning on the target task and
then compared with the source model to iden-
tify high-value samples. These samples are
upweighted during student fine-tuning and re-
ceive value-weighted UFT-guided distillation,
allowing the student to prioritize task-critical
signals while preserving prior capabilities. Ex-
periments on Magicoder and MetaMathQA
show that UFT improves the trade-off between
target-task performance and prior-capability re-
tention, while converging faster and more sta-
bly. By turning teacher behavior into sample-
value discovery, UFT establishes a new teacher
role for data-efficient fine-tuning. Code at:
https://github.com/zjh-vinky/UFT.

1 Introduction

Fine-tuning LLMs on a single target task must bal-
ance target-task adaptation with preserving prior
capabilities (Wu et al., 2025a; Wang et al., 2025b;
Lin et al., 2026). Although parameter-efficient
methods like LoRA (Hu et al., 2022) can reduce ca-
pability degradation by constraining updates, they
may underfit task-specific nuances (He, 2024; Shen
et al., 2025). Knowledge distillation offers an
alternative by transferring teacher knowledge to
students (Hinton et al., 2015). However, existing
teacher roles mainly preserve source-model behav-
ior or transfer external capabilities, rather than dis-
cover which target-task samples carry value for
adaptation while preserving prior capabilities.
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Figure 1: From Knowledge Transfer to Value Discovery.

Recent advances have diversified teacher func-
tions in fine-tuning. Old-knowledge teachers pre-
vent forgetting through regularization (Wu et al.,
2025b), generalist teachers transfer universal skills
via synthetic data generation (Yin et al., 2025),
and structure teachers model relational knowl-
edge (Truong et al., 2025). While useful for teacher-
guided adaptation, these approaches neither assess
target-task sample value nor indicate which sam-
ples deserve emphasis. This can make learning
inefficient, because reliable task-specific samples
that do not undermine prior capabilities are not pri-
oritized over noisy or potentially disruptive ones.

The data weighting literature has addressed a
related issue. FLOW (Sanyal et al., 2025) weights
samples by pretrained-model losses, emphasiz-
ing easy samples to mitigate forgetting. Sow
et al. (2025) uses dynamic loss-based reweighting,
and ADAPT (Zhao et al., 2026) performs online
reweighting from similarity-derived quality signals.
However, they rely on generic proxies such as loss
or quality heuristics, lacking a task-specialized ex-
pert signal that reflects target-task-only adaptation.
They identify samples favored by proxies rather
than those worth emphasizing for target-task adap-
tation under prior-capability preservation.

Consider fine-tuning a model on mathematical
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reasoning (Wei et al., 2022; Luo et al., 2025). Stan-
dard distillation may uniformly transfer generalist-
teacher knowledge, yet fail to identify examples
containing reliable task-specific reasoning patterns.
Indiscriminate learning from all target-task sam-
ples may overfit noisy reasoning traces and degrade
prior capabilities. Existing data weighting methods
may prioritize samples by proxy signals like loss,
but still miss examples with reliable task-specific
value. Thus, sample utilization remains inefficient
because training cannot distinguish task-critical ex-
amples from difficult, noisy, or disruptive ones.

A fundamental limitation is the lack of teacher
signals for target-task value judgment. Existing dis-
tillation largely follows “blind transfer”, assigning
uniform weight to samples regardless of whether
they are informative or redundant for the target
task (Gou et al., 2021). When updates involve
high-variance or noisy samples, convergence slows
and generalization degrades (Mirzadeh et al., 2020;
Agarwal et al., 2024). We argue that knowing what
to emphasize is as critical as knowing how to pre-
serve, yet existing teacher roles do not gauge target-
task sample value under source-model preservation
constraints, as illustrated in Fig. 1.

To address this, we propose the Unconstrained
Fine-tuned Teacher (UFT), shifting the teacher
role from knowledge transfer to value discovery.
UFT is obtained through unconstrained target-task
fine-tuning, allowing the teacher to reveal the value
of target samples beyond their raw supervision la-
bels. By relating this target-task expert to source-
reference behavior, UFT discovers samples with
reliable adaptation value and limited conflict with
confident source behavior. These discovered values
guide value-weighted UFT supervision, enabling
the student to focus on task-critical signals without
unnecessary deviation from source-model behavior.
Thus, UFT improves target-task adaptation while
preserving source-model behavior.

Our contributions are summarized as follows:

1. We identify a gap in the teacher-role spec-
trum: existing teachers mainly preserve or
transfer knowledge, while target-sample value
discovery for adaptation with prior-capability
preservation remains underexplored.

2. We propose UFT, an unconstrained fine-tuned
teacher that shifts the teacher role from knowl-
edge transfer to value discovery. By coupling
UFT reliability with source-relative behav-
ioral divergence, UFT discovers preservation-

aware utilities without sample-value annota-
tions.

3. We establish a value-guided fine-tuning
pipeline that converts discovered sample
values into dual-teacher supervision. Re-
sults across three models on Magicoder and
MetaMathQA show faster convergence and
stronger target-task performance while pre-
serving prior capabilities.

2 Related Work

2.1 Data Weighting in LLM Fine-tuning
Assigning differential importance to training data
has become important for efficient LLM adapta-
tion. Recent methods estimate data weights from
proxy signals such as loss or confidence (Sanyal
et al., 2025; Sow et al., 2025), validation signals
or training dynamics (Li et al., 2025b; Pan et al.,
2025; Zhao et al., 2026), and even smaller-model
judgments (Afzali et al., 2026; Liu et al., 2026a).
Although these strategies differ, they mostly rely
on indirect signals to assess data importance. Thus,
estimated weights may reflect superficial difficulty,
transient optimization states, or proxy-specific bi-
ases, rather than which samples best support target-
task adaptation while preserving prior capabilities.

Zhou et al. (2025) study model-centric data selec-
tion by comparing a base model with its fine-tuned
counterpart and using loss to estimate per-sample
learning potential, yielding learnability-based se-
lection. This signal measures how much the model
improves on each sample after fine-tuning. UFT
shifts the criterion from improvement magnitude
to sample value, jointly considering target-task
evidence reliability and compatibility with confi-
dent source-model behavior. The unconstrained
fine-tuned teacher provides task-specific evidence,
while source-relative divergence evaluates source
compatibility. The resulting utility identifies and
emphasizes high-value samples during fine-tuning.
Appendix D.8 further compares UFT with DavIR.

2.2 Knowledge Distillation for LLMs
Knowledge distillation transfers capabilities from
teacher to student and was originally proposed for
model compression (Hinton et al., 2015). In con-
tinual learning, model-based distillation mitigates
forgetting by encouraging the adapted model to pre-
serve source-model behavior (Schwarz et al., 2018).
However, these approaches treat the teacher mainly
as a static repository of prior knowledge, offering
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Figure 2: Overview of the UFT framework. It constructs an unconstrained teacher for value discovery, identifying
samples useful for new-task learning and compatible with source-model behavior preservation. Stable student fine-
tuning is then guided by dual teachers, with UFT supervising adaptation and SRefT anchoring source knowledge.

little guidance on which target-task samples should
receive stronger supervision during fine-tuning.

Recent advances have diversified teacher roles.
Some methods directly use learned teachers as on-
policy supervisors over student-generated trajecto-
ries (Agarwal et al., 2024; Gu et al., 2024; Jang
et al., 2026; Ko et al., 2026), but do not identify
which samples should be emphasized under preser-
vation constraints. Others use teachers as output
refiners (Song et al., 2025; Adarsh et al., 2025), fo-
cusing on output quality rather than learning value.
Teachers can also serve as training-free scorers
of sample quality (Wang et al., 2025a; Xia et al.,
2025), though such signals are largely static and
insensitive to model-specific adaptation behavior.

Our approach reconceptualizes the teacher as a
value discovery mechanism. UFT is constructed
through unconstrained target-task fine-tuning, ex-
posing task-induced behavioral drift and yielding
a task-specialized teacher. Its contrast with the
source model, together with teacher reliability,
quantifies sample value under source-model preser-
vation constraints, enabling value-aware distilla-
tion rather than uniform transfer across samples.

2.3 Model-Centric Selective Learning
Recent work uses model behavior to assess training
value. RHO-1 (Lin et al., 2024) uses reference-
relative excess loss to identify valuable tokens,
while IFD (Li et al., 2024) estimates instruction
value from model-perceived difficulty. Forget-
ting (Taheri et al., 2026) uses changes in model
loss to distinguishes tokens to learn or forget, and
TOSS (Li et al., 2026) uses cross-model loss dif-
ferences to identify safety-sensitive tokens. Select
and Distill (Yu et al., 2024b) uses discrepancies
between pretrained and fine-tuned teachers to selec-

tively transfer complementary knowledge. In these
methods, model behavior provides a selection crite-
rion, while teachers remain sources of transferable
knowledge. Target-sample value discovery is not
treated as the teacher’s primary function.

Our approach reconceptualizes the uncon-
strained fine-tuned teacher as a value discovery
mechanism. UFT exploits task-specialized teacher
behavior to identify target samples that warrant
greater emphasis beyond their raw supervision.
The discovered values guide both sample weighting
and dual-teacher supervision, enabling the teacher
to determine what the student should emphasize
and how it should learn.

3 Methodology

3.1 Problem Formulation and Notation

Let θ ∈ Rd denote model parameters. We fine-
tune on a target-task dataset Dtgt = {(xi, yi)}Ni=1

with task loss Ltask. The source model Mref with
parameters θref is the pre-adaptation checkpoint and
serves as the Source Reference Teacher (SRefT),
providing reference behavior for preservation.

Sample weights are w∈∆N−1, where ∆N−1 =
{w : wi ≥ 0,

∑
iwi = 1}. They control each sam-

ple’s contribution to task learning and UFT-guided
target-task supervision. Preservation of source-
model behavior is handled separately and is not
solely governed by these utility-based weights.
Teacher Role Gap. Existing teacher roles in
knowledge distillation, including old-knowledge
guardians, generalist teachers, and structure teach-
ers, focus on preserving capabilities or transferring
content. However, they lack a teacher specialized
in assessing which target-task samples provide reli-
able task-specific learning signals while showing
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Figure 3: Sample utility regimes under UFT. UFT relia-
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i
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limited conflict with source-model behavior.

3.2 Constructing the Unconstrained
Fine-tuned Teacher

To discover samples worth emphasizing while pre-
serving prior capabilities, we require a teacher that
explores target-task behavior without preservation
constraints. We construct the Unconstrained Fine-
tuned Teacher (UFT) Muft with parameters θuft by
unconstrained fine-tuning of Mref on Dtgt. Specifi-
cally, we initialize θ

(0)
uft = θref and optimize

θuft = argmin
θ

∑
(x,y)∈Dtgt

ℓ(fθ(x), y). (1)

This exposes task-induced behavioral drift from
unconstrained target-task fine-tuning, providing
contrast to identify reliable task-specific signals
and potential conflicts with source-model behavior.
The Muft serves as a value-discovery teacher, pro-
viding target-task evidence for reliably supported
samples. Since UFT reliability alone cannot as-
sess source-behavior conflict, we next contrast UFT
with source-model reference behavior.

For each sample (xi, yi) ∈ Dtgt, the teacher di-
vergence on the target response is defined as

di =
1

Ti

Ti∑

t=1

DKL(Pref(·|xi, yi,<t) ∥Puft(·|xi, yi,<t)) , (2)

where Ti is the response length. We com-
pute per-sample uncertainty proxies as sci =
− 1

Ti

∑Ti
t=1 logPc(yi,t|xi, yi,<t) for c ∈ {ref, uft}.

Smaller scores indicate higher confidence.

3.3 Value Discovery Mechanism
The divergence di between SRefT and UFT mea-
sures behavioral deviation induced by uncon-
strained target-task fine-tuning on sample i, but

is insufficient alone. A large divergence may indi-
cate either a valuable task-specific signal or conflict
with source-model behavior. Thus, we evaluate di-
vergence relative to source-model uncertainty. Low
uncertainty implies confident source behavior and
limited drift tolerance, whereas high uncertainty
allows more room for target-task adaptation.

