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Abstract

While large language models (LLMs) demon-
strate strong text classification capabilities,
adapting them to specialized, few-shot indus-
trial domains remains challenging. Vanilla
supervised fine-tuning (SFT) applies uniform
weighting to training samples and may over-
fit easy instances while insufficiently optimiz-
ing ambiguous boundary samples. Static reg-
ularization may further limit adaptation by ap-
plying the same constraint throughout training.
To address these limitations, we propose cu-
mulative area under the margin (C-AUM), a
fine-tuning framework tailored to autoregres-
sive LLM classification. C-AUM tracks the
cumulative margin of the final decision token
as an instance-level difficulty signal and uses it
to coordinate AUM-aware instance weighting
with difficulty-aware dynamic LoRA regular-
ization. We also construct and release an expert-
verified few-shot text classification benchmark
for the steel industry, comprising 1,070 sam-
ples across seven fine-grained categories. Eval-
uations across six representative LLMs show
that C-AUM achieves comparable or improved
performance over vanilla SFT, with a maxi-
mum macro F1 gain of 1.99 percentage points.
Our dataset and code are publicly available at
https://github.com/pengdada98/C-AUM.

1 Introduction

Large language models (LLMs) have revolution-
ized the landscape of natural language processing,
transforming traditional text classification from
discriminative probability estimation to prompt-
driven, autoregressive sequence generation (Chae
and Davidson, 2026). While LLMs exhibit remark-
able zero-shot and in-context learning capabilities
on general-domain benchmarks, their direct ap-
plication to highly specialized industrial domains
presents significant challenges (Peng et al., 2025).
In fields such as the steel industry, texts are char-
acterized by idiosyncratic vocabularies, subtle se-
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Figure 1: Motivation of C-AUM framework. The empir-
ical distribution of the final cumulative AUM on the steel
dataset exhibits a severe bimodal imbalance. Vanilla
SFT suffers from gradient egalitarianism, overwhelm-
ingly focusing on the massive cluster of well-mastered
easy samples (blue region) while neglecting the crucial
hard boundary samples (red region). Our framework
aims to adaptively reshape this optimization landscape.

mantic overlaps, and an extreme scarcity of expert-
annotated data. Given that full-parameter updates
on such limited data are highly prone to severe
overfitting and catastrophic forgetting, parameter-
efficient fine-tuning (PEFT) (Ding et al., 2023),
particularly LoRA (Hu et al., 2022), has emerged
as the standard paradigm to adapt LLMs to these
specialized few-shot scenarios (Nwaiwu, 2025).

However, adapting LLMs via vanilla supervised
fine-tuning (SFT) in few-shot settings exposes a
critical optimization flaw rooted in the blind spot
of gradient egalitarianism. Vanilla SFT weights
training instances uniformly and applies the same
token-level objective across all supervised target
positions (Sow et al., 2025). In complex domain-
specific classification, a dataset typically comprises
a majority of straightforward, easy-to-learn sam-
ples and a minority of ambiguous, hard bound-
ary samples that dictate the true semantic borders
(Swayamdipta et al., 2020). As empirically re-
vealed in Fig. 1, tracking the learning dynamics
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of an LLM exposes a stark bimodal distribution.
Under gradient egalitarianism, the LLM rapidly
overfits the massive cluster of easy samples, driv-
ing their loss to near zero, while leaving the crucial
hard examples severely under-optimized.

Compounding this issue is the rigidity of static
global regularization typically employed in stan-
dard PEFT paradigms. Applying static, uniform
penalties indiscriminately suppresses the model’s
expressive capacity (Nwaiwu, 2025). In few-shot
domain adaptation, this leads to a sub-optimal
trade-off where aggressive static constraints hinder
the model from capturing subtle semantic nuances
in hard boundary examples, while insufficient con-
straints cannot effectively prevent severe overfitting
on easy instances. Consequently, non-adaptive reg-
ularization fails to provide precise, capacity-aware
optimization tailored to the varying learning diffi-
culty of the training data.

To address this challenge, we introduce cumu-
lative area under the margin (C-AUM), a dual-
adaptive fine-tuning framework tailored to autore-
gressive LLMs. Building on the area under the
margin (AUM) metric (Pleiss et al., 2020), C-AUM
adapts margin tracking to generative classification
by accumulating the decision margin at the final
supervised label token as an instance-level mea-
sure of learning difficulty. This signal dynamically
reshapes sample-level optimization by assigning
greater relative weights to hard boundary samples
than to well-mastered examples. C-AUM further
adjusts LoRA regularization according to batch-
level difficulty, mitigating overfitting while pre-
serving sufficient capacity for difficult instances.
To evaluate few-shot adaptation in a realistic in-
dustrial setting, we also construct and release an
expert-verified text classification dataset for the
steel industry.

In summary, the main contributions of this paper
are three-fold:

• Dataset and Benchmark: We construct and
release an expert-verified few-shot text classi-
fication dataset tailored for the steel industry.
Comprising 1,070 samples across seven fine-
grained categories, it provides a realistic and
challenging benchmark for low-resource in-
dustrial LLM adaptation.

• C-AUM Framework: We propose C-AUM, a
dual-adaptive fine-tuning framework tailored
for autoregressive LLMs. By tracking the cu-
mulative margin of the final decision token

as an instance-level difficulty signal, C-AUM
integrates an AUM-aware instance weighting
mechanism to emphasize hard-boundary sam-
ples and a difficulty-aware dynamic LoRA
regularization strategy for adaptive capacity
control. Together, these components alleviate
gradient egalitarianism and mitigate overfit-
ting in few-shot domain adaptation.