This motivates a relative divergence measure
that penalizes UFT–SRefT divergence only when
it exceeds the source-model uncertainty budget:

ui=σ

(
τ−suft

i

γ

)
·exp

(
−α·max(0, di−sref

i )
)
, (3)

where σ(·) is the sigmoid function, τ is the UFT un-
certainty threshold below which UFT supervision
is treated as reliable, γ > 0 controls the softness of
the reliability gate, and α > 0 controls sensitivity
to relative divergence. This formulation unifies six
intuitive cases into two principles: (1) higher UFT
reliability increases sample utility, and (2) diver-
gence is tolerated only when it does not exceed
source-model uncertainty, as illustrated in Fig. 3.
A detailed analysis is provided in Appendix A.
Weight Optimization. Given sample utilities
{ui}Ni=1, we optimize weights to maximize ex-
pected utility while preventing weight collapse
through entropy regularization

max
w∈∆N−1

∑N

i=1
wi ·ui−λ ·

∑N

i=1
wi logwi, (4)

where λ > 0 controls the entropy regularization.
This objective has the closed-form solution

w∗
i =

exp(ui/λ)∑N
j=1 exp(uj/λ)

. (5)

The obtained weights w∗
i are then used to empha-

size high-value samples in task learning and UFT-
guided target-task supervision. The derivation is
provided in Appendix B.1.

3.4 Value-guided Dual-Teacher Distillation
Given the optimized weights w∗, we perform fine-
tuning with dual-teacher distillation that balances
preservation of source-model behavior and target-
task adaptation. The student model receives guid-
ance from both SRefT and UFT, with each teacher
serving a distinct purpose.

SRefT provides stability regularization via
knowledge distillation:

L(i)

ref=
1

Ti

Ti∑

t=1

DKL(Pref(·|xi, yi,<t)∥Pθ(·|xi, yi,<t)) . (6)
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Algorithm 1 LLM Fine-tuning with UFT

Require: Mref, Dtgt, τ, γ, α, λ, β
Ensure: Fine-tuned model Mθ

1: θuft ← FineTune(θref,Dtgt)

2: Compute di, sref
i , and suft

i for xi ∈ Dtgt

3: Compute sample value ui by (3)
4: Compute sample weights w∗

i = exp(ui/λ)∑
j exp(uj/λ)

5: Compute teacher weights mi and ni by (8)
6: Train θ with weighted task loss and dual-

teacher distillation from SRefT and UFT
7: return Mθ

This term discourages unnecessary deviation from
source-model behavior.

UFT provides target-task guidance on target-
task samples:

L(i)

uft=
1

Ti

Ti∑

t=1

DKL(Puft(·|xi, yi,<t)∥Pθ(·|xi, yi,<t)) . (7)

This term provides a per-sample supervision signal
from the unconstrained target-task expert.
Confidence-Adaptive Distillation. A key insight
is that samples should rely differently on the two
teachers. High SRefT confidence (sref

i is small) in-
dicates that the target response is well supported by
the source model, so deviations from source-model
behavior should be discouraged. High SRefT un-
certainty (sref

i is large) indicates weaker source
guidance, allowing greater reliance on task-specific
supervision if reliable. In parallel, high UFT confi-
dence (suft

i is small) indicates reliable supervision
from the unconstrained target-task teacher, making
the sample suitable for UFT-guided learning.

To dynamically balance teacher guidance, we
convert uncertainty scores into reliability scores
rci = exp(−sci ) for c ∈ {ref, uft}, and define

mi =
rref
i

rref
i + ruft

i + ϵ
, ni =

ruft
i

rref
i + ruft

i + ϵ
, (8)

where ϵ is a constant for numerical stability. These
coefficients control the student’s relative reliance
on the two teachers for each sample. When SRefT
is more confident than UFT (rref

i ≫ ruft
i ), mi ≈ 1

and the student mainly follows SRefT to preserve
source-model behavior. Conversely, when UFT is
more confident than SRefT (ruft

i ≫ rref
i ), ni ≈ 1,

emphasizing UFT-guided target-task adaptation.
When both teachers are uncertain, neither provides

dominant reliable guidance, and the reliance is de-
termined by their stabilized relative reliabilities.

The total training objective combines task learn-
ing with confidence-adaptive distillation:

min
θ

N∑

i=1

[
w∗

i ℓ(fθ(xi), yi)+β

(
mi

N
L(i)

ref +w∗
i niL(i)

uft

)]
. (9)

where β controls global distillation strength, and
mi and ni are coupled reliability coefficients to bal-
ance source-behavior preservation and UFT-guided
target-task supervision at the sample level. The uni-
formly normalized SRefT term provides a broad
preservation anchor, while utility-weighted task
and UFT terms concentrate target adaptation on
high-value samples. By incorporating teacher reli-
ability, mi and ni implement confidence-adaptive
distillation, preventing over-regularization and
under-utilization of target-task expertise, and en-
abling efficient high-value learning while discour-
aging unnecessary source-behavior deviation. The
complete procedure is summarized in Algorithm 1.

4 Theoretical Analysis

We provide a theoretical analysis of UFT. First,
validation-based checkpoint selection is justified
within the finite UFT trajectory. Second, the result-
ing UFT weights remain reliable for downstream
student fine-tuning under moderate initial utility ap-
proximation error and dynamic utility drift. Proofs
are given in Appendix B.

Theorem 1 (Validation-based UFT checkpoint se-
lection). Let {θt}Tt=1 be checkpoints along the un-
constrained fine-tuning trajectory, and let ℓ(θ; z)
denote the per-sample validation loss. For each
checkpoint, define L̂val(θt) = n−1

val
∑nval

j=1 ℓ(θt; zj)
and Lpop(θt) = Ez∼D[ℓ(θt; z)], where {zj}nval

j=1 are
independent validation samples from the target-
task population D. Assume that the validation
set is independent of the training trajectory and
that ℓ(θt; z) ∈ [0, B] almost surely over z ∼ D
for all t ∈ {1, . . . , T}, where B > 0. Let
δ ∈ (0, 1), tval = argmin1≤t≤T L̂val(θt), and
tpop = argmin1≤t≤T Lpop(θt). Then, with prob-
ability at least 1− δ,

Lpop(θtval)≤Lpop(θtpop)+2B

√
log(2T/δ)

2nval
. (10)

Theorem 1 justifies validation-based selection
of the UFT checkpoint for computing static utili-
ties u. We next show that, under bounded utility
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drift, fixed UFT weights stay close to ideal dynamic
weights during local student fine-tuning.

Proposition 1 (Local stability of fixed UFT weight-
ing). Let u = (u1, . . . , uN ) be the static utilities
computed by UFT before downstream student train-
ing, and define the fixed UFT weights as

wuft
i =

exp(ui/λ)∑N
j=1 exp(uj/λ)

. (11)

Let {θk}Kk=0 be the student-training trajectory, and
let vi(θk) denote sample i’s ideal dynamic utility at
checkpoint θk, with v(θk) = (v1(θk), . . . , vN (θk)).
The corresponding dynamic reference weights are

wdyn
i (θk) =

exp(vi(θk)/λ)∑N
j=1 exp(vj(θk)/λ)

. (12)

Suppose UFT utilities approximate initial dynamic
utilities, with |ui − vi(θ0)| ≤ ϵ for all i, and dy-
namic utilities have bounded drift, with |vi(θk)−
vi(θ0)| ≤ ∆K for all i and k ≤ K. Let ηK =
ϵ+∆K . Then ∥u−v(θk)∥∞ ≤ ηK for all k ≤ K.
Moreover, for all i and k ≤ K,

exp

(
−2ηK

λ

)
≤ wuft

i

wdyn
i (θk)

≤exp

(
2ηK
λ

)
. (13)

As a corollary, for all k ≤ K,

TV
(
wuft,wdyn(θk)

)
≤ 1− exp

(
−2ηK

λ

)
. (14)

Here, TV denotes total variation distance between
sample-weight distributions, ϵ the initial UFT-
utility approximation error, and ∆K the dynamic-
utility drift over the first K student-training steps.

5 Experiments

In this section, we systematically evaluate UFT
through four questions: Q1: Does UFT better bal-
ance target-task adaptation and prior-capability re-
tention than strong baselines? Q2: Does the uncon-
strained fine-tuned teacher provide reliable target-
task evidence for identifying high-value samples?
Q3: Does each key component of UFT contribute
effectively, and how robust is UFT under different
hyperparameter settings? Q4: Does UFT improve
training convergence efficiency?

5.1 Experiment Setup

Datasets & Evaluation Metrics. We conduct ex-
periments on Magicoder (Wei et al., 2024) and
MetaMathQA (Yu et al., 2024a) to evaluate UFT.
Following recent studies (Wang et al., 2025b; Lin
et al., 2026; Sanyal et al., 2025; Liu et al., 2026b;
Yuan et al., 2026), we decouple evaluation into
target performance and general capability, with
benchmark roles adjusted across scenarios. For
Magicoder, HumanEval (HE) (Chen et al., 2021)
is the target benchmark, while MMLU (Hendrycks
et al., 2021), HellaSwag (HASW) (Zellers et al.,
2019), GSM8K (Cobbe et al., 2021), and Open-
BookQA (OBQA) (Mihaylov et al., 2018) assess
general capability. For MetaMathQA, GSM8K is
the target benchmark, while HE is moved to the
general-capability suite. We report general capabil-
ity (mean of four benchmarks), target performance,
and Overall (arithmetic mean of the two).
Baselines & Implementation Details. We com-
pare UFT with a set of representative baselines, in-
cluding standard fine-tuning (FT), LoRA (Hu et al.,
2022), FLOW (Sanyal et al., 2025), DFT (Wu et al.,
2026), TALR (Lin et al., 2026), and ADAPT (Zhao
et al., 2026). All methods are evaluated on three
model architectures of varying scales: Gemma3-
4B-pt (Team et al., 2025), Llama3.2-3B (Grattafiori
et al., 2024), and Qwen3.5-9B-Base (Team, 2026).
All methods use AdamW with a cosine learning-
rate schedule. For each target dataset, we hold
out 1,000 examples for validation and use the re-
maining target-training split for all methods. For
UFT, we set τ = Q60(s

uft), γ = 0.2, α = 0.8, λ =
0.2, β = 2. We report mean and standard devia-
tion over three random seeds. All experiments are
conducted on 4 NVIDIA A100 GPUs. Detailed
implementation is provided in Appendix C.

5.2 Main Results (Q1)

Table 1 reports Magicoder results across three mod-
els. On LLaMA3.2, Standard FT improves the
target average but reduces the general capability
average from 42.97% to 37.47%. UFT achieves the
best target, general, and overall averages among
fine-tuned methods, reaching 46.73%, 42.65%, and
44.69%, respectively, and surpassing the strongest
baseline’s overall average of 42.56%. On Gemma
and Qwen, UFT shows the same pattern, with the
best overall averages of 52.90% and 69.61%. This
pattern is consistent with value discovery, which
upweights samples with stronger target signals and
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Model Method
General Capability ↑ Target ↑ Overall ↑

HASW OBQA MMLU GSM8K Avg. HE Avg.

Pre-trained 55.83±0.00 31.23±0.00 56.92±0.00 27.89±0.00 42.97±0.00 28.16±0.00 35.57±0.00

Standard FT 52.12±0.47 28.39±0.37 48.61±0.43 20.74±0.34 37.47±0.29 45.13±0.48 41.30±0.30

LoRA ICLR 22 53.38±0.39 29.46±0.34 51.98±0.35 21.17±0.39 39.00±0.26 41.92±0.40 40.46±0.25

FLOW ICML 25 54.63±0.34 30.06±0.30 55.83±0.31 25.12±0.23 41.41±0.22 42.34±0.34 41.88±0.21

DFT ICLR 26 53.36±0.37 29.71±0.21 51.97±0.33 25.34±0.24 40.10±0.21 45.01±0.36 42.56±0.23

TALR ICLR 26 54.84±0.35 30.20±0.34 54.01±0.30 26.79±0.34 41.46±0.24 43.54±0.35 42.50±0.22

ADAPT ICLR 26 53.76±0.41 29.62±0.29 52.87±0.36 22.24±0.29 39.62±0.23 45.27±0.39 42.45±0.24

L
L

aM
A

3.
2-

3B

UFT (Ours) 55.29±0.31 30.96±0.26 56.22±0.28 28.12±0.31 42.65±0.22 46.73±0.40 44.69±0.23

Pre-trained 57.41±0.00 34.62±0.00 60.24±0.00 36.73±0.00 47.25±0.00 35.77±0.00 41.51±0.00

Standard FT 53.06±0.45 31.24±0.38 53.21±0.40 23.79±0.28 40.33±0.27 58.17±0.49 49.25±0.29

LoRA ICLR 22 55.81±0.36 31.82±0.28 56.74±0.32 31.61±0.42 44.00±0.25 54.69±0.51 49.35±0.29

FLOW ICML 25 55.23±0.34 32.38±0.30 58.17±0.29 34.16±0.37 44.99±0.23 55.86±0.44 50.43±0.26

DFT ICLR 26 54.65±0.38 31.80±0.23 56.68±0.34 34.39±0.38 44.38±0.24 58.76±0.32 51.57±0.21

TALR ICLR 26 56.62±0.32 32.24±0.34 59.79±0.27 35.07±0.44 45.93±0.25 56.08±0.51 51.01±0.29

ADAPT ICLR 26 55.66±0.39 31.43±0.35 56.77±0.33 32.02±0.39 43.97±0.26 58.39±0.52 51.18±0.30

G
em

m
a3

-4
B

UFT (Ours) 56.93±0.30 32.56±0.29 59.28±0.28 36.27±0.46 46.26±0.24 59.53±0.34 52.90±0.22

Pre-trained 59.67±0.00 34.17±0.00 72.39±0.00 86.23±0.00 63.12±0.00 61.05±0.00 62.09±0.00

Standard FT 54.21±0.41 31.06±0.33 66.22±0.36 78.57±0.31 57.52±0.25 75.82±0.41 66.67±0.25

LoRA ICLR 22 56.73±0.33 32.24±0.32 69.44±0.29 81.87±0.24 60.07±0.21 70.33±0.24 65.20±0.17

FLOW ICML 25 57.21±0.30 31.97±0.31 70.86±0.26 82.45±0.37 60.62±0.22 72.34±0.35 66.48±0.22

DFT ICLR 26 56.62±0.35 31.88±0.34 70.05±0.31 82.32±0.44 60.22±0.26 75.98±0.32 68.10±0.22

TALR ICLR 26 57.44±0.28 32.46±0.32 70.94±0.25 83.04±0.41 60.97±0.23 72.81±0.46 66.89±0.27

ADAPT ICLR 26 56.48±0.36 31.78±0.34 68.52±0.30 81.94±0.43 59.68±0.26 76.23±0.41 67.96±0.25

Q
w

en
3.

5-
9B

UFT (Ours) 58.60±0.27 32.69±0.31 70.91±0.25 84.96±0.39 61.79±0.22 77.42±0.34 69.61±0.21

Table 1: Performance comparison on the Magicoder dataset (%). Pre-trained and Standard FT are excluded from the
ranking. The best results are highlighted in red, and the second-best results are highlighted in blue.

lower preservation cost. The dual-teacher design
further balances target adaptation and source reten-
tion, enabling stronger adaptation with less general
capability degradation. Appendix D.1 provides
detailed MetaMathQA results, and Appendix D.2
visualizes this trade-off from a Pareto perspective.

5.3 Unconstrained Fine-Tuned Teacher (Q2)
The unconstrained fine-tuned teacher is central
to UFT because it provides target-specialized evi-
dence for value discovery. We assess its reliability
as a value-discovery teacher from three aspects.
Unconstrained Drift Behavior. Table 2 com-
pares the source model Mref and the unconstrained
teacher Muft on target-task and general-capability
benchmarks. Muft substantially improves target-
task performance over Mref, showing that uncon-
strained fine-tuning exposes task-specific behav-
ioral changes. Meanwhile, its degradation on gen-
eral benchmarks indicates that target-task adapta-
tion can introduce retention-sensitive drift when no
preservation constraint is imposed. This contrast
provides the signal that UFT exploits for value dis-
covery: samples strongly supported by Muft are
emphasized only when their divergence remains
compatible with confident source-model behavior.

Model HASW OBQA MMLU GSM8K HE

Mref 55.83 31.23 56.92 27.89 28.16
Muft 52.80 29.21 50.60 22.10 45.50

Table 2: Performance comparison between the Mref and
the Muft on Magicoder with LLaMA3.2.

Checkpoint Suitability. Fig. 4(a) and Fig. 4(b)
show the target-task and general-capability dynam-
ics during unconstrained fine-tuning on Magicoder
with LLaMA3.2-3B. As training proceeds, Muft
first improves on the target task but later no longer
provides better target-task evidence, while general
capability continues to degrade, reflecting increas-
ing source-model drift. To examine how the UFT
training stage affects value discovery, Fig. 4(c)
compares student performance using utilities de-
rived from UFT-1, UFT-2, and UFT-3. UFT-1 is se-
lected too early and remains insufficiently adapted
to the target task, yielding weak utility signals.
UFT-3 is trained too long and introduces overly
aggressive drift from Mref, weakening retention-
aware valuation. In contrast, UFT-2 achieves the
best downstream trade-off between target-task per-
formance and general-capability preservation.
Value-Discovery Analysis. We examine whether
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Figure 4: (a) Training dynamics of the unconstrained fine-tuned teacher. (b) General-capability dynamics during
unconstrained fine-tuning. (c) Student performance using UFT checkpoints from different training stages.

Weighting Signal General ↑ Target ↑ Overall ↑

Source-loss ↓ 42.90 41.72 42.31
UFT-confidence ↑ 39.96 45.18 42.57
Divergence ↓ 42.10 41.88 41.99
Source-uncertainty ↑ 40.92 43.74 42.33
Uniform-UFT 40.53 44.28 42.41
Shuffled-UFT 39.78 43.30 41.54
Inverse-UFT ↓ 38.74 40.08 39.41
UFT 42.65 46.73 44.69

Table 3: Effectiveness analysis of UFT value discovery
on LLaMA3.2-3B. Signal-side ↑/↓ mean larger/smaller
raw values receive larger weights. Metric-side ↑ means
higher is better.

UFT’s utility scores capture target-sample value.
All variants use the same training setting, and UFT-
based variants share the same UFT teacher. Ta-
ble 3 and 4 show that conservative signals such as
Source-loss preserve general capability but under-
adapt, while UFT-confidence improves target per-
formance yet fails to control retention-sensitive
drift. Uniform-UFT keeps the same UFT-guided su-
pervision but removes value-based sample differen-
tiation, showing the gain comes from value discov-
ery rather than teacher guidance alone. Shuffled-
UFT and Inverse-UFT show that utility ordering is
essential for prioritizing samples that jointly sup-
port adaptation and retention. These results sup-
port UFT’s value-discovery role through utilities
coupling target-task reliability and source-relative
compatibility.

5.4 Ablation Study and Hyperparameter (Q3)

Ablation Study. We conduct ablations to exam-
ine how UFT balances adaptation and preservation.
Table 5 shows that removing value-based sample
differentiation causes the largest target and overall
drops, indicating that value discovery must guide
sample emphasis. Removing relative divergence
mainly hurts general capability, showing that UFT-

Weighting Signal General ↑ Target ↑ Overall ↑

Source-loss ↓ 46.12 62.84 54.48
UFT-confidence ↑ 42.86 68.92 55.89
Divergence ↓ 45.51 63.57 54.54
Source-uncertainty ↑ 44.38 66.44 55.41
Uniform-UFT 44.07 67.36 55.72
Shuffled-UFT 42.95 65.34 54.15
Inverse-UFT ↓ 41.55 60.72 51.14
UFT 45.82 69.45 57.63

Table 4: Effectiveness analysis of UFT value discovery
on Gemma3-4B. Signal-side ↑/↓ mean larger/smaller
raw values receive larger weights. Metric-side ↑ means
higher is better.

side target evidence alone is insufficient without
source-relative preservation control. The asymmet-
ric effects of removing SRefT and UFT distillation
further align with their preservation and adapta-
tion roles, while removing confidence-adaptive dis-
tillation weakens sample-level teacher balancing.
Overall, UFT’s main gain comes from preservation-
aware value discovery, with dual-teacher distilla-
tion providing supervision for stable fine-tuning.

Method General Target Overall

UFT 42.65 46.73 44.69
- w/o Utility weighting 40.53 44.28 42.41
- w/o SRefT distillation 40.19 46.84 43.52
- w/o UFT distillation 42.86 44.96 43.91
- w/o Confidence adaptive 41.55 45.52 43.54
- w/o Relative divergence 40.37 45.34 42.86

Table 5: Ablation study of UFT components.

Hyperparameter Analysis. We analyze UFT’s
sensitivity to five hyperparameters. Fig. 5 shows
how UFT coordinates value discovery, utility-
guided weighting, and dual-teacher guidance. For
the reliability gate, restrictive or sharp settings
discard useful target signals, while permissive or
smooth settings blur reliable and noisy UFT ev-
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Figure 5: Hyperparameter sensitivity of UFT on Magicoder with LLaMA3.2-3B.

idence. Larger α shifts valuation toward source
compatibility, improving retention but hurting tar-
get performance when task-induced drift is over-
penalized. λ controls utility-weight concentration,
with small values causing brittle emphasis and large
values approaching uniform weighting. β con-
trols dual-teacher guidance. Overall, stable trends
around the selected setting suggest that UFT’s gains
arise from coordinated value discovery rather than
a narrow hyperparameter choice.

� ���� 	��� 
��� ���� ����
�!��������#� "

��
�

����

����

����

����

��	�

��	�

��
�

��
���
�#
��
��
��
!�
�#
�!
�"
 �
�"
��
�
�
� ���

$���������"#����
���
�����

Figure 6: Convergence analysis on the target task.

5.5 Convergence and Runtime Analysis (Q4)
Convergence Analysis. We analyze convergence
using a common validation target-response NLL,
since different methods optimize different training
objectives and their training losses are not directly
comparable. We compute NLL every 200 training
steps and define convergence as fluctuation within
2% over a 400-step window. Fig. 6 compares UFT
with SFT, ADAPT, and UFT w/o UFT Distill. UFT
reaches a lower, more stable NLL earlier, while re-
moving UFT-guided distillation slows descent and
raises the late-stage plateau. This aligns with Ap-
pendix B.3, where UFT-guided distillation provides
the curvature term βGuftet for local contraction to-
ward UFT-compatible target behavior.
Runtime Evaluation. Fig. 7 reports the cost
and performance trade-off on Magicoder with
Llama3.2, with UFT measured under its stage-wise
pipeline from offline value discovery to final fine-
tuning. UFT remains moderately costly relative to
its gains. By using discovered sample values to

Standard FT  41.30
6.36h  52.14GB

LoRA 40.46
4.57h 22.57GB

ADAPT 42.45
7.04h 64.80GB

UFT 44.69
7.28h 68.44GB

FLOW 41.88
7.65h 47.91GB

TALR 42.50
8.70h 59.64GB

DFT 42.56
5.44h 54.67GB

Overall Score

Figure 7: Runtime–performance trade-off. Time cost
and peak GPU memory are measured on four GPUs,
and bubble size denotes the overall score.

guide dual-teacher training, UFT achieves the best
retention and target-task performance. Some meth-
ods incur lower overhead, but they yield smaller
overall gains, leaving UFT practically valuable. Ap-
pendix D.5 details the teacher-construction cost.

5.6 Additional Robustness Analysis

We report instruction-tuning results on Alpaca-
GPT4 (Peng et al., 2023) across 11 tasks in Ap-
pendix D.7, demonstrating UFT’s generalization.
Appendix D.8 compares UFT with a DavIR (Zhou
et al., 2025) variant, validating the effectiveness of
UFT’s value discovery mechanism.

6 Conclusion

We introduced UFT, a fine-tuning framework that
shifts the teacher role from knowledge transfer to
preservation-aware value discovery in LLM adapta-
tion. By exposing task-induced drift relative to the
source model, UFT discovers high-value target-task
samples with reliable adaptation value and limited
source-behavior conflict. These discovered val-
ues guide dual-teacher supervision, where SRefT
anchors source behavior and UFT provides value-
weighted target-task guidance. Experiments on
Magicoder and MetaMathQA show UFT improves
the adaptation-retention trade-off.
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Limitations

Although UFT improves the adaptation–retention
trade-off, it has several limitations. First, the
unconstrained fine-tuned teacher provides task-
specialized evidence for value discovery, but con-
structing it and performing teacher-based valua-
tion add computation and memory compared with
lightweight methods. Second, UFT uses a one-shot
utility estimation strategy. This avoids repeated on-
line scoring and keeps student training efficient, but
it also means that sample weights are not updated as
the student evolves. Future work could explore dy-
namic utility refreshing to better capture changing
sample value during training. Third, teacher-forced
uncertainty and source-relative divergence provide
annotation-free value signals, but their reliability
may decrease for open-ended tasks or multi-answer
data. Extending UFT to multilingual, multimodal,
long-context, and continual multi-task settings, to-
gether with developing lower-cost navigator con-
struction for improved robustness across tasks and
fine-tuning recipes, remains an important direction
for future work.
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A Six Utility Regimes Analysis

In this section, we analyze the six utility regimes
induced by Eq. (3). The utility is

ui = σ

(
τ − suft

i

γ

)
· exp

[
−αmax(0, di − sref

i )
]
,

(15)
where smaller uncertainty indicates higher confi-
dence. The first factor is a soft UFT-reliability gate,
and the second penalizes UFT–SRefT divergence
only when it exceeds the source-model uncertainty
budget; thus, di = sref

i separates tolerated from
penalized divergence. For clarity, denote

ruft
i = σ

(
τ − suft

i

γ

)

prel
i = exp

[
−αmax(0, di − sref

i )
]
,

(16)

so that ui = ruft
i prel

i . A small suft
i gives a large

reliability factor, while a large suft
i attenuates the

sample regardless of the relative-divergence term.

Case 1: UFT unreliable, source confident.
When suft

i > τ and sref
i is small, the UFT-reliability

factor ruft
i is small. The sample lies in a region

where the source model is confident, but UFT does
not provide reliable target-task evidence. There-
fore, its utility is reliability-attenuated:

ui = ruft
i prel

i , ruft
i <

1

2
. (17)

If di > sref
i , the relative-divergence penalty fur-

ther suppresses the sample. This regime avoids
using uncertain UFT evidence to perturb confident
source-model behavior.

Case 2: UFT unreliable, source uncertain.
When suft

i > τ and sref
i is large, the source model

provides weaker guidance and allows a larger di-
vergence budget. However, the utility remains at-
tenuated because UFT itself is not reliable:

ui = ruft
i prel

i , ruft
i <

1

2
. (18)

Thus, source uncertainty alone is insufficient for
high utility. A sample is emphasized only when
the unconstrained teacher also provides reliable
target-task evidence.

Case 3: UFT reliable, source confident, di-
vergence within budget. When suft

i ≤ τ , sref
i

is small, and di ≤ sref
i , the relative-divergence

penalty is inactive:

ui = ruft
i . (19)

Since UFT is reliable and the source model is con-
fident, satisfying di ≤ sref

i means that UFT agrees
with strongly anchored source behavior within a
tight budget. This is an aligned reinforcement
regime, where the sample supports target adapta-
tion without threatening preserved behavior.

Case 4: UFT reliable, source confident, diver-
gence exceeds budget. When suft

i ≤ τ , sref
i is

small, and di > sref
i , the sample enters a high-

conflict regime:

ui = ruft
i exp

[
−α(di − sref

i )
]
. (20)

Although UFT provides reliable target-task evi-
dence, its deviation exceeds the small budget al-
lowed by confident source behavior. The exponen-
tial term therefore softly suppresses the sample in
proportion to the excess divergence.

Case 5: UFT reliable, source uncertain, diver-
gence within budget. When suft

i ≤ τ , sref
i is

large, and di ≤ sref
i , the penalty is again inactive:

ui = ruft
i . (21)

Unlike Case 3, the source model is uncertain, so
the larger uncertainty budget permits more target-
task exploration. This is a low-conflict exploration
regime, where reliable UFT evidence is useful and
remains compatible with the source model’s limited
confidence.

Case 6: UFT reliable, source uncertain, diver-
gence exceeds budget. When suft

i ≤ τ , sref
i is

large, and di > sref
i , the utility becomes

ui = ruft
i exp

[
−α(di − sref

i )
]
. (22)

This regime corresponds to novel mismatch. The
source model is uncertain and therefore permits a
larger divergence budget than in confident regions.
However, once UFT–SRefT divergence exceeds
even this relaxed budget, the sample is still down-
weighted. Thus, source uncertainty relaxes preser-
vation pressure but does not remove the relative-
divergence penalty.

B Theoretical Analysis

B.1 Closed-form solution of the weight
optimization.

In this section, we derive the closed-form optimizer
of the entropy-regularized weighting objective used
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in Eq. (4). Consider the optimization problem

max
w∈∆N−1

N∑

i=1

wiui − λ
N∑

i=1

wi logwi,

∆N−1 :=

{
w ∈ RN

≥0 :

N∑

i=1

wi = 1

}
,

(23)

where λ > 0. Since the first term is linear in w
and the entropy term −∑N

i=1wi logwi is strictly
concave on the probability simplex, the objective
in Eq. (23) is strictly concave over ∆N−1. Hence,
the problem admits a unique global maximizer.

The unique optimizer can be characterized by the
first-order optimality conditions under the simplex
constraint. We therefore consider the Lagrangian

L(w, µ) =
N∑

i=1

wiui − λ
N∑

i=1

wi logwi

+ µ

(
N∑

i=1

wi − 1

)
,

(24)

where µ is the Lagrange multiplier associated with
the simplex constraint. The first-order stationarity
condition with respect to wi gives

∂L
∂wi

= ui − λ(logwi + 1) + µ. (25)

Eq. (25) vanishes at the optimum, which yields

ui − λ(logwi + 1) + µ = 0, (26)

which can be rearranged as

logwi =
ui + µ

λ
− 1. (27)

The remaining constant C is fixed by the simplex
constraint

∑N
i=1wi = 1, which gives

wi = exp

(
ui + µ

λ
− 1

)

= exp
(ui
λ

)
exp
(µ
λ
− 1
)
.

(28)

Since the second factor is independent of i, we
denote

C := exp
(µ
λ
− 1
)
, (29)

so that
wi = C exp(ui/λ). (30)

Enforcing the simplex constraint
∑N

i=1wi = 1, we
obtain

C =
1

∑N
j=1 exp(uj/λ)

. (31)

Substituting Eq. (31) into Eq. (30) yields the unique
optimum

w∗
i =

exp(ui/λ)∑N
j=1 exp(uj/λ)

. (32)

Therefore, the entropy-regularized utility maxi-
mization problem admits the softmax solution in
closed form.

B.2 Proof of the Theoretical Justification
We provide detailed proofs for the near-optimality
of validation-based early stopping and the condi-
tional stability of utility estimates under the early-
stopped UFT checkpoint.

B.2.1 Proof of Theorem 1
Notation. Let {θt}Tt=1 denote the sequence of
UFT checkpoints along the unconstrained fine-
tuning trajectory. For each checkpoint θt, define
the population risk

Lpop(θt) := Ez∼D[ℓ(θt; z)], (33)

and the empirical validation risk

L̂val(θt) :=
1

nval

nval∑

j=1

ℓ(θt; z
val
j ), (34)

where {zval
j }nval

j=1 are independent validation sam-
ples from the target-task population D. Let

tval = arg min
1≤t≤T

L̂val(θt)

tpop = arg min
1≤t≤T

Lpop(θt).
(35)

Proof. Condition on the UFT training trajectory
{θt}Tt=1. Since the validation set is independent of
this trajectory, the validation losses are independent
bounded random variables for each fixed check-
point. For any θt, Hoeffding’s inequality gives

Pr
(∣∣∣L̂val(θt)− Lpop(θt)

∣∣∣ ≥ ε
)

≤ 2 exp

(
−2nvalε

2

B2

)
.

(36)

Applying the union bound over the finite check-
point set yields

Pr

(
sup

1≤t≤T

∣∣∣L̂val(θt)− Lpop(θt)
∣∣∣ ≥ ε

)

≤ 2T exp

(
−2nvalε

2

B2

)
.

(37)
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Thus, with probability at least 1− δ,

sup
1≤t≤T

∣∣∣L̂val(θt)− Lpop(θt)
∣∣∣ ≤ B

√
log(2T/δ)

2nval
.

(38)
On the event in Eq. (38), we have

Lpop(θtval) ≤ L̂val(θtval) +B

√
log(2T/δ)

2nval
. (39)

Since tval minimizes the empirical validation risk,

L̂val(θtval) ≤ L̂val(θtpop). (40)

Applying Eq. (38) again to θtpop gives

L̂val(θtpop) ≤ Lpop(θtpop) +B

√
log(2T/δ)

2nval
. (41)

Combining Eqs. (39)–(41), we obtain

Lpop(θtval) ≤ Lpop(θtpop) + 2B

√
log(2T/δ)

2nval
.

(42)

B.2.2 Proof of Proposition 1
Proof. For any sample i and any k ≤ K, the
triangle inequality gives

|ui − vi(θk)| ≤ |ui − vi(θ0)|+ |vi(θk)− vi(θ0)|
≤ ϵ+∆K = ηK .

(43)
Therefore ∥u− v(θk)∥∞ ≤ ηK . Let

Zuft =
N∑

j=1

exp(uj/λ)

Zdyn(θk) =

N∑

j=1

exp(vj(θk)/λ).

(44)

Since |uj − vj(θk)| ≤ ηK for all j, we have

exp
(
−ηK

λ

)
exp(vj(θk)/λ) ≤ exp(uj/λ)

≤ exp
(ηK

λ

)
exp(vj(θk)/λ).

(45)

Summing over j yields

exp
(
−ηK

λ

)
Zdyn(θk) ≤ Zuft

≤ exp
(ηK

λ

)
Zdyn(θk).

(46)

Equivalently,

exp
(
−ηK

λ

)
≤ Zdyn(θk)

Zuft
≤ exp

(ηK
λ

)
. (47)

For each sample i, the weight ratio satisfies

wuft
i

w
dyn
i (θk)

=
exp(ui/λ)

Zuft
· Zdyn(θk)

exp(vi(θk)/λ)

= exp

(
ui − vi(θk)

λ

)
Zdyn(θk)

Zuft
.

(48)

Using |ui − vi(θk)| ≤ ηK together with the
normalization-bound above gives

exp

(
−2ηK

λ

)
≤ wuft

i

w
dyn
i (θk)

≤ exp

(
2ηK
λ

)
. (49)

It remains to prove the total-variation bound. Let
a = exp

(
−2ηK

λ

)
. The ratio bound implies wuft

i ≥
aw

dyn
i (θk) and w

dyn
i (θk) ≥ awuft

i for all i. Hence,

min
(
wuft
i , w

dyn
i (θk)

)
≥ aw

dyn
i (θk). (50)

Summing over i gives

N∑

i=1

min
(
wuft
i , w

dyn
i (θk)

)
≥ a. (51)

Using

TV(p,q) = 1−
N∑

i=1

min(pi, qi), (52)

we obtain

TV
(
wuft,wdyn(θk)

)
≤ 1− exp

(
−2ηK

λ

)
. (53)

B.3 Local Prediction-Space Contraction of
UFT-Guided Distillation

We analyze the local dynamics underlying the
faster convergence observed with UFT. Value-
weighted UFT-guided distillation introduces a
teacher-anchored contraction along directions
where UFT supervision is reliable and compatible
with source preservation.

Let zi(θ) denote the teacher-forced student log-
its on sample i, and let zuft

i denote the correspond-
ing UFT logits. For notational simplicity, we sup-
press the token index; the same argument applies
after summing over response positions. Define
ai = w∗

i ni, where w∗
i is the utility-induced sample

weight and ni is the reliability coefficient assigned
to UFT guidance. The value-weighted UFT distil-
lation term is

Lvd(θ) =

N∑

i=1

aiDKL (Puft(·|xi)∥Pθ(·|xi)) . (54)
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We analyze this term around a local UFT-
compatible reference point θ∗, where the student
predictions match the UFT predictions on the con-
sidered teacher-forced contexts. This reference
characterizes the target-behavior component in-
duced by UFT guidance, while the full student
objective also includes the SRefT anchor for source
preservation. Equivalently, θ∗ may be viewed as a
local minimizer of Lvd, in which case the same con-
traction argument applies with Guft = ∇2Lvd(θ∗).
We use the matched-prediction form below to make
the UFT-induced curvature explicit.

Let et = θt − θ∗. Assume that the logit map
admits the local expansion

zi(θ) = zuft
i + Ji(θ − θ∗) + ri(θ),

∥ri(θ)∥2 = O(∥θ − θ∗∥22),
(55)

where Ji = ∇θzi(θ∗) and ∥Ji∥2 is locally bounded.
For the forward KL term, a second-order expansion
around zuft

i gives

DKL (Puft(·|xi)∥Pθ(·|xi))

=
1

2

(
zi(θ)− zuft

i

)⊤
Hi

(
zi(θ)− zuft

i

)

+O(∥zi(θ)− zuft
i ∥32).

(56)

where

Hi=∇2
zDKL(Puft(·|xi)∥ softmax(z))

∣∣∣∣
z=zuft

i

(57)

is the categorical Fisher matrix evaluated at the
UFT prediction. It is positive semidefinite and in-
herits the softmax shift-invariance null direction.
Through the Jacobians {Ji}, this direction induces
a parameter-space kernel of Guft, which is automat-
ically removed by the spectral projection below.

Since ∇Lvd(θ∗) = 0 at the UFT-compatible ref-
erence, substituting the local expansion of zi(θ)
into the KL approximation yields

Lvd(θ) =
1

2
e⊤Gufte+O(∥e∥32), (58)

where

Guft =

N∑

i=1

aiJ
⊤
i HiJi. (59)

Thus, locally,

∇Lvd(θt) = Guftet +O(∥et∥22). (60)

Now consider the full UFT student objective. Its
local gradient update can be written as

et+1 = et − η (βGuftet + bt) , (61)

where bt collects the task-loss gradient, the SRefT-
anchor gradient, and higher-order local residuals.

Let P be the spectral projection onto an in-
variant subspace of Guft whose eigenvalues lie in
[µuft,Muft] with 0 < µuft ≤ Muft. Since Guft is
symmetric positive semidefinite, this spectral pro-
jection is well defined. By construction, GuftP =
PGuftP , so the projected update decouples from
the orthogonal complement. Suppose the remain-
ing projected terms satisfy ∥Pbt∥2 ≤ ν∥Pet∥2+δt.
Projecting the update onto P gives

Pet+1 = (I − ηβPGuftP )Pet − ηPbt. (62)

For 0 < η ≤ 1/(βMuft), we have

∥I − ηβPGuftP∥2 ≤ 1− ηβµuft. (63)

Therefore,

∥Pet+1∥2 ≤ (1− ηβµuft) ∥Pet∥2 + η∥Pbt∥2.
(64)

Using the bound on Pbt gives

∥Pet+1∥2 ≤ (1− η(βµuft − ν)) ∥Pet∥2 + ηδt.
(65)

Hence, when βµuft > ν and δt is controlled, the
projected error contracts toward UFT-compatible
target behavior.

If δt ≤ δ uniformly and ρ = 1− η(βµuft− ν) <
1, the recurrence further gives

lim sup
t→∞

∥Pet∥2 ≤
δ

βµuft − ν
. (66)

Thus the projected error enters a bounded neighbor-
hood of the UFT-compatible reference. This behav-
ior is consistent with the dual-teacher design: UFT
pulls the student toward target-task behavior on the
projected subspace, while SRefT anchors source-
model behavior and contributes to the steady-state
balance through δt.

This local contraction stems from UFT-guided
distillation: ai = w∗

i ni concentrates teacher-
anchored curvature on samples with high discov-
ered utility and reliable UFT guidance, while the
relative-divergence term suppresses samples with
strong source-relative conflict, reducing the con-
flicting SRefT-anchor component in bt. Thus,
UFT strengthens teacher-guided contraction on
preservation-compatible high-value samples, ex-
plaining the faster convergence observed in Fig. 6.
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C Experimental Details

In this section, we provide detailed descriptions
of the experimental setup for reproducibility. Sec-
tion C.1 introduces baseline implementations and
configurations. Sections C.2 and C.3 describe
the benchmarks and evaluation details used in our
experiments. Section C.4 presents implementa-
tion details, including hyperparameter settings and
training configurations. Section C.5 provides the
prompt templates used for training. Section C.6
describes unconstrained fine-tuned teacher training
and the validation setting for checkpoint selection.

C.1 Baseline Details
We compare UFT against strong baselines spanning
full fine-tuning, parameter-efficient fine-tuning,
and weighting-based fine-tuning.

• Standard Fine-Tuning (Standard FT): This
baseline updates all model parameters using the
standard cross-entropy loss. It typically suf-
fers from severe catastrophic forgetting and thus
serves as a lower-bound reference for general
capability preservation.

• LoRA (Hu et al., 2022): LoRA freezes the back-
bone model and injects trainable low-rank matri-
ces into Transformer layers. By restricting the
update space, LoRA reduces training cost and
can mitigate forgetting, but may underfit task-
specific behaviors compared with full-parameter
adaptation (Biderman et al., 2024).

• FLOW (Sanyal et al., 2025): FLOW is a data-
weighting method that assigns sample weights
according to pretrained-model loss signals. It em-
phasizes easier or more stable samples to reduce
forgetting during fine-tuning.

• DFT (Wu et al., 2026): DFT is a dynamic fine-
tuning method that improves SFT generalization
from a reinforcement-learning perspective. It
analyzes the implicit reward structure of SFT and
dynamically rescales the token-level objective by
token probability to stabilize gradient updates.

• TALR (Lin et al., 2026): TALR is a token-
adaptive loss reweighting method motivated by
a revisiting of domain-specific SFT. It shows
that smaller learning rates can mitigate general-
capability degradation, and further reweights
token-level losses to better balance domain-
specific adaptation and general capabilities.

Datasets Aspect Nums

Magicoder (Wei et al., 2024) Code Generation 111K
MetaMathQA (Yu et al., 2024a) Math Reasoning 395K

Table 6: Summary of training datasets.

• ADAPT (Zhao et al., 2026): ADAPT is an
online data-reweighting framework that treats
data curation as dynamic loss weighting during
training rather than offline filtering or resam-
pling. It assigns adaptive per-sample learning
rates guided by similarity-based quality signals,
adjusting sample importance without changing
the number of training samples.

C.2 Training Data Details

In our experiments, we use two target-training
datasets: Magicoder (Wei et al., 2024), a de-
contaminated code-generation dataset, and Meta-
MathQA (Yu et al., 2024a), a large-scale
mathematical-reasoning dataset curated from real-
world mathematical exam problems. Their source
papers explicitly control target-benchmark contam-
ination through HumanEval decontamination for
Magicoder and GSM8K training-split construction
for MetaMathQA. Detailed dataset statistics are
summarized in Table 6.

C.3 Evaluation Details

We evaluate models from two perspectives: gen-
eral capability retention and target-task perfor-
mance. Following recent studies (Wang et al.,
2025b; Lin et al., 2026; Sanyal et al., 2025; Liu
et al., 2026b; Yuan et al., 2026), we decouple
these two aspects to assess task adaptation and
preservation of pre-existing abilities, with bench-
mark roles adjusted by fine-tuning scenario. For
Magicoder (Wei et al., 2024), HumanEval (Chen
et al., 2021) serves as the target-task benchmark
for code generation, while HellaSwag (Zellers
et al., 2019), OpenBookQA (Mihaylov et al.,
2018), MMLU (Hendrycks et al., 2021), and
GSM8K (Cobbe et al., 2021) evaluate general ca-
pability retention. For MetaMathQA (Yu et al.,
2024a), GSM8K is the target-task benchmark for
mathematical reasoning, while HellaSwag, Open-
BookQA, MMLU, and HumanEval evaluate reten-
tion; here, HumanEval measures retained out-of-
domain code generation after math fine-tuning. Ta-
ble 7 summarizes the settings. All benchmarks
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Datasets Aspects Metrics Nums Evaluate

HellaSwag (Zellers et al., 2019) Commonsense Reasoning Accuracy 10,003 0-shot
OpenBookQA (Mihaylov et al., 2018) Commonsense Reasoning Accuracy 500 0-shot
MMLU (Hendrycks et al., 2021) Multi Task Understanding Accuracy 14,042 5-shot
GSM8K (Cobbe et al., 2021) Math Reasoning Exact Match 1,319 5-shot
HumanEval (Chen et al., 2021) Code Generation PASS@1 164 0-shot

Table 7: Evaluation benchmarks and detailed settings.

are evaluated with lm-evaluation-harness (Gao
et al., 2023) under standard prompting setups. Gen-
eral Capability Avg. is the arithmetic mean over the
four general benchmarks, and Overall Avg. is the
arithmetic mean of General Capability Avg. and
target-task performance.

• HellaSwag: HellaSwag (Zellers et al., 2019) is a
commonsense natural language inference bench-
mark. Given an event description or incomplete
context, a model must choose the most plausible
continuation from multiple candidate endings.
The dataset is created through Adversarial Filter-
ing, where a series of discriminators iteratively
select adversarial machine-generated negative op-
tions, making the benchmark easy for humans
but much harder for SOTA models. Models are
typically evaluated using Accuracy.

• OpenBookQA: Open Book Question Answer-
ing (Mihaylov et al., 2018) is a question-
answering benchmark inspired by open-book ex-
ams, designed to evaluate a model’s subject un-
derstanding. It contains elementary-school-level
multiple-choice science questions and tests both
comprehension of a core collection of science
facts and the ability to apply such knowledge to
novel situations. Models are typically evaluated
using the Accuracy metric.

• MMLU: Massive Multitask Language Under-
standing (Hendrycks et al., 2021) assesses mod-
els’ broad knowledge and reasoning abilities
across diverse domains. It contains multiple-
choice questions from 57 subjects spanning
STEM, humanities, social sciences, and pro-
fessional knowledge, with four or five answer
choices per question. For each subject, the model
selects the correct answer using its knowledge
and reasoning ability, and performance is typi-
cally measured by Accuracy.

• GSM8K: Grade School Math 8K (Cobbe et al.,
2021) is a benchmark for assessing models’ math-

ematical reasoning ability. It contains grade-
school-level math word problems, each paired
with a step-by-step solution. Given a natural-
language problem, the model must produce a
solution that includes the correct numerical an-
swer. The questions cover both basic arithmetic
and more complex multi-step reasoning. Models
are typically evaluated using the EM metric.

• HumanEval: HumanEval (Chen et al., 2021)
is a benchmark for assessing the functional cor-
rectness of model-generated code. It contains
164 Python programming tasks and is commonly
evaluated with PASS@1. Given a problem de-
scription and a function signature, the model
must generate Python code that implements the
required function. A solution is correct only if it
passes all provided unit tests.

We report three evaluation metrics in our experi-
ments, which are defined as follows.

• Accuracy (ACC): Accuracy measures the pro-
portion of correct predictions over all evaluation
examples. Unlike Exact Match, it allows multi-
ple acceptable answers per example. Formally, it
is defined as

ACC =
1

N

N∑

i=1

I(ŷi ∈ Yi), (67)

where N denotes the total number of evaluation
examples, ŷi is the model prediction for the i-th
example, and Yi denotes the set of acceptable
ground-truth answers for that example.

• Exact Match (EM): Exact Match measures
whether the predicted answer exactly matches the
reference answer after normalization. Compared
with Accuracy, it is stricter because it requires
an exact match between the predicted output and
the gold answer string. Formally, it is defined as

EM =
1

N

N∑

i=1

I(ŷi = yi), (68)
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where ŷi and yi denote the predicted and refer-
ence answers for the i-th example, respectively.

• PASS@k: PASS@k is a standard metric for code
generation. For each problem, the model gener-
ates k candidate solutions, and the metric esti-
mates the probability that at least one solution
passes all associated unit tests. Formally, it is
defined as

PASS@k =




1−

(
n−c
k

)
(
n
k

) , if n− c ≥ k,

1, if n− c < k,

(69)

where n denotes the total number of generated so-
lutions, c denotes the number of correct solutions
among them, and k is the number of sampled
solutions used for evaluation.

C.4 Implementation Details
All methods are implemented under a unified
fine-tuning setup and optimized with AdamW us-
ing a cosine learning-rate scheduler. For Magi-
coder, we use a global batch size of 64, maxi-
mum sequence length 4096, and 3 training epochs;
for MetaMathQA, we use a global batch size
of 128, maximum sequence length 1024, and 2
epochs. The warmup ratio is 0.03 in both set-
tings. For each target dataset, we hold out 1,000
examples for validation and use the remaining
target-training split for fine-tuning. We evaluate
all methods on three model families, including
Gemma3-4B-pt (Team et al., 2025), Llama3.2-
3B (Grattafiori et al., 2024), and Qwen3.5-9B-
Base (Team, 2026). The compared methods
include Standard FT, LoRA (Hu et al., 2022),
FLOW (Sanyal et al., 2025), DFT (Wu et al.,
2026), TALR (Lin et al., 2026), ADAPT (Zhao
et al., 2026), and UFT. We use official reposito-
ries for all baselines except TALR, whose code
is unavailable. For UFT, we set the UFT uncer-
tainty threshold as τ = Q60(s

uft), reliability soft-
ness γ = 0.2, relative-divergence strength α = 0.8,
entropy strength λ = 0.2, and distillation strength
β = 2. We tune the learning rate for all methods in
[5×10−6, 5×10−4] and report the best results. For
UFT, the selected learning rates on Magicoder are
1× 10−5, 3× 10−5, and 1× 10−4 for LLaMA3.2-
3B, Gemma3-4B, and Qwen3.5-9B, respectively.
On MetaMathQA, the selected learning rates are
4× 10−5, 5× 10−5, and 7× 10−5 for LLaMA3.2-
3B, Gemma3-4B, and Qwen3.5-9B, respectively.

We report the mean and standard deviation over
three random seeds. All experiments are conducted
on 4 × A100 GPUs.

C.5 Prompt Templates

To facilitate reproducibility, we provide the ex-
act instruction templates used for fine-tuning.
Unless otherwise specified, all fine-tuning tem-
plates follow the standard Alpaca-style instruction-
response format. For evaluation, we use the task-
specific prompts and configurations provided by
lm-evaluation-harness (Gao et al., 2023).

For Magicoder, we utilize a specialized template
with a coding-focused system preamble:

Magicoder Instruction Template

You are a proficient coding
assistant. Below is an instruction
that describes a task. Write
a response that appropriately
completes the request.

### Instruction:
{instruction}

### Response:

For MetaMathQA, we use the standard instruc-
tion template:

MetaMathQA Instruction Template

Below is an instruction that
describes a task. Write a response
that appropriately completes the
request.

### Instruction:
{instruction}

### Response:

C.6 Unconstrained Fine-tuned Teacher
Training and Validation Setting

For each target dataset, we construct the un-
constrained fine-tuned teacher by fine-tuning the
source model on the target-task training split with-
out preservation regularization. We hold out 1,000
examples as the validation split and use the re-
maining examples for UFT training. The uncon-
strained teacher follows the same target-task fine-
tuning recipe as the student training stage, includ-
ing the optimizer, scheduler, batch size, maximum
sequence length, warmup ratio, and number of
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Model Method
General Capability ↑ Target ↑ Overall ↑

HASW OBQA MMLU HE Avg. GSM8K Avg.

Pre-trained 55.83±0.00 31.23±0.00 56.92±0.00 28.16±0.00 43.04±0.00 27.89±0.00 35.47±0.00

Standard FT 50.02±0.46 28.40±0.34 48.49±0.39 15.27±0.49 35.55±0.23 65.94±0.31 50.75±0.22

LoRA ICLR 22 52.06±0.39 28.60±0.34 52.34±0.35 25.31±0.42 39.58±0.20 61.02±0.33 50.30±0.21

FLOW ICML 25 53.41±0.36 30.34±0.40 55.86±0.34 26.97±0.35 41.65±0.19 63.73±0.24 52.69±0.18

DFT ICLR 26 52.89±0.40 29.21±0.27 53.82±0.33 26.83±0.41 40.69±0.21 65.89±0.21 53.29±0.17

TALR ICLR 26 53.52±0.38 30.04±0.44 55.94±0.36 27.32±0.34 41.71±0.22 63.68±0.26 52.70±0.20

ADAPT ICLR 26 53.04±0.43 29.42±0.30 54.26±0.37 24.98±0.39 40.43±0.20 65.96±0.25 53.20±0.19

L
L

aM
A

3.
2-

3B

UFT (Ours) 55.37±0.34 30.46±0.33 55.92±0.32 27.63±0.34 42.35±0.18 66.91±0.32 54.63±0.20

Pre-trained 57.41±0.00 34.62±0.00 60.24±0.00 35.77±0.00 47.01±0.00 36.73±0.00 41.87±0.00

Standard FT 51.42±0.43 30.20±0.26 53.01±0.37 29.62±0.43 41.06±0.22 67.84±0.29 54.45±0.20

LoRA ICLR 22 54.34±0.37 32.12±0.35 55.84±0.34 30.36±0.34 43.17±0.19 63.04±0.28 53.11±0.21

FLOW ICML 25 54.92±0.36 32.64±0.31 58.27±0.35 33.24±0.35 44.77±0.20 64.78±0.35 54.78±0.22

DFT ICLR 26 53.49±0.39 32.20±0.34 56.15±0.33 32.51±0.31 43.59±0.18 67.91±0.32 55.75±0.19

TALR ICLR 26 55.03±0.36 32.85±0.35 58.16±0.34 33.28±0.39 44.83±0.21 64.87±0.27 54.85±0.20

ADAPT ICLR 26 53.51±0.41 31.86±0.27 55.76±0.36 31.71±0.34 43.21±0.19 67.96±0.32 55.59±0.21

G
em

m
a3

-4
B

UFT (Ours) 56.04±0.33 33.69±0.32 59.07±0.31 34.46±0.33 45.82±0.17 69.45±0.29 57.63±0.19

Pre-trained 59.67±0.00 34.17±0.00 72.39±0.00 61.05±0.00 56.82±0.00 86.23±0.00 71.53±0.00

Standard FT 54.39±0.40 30.78±0.29 67.52±0.34 57.14±0.34 52.46±0.20 90.78±0.36 71.62±0.22

LoRA ICLR 22 56.64±0.34 32.80±0.33 69.75±0.31 58.20±0.39 54.35±0.18 88.64±0.33 71.50±0.19

FLOW ICML 25 57.13±0.32 33.25±0.28 70.42±0.30 59.28±0.43 55.02±0.17 88.27±0.32 71.65±0.20

DFT ICLR 26 55.49±0.36 32.93±0.31 70.06±0.31 58.64±0.48 54.28±0.21 90.93±0.29 72.61±0.18

TALR ICLR 26 57.62±0.31 33.14±0.33 70.74±0.29 58.87±0.45 55.09±0.19 89.07±0.35 72.08±0.22

ADAPT ICLR 26 55.27±0.38 32.19±0.32 69.95±0.32 58.34±0.32 53.94±0.20 90.81±0.41 72.38±0.23

Q
w

en
3.

5-
9B

UFT (Ours) 58.10±0.32 33.68±0.29 71.43±0.28 60.24±0.36 55.86±0.18 91.37±0.34 73.62±0.21

Table 8: Performance comparison on the MetaMathQA dataset (%). Pre-trained and Standard FT are excluded from
the ranking. The best results are highlighted in red, and the second-best results are highlighted in blue.

epochs. During UFT training, we evaluate check-
points on the held-out validation split and select
the checkpoint with the lowest target-task valida-
tion negative log-likelihood as Muft. The selected
teacher is then used to compute UFT reliability,
source-relative divergence, and sample utilities for
downstream student fine-tuning.

D Experimental Results and Analysis

D.1 Results on MetaMathQA Benchmark

In this subsection, we present the experimental
results on the MetaMathQA benchmark. We re-
port results on LLaMA3.2-3B, Gemma3-4B, and
Qwen3.5-9B to evaluate whether UFT can improve
mathematical reasoning while preserving general
capabilities across different backbone models.

Table 8 reports MetaMathQA results across three
models. On LLaMA3.2-3B, Standard FT raises
GSM8K from 27.89% to 65.94% but reduces the
general capability average from 43.04% to 35.55%.
UFT achieves the best target, general, and over-
all averages among fine-tuned methods, reaching
66.91%, 42.35%, and 54.63%, and surpassing the

strongest baseline overall average of 53.29%. On
Gemma3-4B, Standard FT improves GSM8K from
36.73% to 67.84% but lowers the general aver-
age from 47.01% to 41.06%, while UFT further
improves GSM8K to 69.45% and retains 45.82%
general capability, reducing the general capabil-
ity drop from 5.95 to 1.19 points and achieving
the best overall average of 57.63%. On Qwen3.5-
9B, the pre-trained model already reaches 86.23%
on GSM8K, making additional adaptation harder.
UFT improves GSM8K to 91.37% while retain-
ing 55.86% general capability, outperforming Stan-
dard FT and achieving the best overall average of
73.62%. These results show that UFT does not
merely increase target-task fitting. Its value discov-
ery favors samples with stronger target signals and
lower preservation cost, while dual-teacher training
helps convert this selection into stronger adaptation
with less general capability degradation.

D.2 Pareto Analysis of Target and General
Capability

Fig. 8 provides a Pareto-style visualization of the
adaptation–retention trade-off on Magicoder and

29832




� 
� �	 �
 �� �� �
 �� ��
�"/(&1��&/'-/+",$&

��

��

��

�


��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�%� ��"����
���

�� �� �� �� �
 �� �� �� �� ��
�"/(&1��&/'-/+",$&

�	

�


��

��

�


��

��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�&� �&++"����

�� �� �� �� �� �	 �

�"/(&1��&/'-/+",$&






�


�






�


�

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�'� �4&,��
���

�"/(&1�30���&,&/"*��"."#)*)15��"/&1-��/-,1)&/

�/&�1/"),&% ��� �-�� ���! ��� ���� �����  �����2/0�


� 
� �	 �
 �� �� �
 �� ��
�"/(&1��&/'-/+",$&

��

��

��

��

�	

�


��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�"� ��"����
���

�
 �� 
� 

 
� 
� 
� 
� ��
�"/(&1��&/'-/+",$&

��

�	

�


��

��

�


��

��

��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�#� �&++"����

�	 �
 �� �	 �
 �� �� �
 �� �� ��
�"/(&1��&/'-/+",$&


�


�


�

��

�	

�


��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�$� �4&,��
���

�"/(&1�30���&,&/"*��"."#)*)15��"/&1-��/-,1)&/

�/&�1/"),&% ��� �-�� ���! ��� ���� �����  �����2/0�


� 
� �	 �
 �� �� �
 �� ��
�"/(&1��&/'-/+",$&

��

��

��

�


��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�%� ��"����
���

�� �� �� �� �
 �� �� �� �� ��
�"/(&1��&/'-/+",$&

�	

�


��

��

�


��

��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�&� �&++"����

�� �� �� �� �� �	 �

�"/(&1��&/'-/+",$&






�


�






�


�

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�'� �4&,��
���

�"/(&1�30���&,&/"*��"."#)*)15��"/&1-��/-,1)&/

�/&�1/"),&% ��� �-�� ���! ��� ���� �����  �����2/0�


� 
� �	 �
 �� �� �
 �� ��
�"/(&1��&/'-/+",$&

��

��

��

��

�	

�


��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�"� ��"����
���

�
 �� 
� 

 
� 
� 
� 
� ��
�"/(&1��&/'-/+",$&

��

�	

�


��

��

�


��

��

��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�#� �&++"����

�	 �
 �� �	 �
 �� �� �
 �� �� ��
�"/(&1��&/'-/+",$&


�


�


�

��

�	

�


��

�
&,
&/
"*
��
".
"#
)*)
15
��
&/
'-
/+
",
$&

�$� �4&,��
���

�"/(&1�30���&,&/"*��"."#)*)15��"/&1-��/-,1)&/

�/&�1/"),&% ��� �-�� ���! ��� ���� �����  �����2/0�

… … …

… …

Figure 8: Target–general capability Pareto frontier across two scenarios and three backbone models. (a)–(c) show
Magicoder results with HumanEval as the target benchmark, while (d)–(f) show MetaMathQA results with GSM8K
as the target benchmark. Each point denotes one fine-tuning method, and UFT consistently lies near the upper-right
region, indicating stronger target adaptation with better evaluated general-capability retention.

MetaMathQA. The horizontal axis shows target
performance, measured by HumanEval for Magi-
coder and GSM8K for MetaMathQA, and the ver-
tical axis shows average general capability. Across
both scenarios and all three backbones, UFT con-
sistently lies in the upper-right region or near the
empirical Pareto frontier, indicating stronger target-
task adaptation without a large sacrifice in gen-
eral capability. Compared with methods that ei-
ther preserve general capability but under-adapt
or improve target performance with larger general-
capability degradation, UFT achieves a more favor-
able adaptation–retention balance.

D.3 Statistical Significance and Dynamic
Utility Stability

We provide two complementary analyses to assess
the reliability of UFT. The first examines whether
its performance gains are consistent across ran-
dom seeds, while the second evaluates whether the
estimated utilities and resulting training weights
remain stable as the student model evolves during
downstream optimization.
Statistical Significance. We conduct two sided
paired t tests on the Overall scores for LLaMA3.2-
3B and Gemma3-4B. Runs using the same random
seed are paired across methods. Each score differ-

ence is defined as the Overall score of UFT minus
that of the corresponding baseline. Holm correc-
tion is applied to the six comparisons within each
backbone. Table 9 reports the 95% confidence in-
tervals of the paired differences and the adjusted p
values. Every confidence interval lies above zero
and every adjusted p value is below 0.05. These
results show that the advantage of UFT exceeds
random seed variation and is not driven by any
particular seed.
Dynamic Utility Stability. UFT computes static
utilities before downstream student training. Propo-
sition 1 establishes the stability of the resulting
weights when the ideal dynamic utilities exhibit
bounded drift. We empirically examine this con-
dition using a fixed diagnostic subset under the
LLaMA3.2 and Magicoder setting. At student ini-
tialization and after every epoch, we recompute the
dynamic utility vi at checkpoint θk. Utility drift
is measured relative to initialization. We report its
mean, P95, and maximum value together with the
Spearman correlation and top 20% overlap between
the original and dynamic utility rankings. We also
compare the empirical total variation distance be-
tween the fixed and dynamic weight distributions
with the theoretical bound in Proposition 1.

As shown in Table 10, utility drift increases grad-
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Backbone Comparison 95% CI of Overall Difference Holm Adjusted p

LLaMA3.2-3B

UFT vs. Standard FT [2.60, 4.18] 1.23× 10−2

UFT vs. LoRA [3.47, 4.99] 1.03× 10−2

UFT vs. FLOW [2.21, 3.41] 1.23× 10−2

UFT vs. DFT [1.36, 2.90] 1.68× 10−2

UFT vs. TALR [1.48, 2.90] 1.68× 10−2

UFT vs. ADAPT [1.41, 3.07] 1.68× 10−2

Gemma3-4B

UFT vs. Standard FT [2.84, 4.46] 1.60× 10−2

UFT vs. LoRA [2.69, 4.41] 1.60× 10−2

UFT vs. FLOW [1.76, 3.18] 1.77× 10−2

UFT vs. DFT [0.57, 2.09] 3.33× 10−2

UFT vs. TALR [1.03, 2.75] 3.30× 10−2

UFT vs. ADAPT [0.75, 2.69] 3.33× 10−2

Table 9: Statistical significance of UFT on Magicoder.

Student
Utility Drift ↓ Ranking Stability ↑ Weight Distance ↓

Mean P95 Max ∆̂k Spearman Top 20% Overlap Empirical TV Proposition 1 Bound

Initialization 0.0000 0.0000 0.0000 1.000 100.0% 0.000 0.000

Epoch 1 0.0016 0.0038 0.0062 0.978 92.4% 0.015 0.060

Epoch 2 0.0032 0.0076 0.0124 0.951 86.3% 0.031 0.117

Epoch 3 0.0051 0.0121 0.0192 0.926 80.8% 0.052 0.175

Table 10: Dynamic utility stability during student training on Magicoder with LLaMA3.2-3B.

ually but remains small throughout student train-
ing. The original and dynamic utility rankings
remain highly consistent. The empirical total vari-
ation distance also remains below the theoretical
bound at every checkpoint. These results support
the bounded drift condition in Proposition 1 and
show that the fixed UFT utilities preserve stable
sample rankings and training weights during down-
stream optimization.

D.4 Efficient UFT Approximation with LoRA

The unconstrained fine-tuned teacher in UFT is de-
signed to expose target-task adaptation preferences
without preservation regularization. In principle,
this teacher can be constructed by full-parameter
fine-tuning under the same target-task recipe as
the student training stage, so that its predictions
provide a recipe-aligned signal for value discov-
ery. However, UFT does not require the teacher
to reproduce the exact full-parameter trajectory.
The teacher is used to compute continuous sample
utilities and provide target-side distillation guid-

ance. Therefore, a LoRA-based unconstrained
teacher can serve as an efficient approximation if
it preserves the induced utility distribution, sample
weights, and teacher predictive behavior.

Specifically, we train a LoRA-based uncon-
strained teacher by adapting the source model Mref
on the target-task training split without preserva-
tion regularization. The resulting teacher MLoRA

uft
approximates the full-parameter unconstrained
teacher MFull

uft within a low-rank update subspace.
For each target-training example xi, we compute
the UFT utility using both teachers, denoted by
uLoRA
i and uFull

i . We then transform these utilities
into soft training weights:

wLoRA
i =

exp(uLoRA
i /λ)

∑N
j=1 exp(u

LoRA
j /λ)

wFull
i =

exp(uFull
i /λ)

∑N
j=1 exp(u

Full
j /λ)

.

(70)

Since UFT uses target examples with continuous
weights, the primary approximation criterion is
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UFT Teacher Utility Pearson↑ Weight TV↓ Teacher KL↓ Rel. Time↓ Rel. Mem.↓

LoRA teacher 0.86 0.14 0.16 0.75× 0.16×
Full teacher 1.00 0.00 0.00 1.00× 1.00×

Table 11: Comparison between full-parameter and LoRA-based unconstrained fine-tuned teachers in UFT. Utility
Pearson measures the agreement of raw sample utilities, Weight TV measures the distance between induced soft
training-weight distributions, and Teacher KL measures the discrepancy between target-side teacher predictions.

Method
General Capability ↑ Target ↑ Overall ↑

HASW OBQA MMLU GSM8K Avg. HE Avg.

UFT + LoRA teacher 55.07 30.71 55.87 27.58 42.31 46.05 44.18

UFT + Full teacher 55.29 30.96 56.22 28.12 42.65 46.73 44.69

Table 12: Comparison between LoRA-based and full-parameter unconstrained fine-tuned teachers under the same
UFT training objective on Magicoder with LLaMA3.2-3B.

whether the LoRA-based teacher induces a simi-
lar soft weighting distribution to the full-parameter
teacher. We therefore measure the agreement be-
tween the two induced weight vectors using total
variation distance:

TV
(
wLoRA,wFull) = 1

2

N∑

i=1

∣∣wLoRA
i − wFull

i

∣∣ .

(71)
This metric directly evaluates whether the two
teachers assign similar training mass to target ex-
amples. As an auxiliary diagnostic before softmax
normalization, we also report the Pearson corre-
lation between {uLoRA

i }Ni=1 and {uFull
i }Ni=1, which

measures whether the two teachers produce a simi-
lar continuous valuation pattern.

Because the unconstrained teacher is also used
for target-side distillation, we further measure the
predictive discrepancy between MLoRA

uft and MFull
uft

on target responses:

KLteach =
1∑N

i=1 Ti

N∑

i=1

Ti∑

t=1

DKL

(
P Full

uft (· | xi, yi,<t)
∥∥∥P LoRA

uft (· | xi, yi,<t)
)
.

(72)

This metric directly tests whether the LoRA teacher
provides a similar target-side distillation signal.

Table 11 first compares the LoRA-based and full-
parameter unconstrained teachers in terms of util-
ity estimation, induced soft weighting, target-side
predictive behavior, and construction cost. The
LoRA-based teacher achieves a high utility cor-
relation with the full-parameter teacher, induces

a close soft weighting distribution, and yields a
small target-side teacher discrepancy, while reduc-
ing teacher-construction cost.

We further compare the downstream student
performance obtained with the two teacher in-
stantiations under the same utility-weighted train-
ing objective and dual-teacher distillation setup.
As shown in Table 12, the LoRA-based teacher
achieves performance close to the full-parameter
teacher on both target-task adaptation and evalu-
ated general-capability retention. These results sug-
gest that UFT mainly relies on a stable continuous
value distribution and compatible teacher predic-
tions, rather than exact reproduction of the full-
parameter adaptation trajectory. Thus, LoRA pro-
vides a practical approximation when teacher con-
struction cost is a concern, while the full-parameter
teacher remains the most recipe-matched instantia-
tion.

D.5 Teacher Construction Cost

Before value discovery, UFT constructs an uncon-
strained fine-tuned teacher on the target-task data.
Given the constructed teacher, value discovery
estimates which target-task samples provide use-
ful adaptation signals while remaining compatible
with retention requirements. Specifically, it uses
UFT predictions and source-relative divergence to
compute continuous sample utilities. In the full-
parameter setting on Magicoder with LLaMA3.2-
3B, teacher construction takes about 4 hours on 4
A100 GPUs, corresponding to 0.67 GPU-days.

To reduce this cost, Appendix D.4 examines a
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Figure 9: Utility-stratified training-weight distribution under UFT on Magicoder. For each backbone, target-training
examples are sorted by UFT utility and divided into five equal-sized quantile groups. Bars show the fraction of total
continuous training weight assigned to each group, and the dashed line marks the uniform 20% allocation baseline.

LoRA-based approximation to the unconstrained
teacher. Under the same setting, constructing the
LoRA-based teacher takes about 3 hours on 4
A100 GPUs, corresponding to 0.5 GPU-days. Al-
though the LoRA-based teacher provides a slightly
weaker valuation and distillation signal than the
full-parameter teacher, it induces a similar soft
weighting distribution and leads to only a small
drop in final performance. Therefore, UFT incurs
additional cost for teacher-based value discovery
compared with lightweight baselines, but this cost
remains moderate and should be evaluated together
with its gains in the adaptation–retention trade-off.

D.6 Utility-Stratified Training-Weight
Distribution.

To examine how UFT utilities affect optimization,
we analyze the continuous training-weight distribu-
tion induced by UFT. For each backbone on Magi-
coder, we sort all target-training examples by UFT
utility and divide them into five equal-sized quan-
tile groups, each containing 20% of the examples.
We compute the total training mass assigned to
each group as

WeightMass(G) =
∑

i∈G
w∗
i , (73)

where w∗
i is sample i’s normalized UFT weight.

As shown in Fig. 9, UFT assigns larger contin-
uous training mass to higher-utility groups across
all three backbones. On LLaMA3.2-3B, Gemma3-
4B, and Qwen3.5-9B, the top 20% utility group
receives 45.13%, 38.64%, and 36.08% of the total
training mass, respectively, all above the uniform
20% baseline, while the bottom 20% group receives
4.24%, 5.95%, and 7.44%. This pattern shows that

learned utilities directly shape sample emphasis
during fine-tuning. Since all target-training exam-
ples remain in the objective, lower-utility samples
still contribute with smaller continuous weights.
Together with the shuffled and inverse weighting
comparisons in Table 3, this result shows that both
the magnitude and ordering of UFT utilities con-
tribute to the final adaptation–retention trade-off.

D.7 Results on Instruction Tuning

We further evaluate all methods by fine-tuning
LLaMA3.2-3B on Alpaca-GPT4 (Peng et al.,
2023) to assess broad instruction-tuning perfor-
mance. Alpaca-GPT4 contains diverse instruction-
following tasks, covering question answering, rea-
soning, writing, and formatting. For general ca-
pability, we report results on ARC-Challenge and
ARC-Easy (Clark et al., 2018), PIQA (Bisk et al.,
2020), Winogrande (Sakaguchi et al., 2020), Hel-
laSwag (Zellers et al., 2019), OpenBookQA (Mi-
haylov et al., 2018), TruthfulQA (Lin et al., 2022),
MMLU (Hendrycks et al., 2021), GSM8K (Cobbe
et al., 2021), and HumanEval (Chen et al., 2021),
and compute General Avg. as their arithmetic mean.
Following recent instruction-tuning studies (Li
et al., 2025a; Han and Huang, 2026; Mirza et al.,
2025), we use IFEval (Zhou et al., 2023) and re-
port prompt-level strict accuracy (PS), instruction-
level strict accuracy (IS), prompt-level loose ac-
curacy (PL), instruction-level loose accuracy (IL),
and their arithmetic mean as IFEval Avg. Overall
performance is computed as the average of Gen-
eral Avg. and IFEval Avg. Following the main
experimental setup, we fine-tune on Alpaca-GPT4
for 3 epochs with a global batch size of 128 and a
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Tasks Pre-trained Standard FT LoRA FLOW DFT TALR ADAPT UFT

General Capability ↑

ARC-Challenge 42.92±0.00 44.54±0.36 44.97±0.32 43.86±0.30 45.12±0.33 45.47±0.31 45.83±0.35 46.26±0.29

ARC-Easy 74.58±0.00 73.23±0.34 75.19±0.30 74.21±0.32 75.94±0.28 74.91±0.35 75.06±0.30 76.43±0.28

PIQA 76.28±0.00 75.14±0.32 78.09±0.29 76.07±0.30 77.68±0.28 76.34±0.30 77.02±0.31 77.86±0.27

HellaSwag 55.83±0.00 57.59±0.33 57.32±0.30 56.14±0.29 57.37±0.31 58.71±0.30 58.96±0.32 59.43±0.28

OpenBookQA 31.23±0.00 33.40±0.36 32.60±0.32 31.86±0.34 33.78±0.29 32.63±0.35 33.42±0.31 34.16±0.30

TruthfulQA 39.13±0.00 50.15±0.39 48.80±0.35 47.36±0.33 49.22±0.36 49.57±0.34 50.86±0.38 51.92±0.32

Winogrande 69.22±0.00 65.98±0.42 66.72±0.38 68.41±0.36 67.03±0.37 67.65±0.36 68.77±0.40 68.64±0.34

MMLU 56.92±0.00 53.67±0.29 55.97±0.26 55.86±0.27 54.18±0.26 55.12±0.28 55.84±0.29 56.08±0.25

GSM8K 27.89±0.00 23.81±0.45 26.10±0.40 26.29±0.41 24.67±0.38 26.09±0.42 24.86±0.44 27.01±0.36

HumanEval 28.16±0.00 25.83±0.42 27.08±0.38 27.14±0.39 26.51±0.36 27.29±0.37 26.76±0.40 27.71±0.34

Avg. 50.22±0.00 50.33±0.16 51.28±0.14 50.72±0.15 51.15±0.14 51.38±0.15 51.74±0.16 52.55±0.13

IFEval (Target) ↑

Prompt (S) 21.81±0.00 29.72±0.46 27.36±0.42 28.29±0.44 32.74±0.41 30.68±0.39 33.21±0.37 34.24±0.32

Inst (S) 34.77±0.00 40.05±0.57 38.82±0.50 39.25±0.52 41.93±0.49 41.05±0.55 42.58±0.43 43.29±0.40

Prompt (L) 24.40±0.00 31.42±0.42 29.18±0.53 29.88±0.61 33.36±0.38 32.45±0.57 34.14±0.34 35.03±0.31

Inst (L) 38.13±0.00 42.57±0.46 40.53±0.59 41.48±0.54 43.88±0.44 42.77±0.48 44.32±0.39 44.21±0.36

Avg. 29.78±0.00 35.94±0.25 33.97±0.23 34.73±0.22 37.98±0.20 36.74±0.24 38.56±0.21 39.19±0.19

Overall ↑

Avg. 40.00±0.00 43.14±0.18 42.63±0.17 42.73±0.16 44.57±0.15 44.06±0.18 45.15±0.16 45.87±0.14

Table 13: Performance comparison on the Alpaca-GPT4 dataset (%). Pre-trained and Standard FT are excluded
from the ranking. The best results are highlighted in red, and the second-best results are highlighted in blue.

maximum sequence length of 4096. For UFT, the
learning rate selected on Alpaca-GPT4 is 4× 10−5.

Table 13 reports the Alpaca-GPT4 results. Stan-
dard fine-tuning improves IFEval Avg. from
29.78 to 35.94, but this gain comes with drops
on retention-sensitive benchmarks such as MMLU,
GSM8K, and HumanEval. LoRA and FLOW better
recover these general capabilities, but their lower
IFEval Avg. scores indicate limited adaptation to
instruction-following requirements. DFT, TALR,
and ADAPT further improve IFEval Avg. over
Standard FT, with ADAPT achieving the strongest
baseline Overall score of 45.15. UFT achieves the
highest General Avg., IFEval Avg., and Overall
scores, reaching 52.55, 39.19, and 45.87, respec-
tively. Although ADAPT slightly outperforms UFT
on instruction-level loose accuracy, UFT attains
the best average instruction-following performance
across the four IFEval metrics. These results show
that UFT remains effective in broad instruction tun-
ing, improving instruction following while main-

taining strong average general capability.

D.8 Comparison with DavIR

DavIR (Zhou et al., 2025) is originally designed for
supervised fine-tuning data selection. It scores each
sample by the normalized loss reduction between a
base model and a fine-tuned reference model:

SDavIR(xi, yi) =
Lbase(xi, yi)− Lref(xi, yi)

Lbase(xi, yi)
. (74)

Here, Lbase(xi, yi) and Lref(xi, yi) denote the
base-model and fine-tuned-reference losses on sam-
ple (xi, yi), respectively. A larger SDavIR(xi, yi)
indicates a larger relative loss reduction after fine-
tuning. The original DavIR protocol ranks samples
by this score, selects the top-k subset, and re-trains
the base model on the selected data.

To compare DavIR with UFT under the same
full-data training setting, we construct a DavIR-
style reweighting baseline, denoted as DavIR-
W. DavIR-W keeps the original DavIR score in
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Method
General Capability ↑ Target ↑ Overall ↑

HASW OBQA MMLU GSM8K Avg. HE Avg.

LLaMA3.2-3B

DavIR-W 54.10±0.42 29.92±0.36 53.65±0.35 24.65±0.38 40.58±0.24 45.35±0.43 42.97±0.26

UFT 55.29±0.31 30.96±0.26 56.22±0.28 28.12±0.31 42.65±0.22 46.73±0.40 44.69±0.23

Gemma3-4B

DavIR-W 54.89±0.39 31.85±0.34 57.58±0.40 32.06±0.41 44.10±0.23 58.31±0.44 51.21±0.27

UFT 56.93±0.30 32.56±0.29 59.28±0.28 36.27±0.46 46.26±0.24 59.53±0.34 52.90±0.21

Table 14: Comparison with DavIR-style reweighting on the Magicoder dataset (%).

Method
General Capability ↑ Target ↑ Overall ↑

HASW OBQA MMLU HE Avg. GSM8K Avg.

LLaMA3.2-3B

DavIR-W 52.94±0.43 29.52±0.37 54.48±0.34 25.97±0.42 40.73±0.24 66.23±0.36 53.48±0.25

UFT 55.37±0.34 30.46±0.33 55.92±0.32 27.63±0.34 42.35±0.18 66.91±0.32 54.63±0.20

Gemma3-4B

DavIR-W 55.23±0.38 32.15±0.33 57.49±0.36 32.64±0.40 44.38±0.22 68.15±0.35 56.27±0.24

UFT 56.04±0.33 33.69±0.32 59.07±0.31 34.46±0.33 45.82±0.17 69.45±0.29 57.63±0.19

Table 15: Comparison with DavIR-style reweighting on the MetaMathQA dataset (%).

Eq. (74) unchanged and converts it into continuous
sample weights:

wDavIR
i =

exp(SDavIR(xi, yi)/λ)∑N
j=1 exp(SDavIR(xj , yj)/λ)

. (75)

Here, λ is the same temperature parameter as in
UFT. After obtaining wDavIR

i , we fine-tune the
model under the same configuration as UFT. Ta-
bles 14 and 15 compare results on Magicoder
and MetaMathQA. On Magicoder, UFT exceeds
DavIR-W in Overall score by 1.72 on LLaMA3.2-
3B and 1.69 on Gemma3-4B; on MetaMathQA,
the gains are 1.15 and 1.36, respectively. UFT
also consistently improves the evaluated general-
capability average and target-task performance
across both datasets and backbones. These re-
sults show that preservation-aware value discovery
provides a stronger reweighting signal than loss-
reduction-based learnability alone.

D.9 Compute-Matched Comparison
UFT introduces an additional teacher-construction
stage before downstream student training. To exam-
ine whether the resulting improvements can be at-
tributed to this additional computation, we conduct
a compute-matched comparison on Magicoder with

LLaMA3.2-3B. Starting from the same pre-trained
checkpoint, we train each baseline for up to six
epochs, consisting of the original three epochs and
three additional epochs that approximately match
the cost of constructing the UFT teacher. We recon-
struct the cosine learning-rate schedule over the full
six-epoch horizon and apply early stopping using
the same held-out target validation criterion as in
the main experiments. For each method, we report
the checkpoint with the lowest validation negative
log-likelihood. All other training and evaluation
settings remain unchanged.

As shown in Table 16, UFT continues to achieve
the strongest balance between target task perfor-
mance and general capability retention under the
matched compute budget. It obtains the highest
General Avg. of 42.65%, the highest HumanEval
score of 46.73%, and the highest Overall Avg. of
44.69% among all fine tuned methods. FLOW and
TALR preserve relatively strong general capability
but achieve lower HumanEval performance. Stan-
dard FT, DFT, and ADAPT obtain stronger Hu-
manEval results but retain less general capability.
The additional training epochs therefore do not
close the gap between these baselines and UFT.
These results show that the gains of UFT are not
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Method
General Capability ↑ Target ↑ Overall ↑

HASW OBQA MMLU GSM8K Avg. HE Avg.

Pre-trained 55.83±0.00 31.23±0.00 56.92±0.00 27.89±0.00 42.97±0.00 28.16±0.00 35.57±0.00

Standard FT 51.55±0.52 28.10±0.40 47.85±0.46 19.70±0.38 36.80±0.31 46.35±0.52 41.58±0.32

LoRA 53.25±0.41 29.40±0.35 51.90±0.37 20.85±0.42 38.85±0.28 42.57±0.43 40.71±0.27

FLOW 54.58±0.36 30.09±0.31 55.74±0.33 24.91±0.27 41.33±0.23 42.79±0.37 42.06±0.22

DFT 53.15±0.40 29.62±0.24 51.78±0.36 24.65±0.29 39.80±0.24 45.96±0.41 42.88±0.26

TALR 54.80±0.36 30.22±0.35 53.92±0.32 26.50±0.37 41.36±0.25 44.19±0.39 42.78±0.24

ADAPT 53.60±0.44 29.55±0.32 52.68±0.39 21.65±0.34 39.37±0.26 46.22±0.45 42.80±0.28

UFT (Ours) 55.29±0.31 30.96±0.26 56.22±0.28 28.12±0.31 42.65±0.22 46.73±0.40 44.69±0.23

Table 16: Compute-matched comparison on the Magicoder dataset with LLaMA3.2-3B (%).

merely due to additional compute. They also de-
pend on how UFT uses the available computation
for value discovery and downstream training.
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