• Comprehensive Evaluation: Experiments
across six representative LLMs show that C-
AUM achieves comparable or improved per-
formance over vanilla SFT, with a maximum
macro F1 gain of 1.99 percentage points. Ab-
lation studies support the contribution of each
core component, while experiments under se-
vere data scarcity demonstrate the robustness
of C-AUM in low-resource settings.

2 Related Work

In this section, we review the paradigm shift
brought by LLMs in text classification and dis-
sect the inherent limitations of current few-shot
fine-tuning strategies when confronted with highly
ambiguous, domain-specific data.

2.1 LLMs for Text Classification

The field of text classification has undergone a sig-
nificant paradigm shift, evolving from discrimina-
tive models such as BERT (Devlin et al., 2019)
and ERNIE (Sun et al., 2019) to generative LLMs
represented by DeepSeek (Guo et al., 2025) and
Qwen (Yang et al., 2025a). In contrast to traditional
approaches that rely on task-specific classification
heads to produce probability distributions, LLMs
reformulate text classification as an autoregressive
sequence-to-sequence generation problem, where
categorical labels are directly decoded in a prompt-
driven manner (Chae and Davidson, 2026).

While this generative paradigm exhibits impres-
sive zero-shot and in-context learning capabilities
on general-domain benchmarks, recent comprehen-
sive evaluations reveal significant limitations in
practical classification applications. Recent stud-
ies demonstrate that zero-shot LLMs often under-
perform fully supervised smaller models on com-
plex, specialized classification tasks (Peng et al.,
2025; Pecher et al., 2025). These vulnerabilities are
dramatically exacerbated in specialized, domain-
specific scenarios (e.g., industrial, scientific, or
medical texts). Recent literature emphasizes that
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general-purpose LLMs frequently falter when con-
fronted with specialized vocabulary, unique gram-
matical structures, and highly imbalanced data dis-
tributions (Du et al., 2025; K. Rostam and Kertész,
2025; Sakai and Lam, 2026). In such domains,
texts often share overlapping terminologies but
differ subtly in their core semantic focus. Gen-
erative LLMs, pre-trained primarily to maximize
overall token likelihood and fluency, tend to ex-
ploit surface-level textual clues rather than disen-
tangling these fine-grained semantic boundaries.
Consequently, to bridge this domain gap and en-
force strict categorical discrimination, task-specific
PEFT remains an indispensable requirement (Li
et al., 2025; Cegin et al., 2025).

2.2 Few-Shot Fine-Tuning for LLMs
To adapt LLMs to downstream tasks with minimal
computational overhead, PEFT methods, partic-
ularly LoRA (Hu et al., 2022), have become the
widely used standard approach (Kumar et al., 2025).
However, models trained with vanilla SFT in few-
shot settings are highly susceptible to overfitting
and catastrophic forgetting of instruction-following
alignment (Cegin et al., 2025; Luo et al., 2025).
Crucially, current vanilla SFT frameworks suffer
from a gradient egalitarianism blind spot. They
apply uniform optimization across all instances,
treating straightforward samples and highly am-
biguous boundary samples (hard examples) equally
(Swayamdipta et al., 2020; Ju et al., 2024). In spe-
cialized few-shot datasets, where a small fraction
of hard examples dictates the true semantic bound-
aries, vanilla SFT quickly overfits the majority of
easy samples while leaving the ambiguous, hard
examples under-optimized (Guda et al., 2025; Rah-
man and Caragea, 2025).

Furthermore, traditional static regularization
strategies conventionally employed to combat over-
fitting are often sub-optimal for autoregressive
LLMs in few-shot domain adaptation (Huang et al.,
2025; He et al., 2025). These non-adaptive, global
constraints impose uniform parameter penalties
that indiscriminately suppress the model’s expres-
sive capacity. Consequently, they limit the LLM’s
ability to allocate sufficient representational power
to resolve complex semantic nuances and ambigu-
ous boundary examples, motivating the need for dy-
namic, capacity-aware regularization approaches.

There remains an urgent need for an adaptive,
margin-driven fine-tuning mechanism that effec-
tively emphasizes hard-boundary samples while

preserving generative alignment. To bridge this
gap, we propose C-AUM, a novel dual-adaptive
fine-tuning framework tailored for autoregressive
LLMs. By isolating and tracking the learning diffi-
culty of the final decision token, C-AUM integrates
an AUM-aware instance weighting mechanism to
emphasize under-optimized hard-boundary sam-
ples, coupled with difficulty-aware dynamic LoRA
regularization for adaptive parameter capacity con-
trol. Together, these components alleviate gradient
egalitarianism and mitigate overfitting in few-shot
domain adaptation.

3 Methodology

This section details the core components and mathe-
matical formulation of the proposed C-AUM frame-
work.

3.1 Overall Architecture

We consider few-shot text classification as a se-
quence generation task for autoregressive LLMs.
Given a training set S = {(xi, yi)}|S|i=1, where xi
denotes the input text and yi denotes the target label
sequence, the model generates yi autoregressively
conditioned on an instruction template T (·). To ad-
dress the challenges of gradient egalitarianism and
static over-regularization in this setting, C-AUM
introduces a dual-adaptive optimization framework,
as illustrated in Fig. 2. The framework consists
of three coordinated modules: (1) Autoregressive-
Tailored AUM Tracking for dynamic difficulty
estimation, (2) AUM-Aware Instance Weighting
for adaptive instance-level optimization, and (3)
Difficulty-Aware Dynamic LoRA Regularization
for adaptive parameter capacity control. Together,
these modules dynamically adjust both instance-
level optimization emphasis and parameter-level
regularization according to the evolving learning
difficulty of each instance.

3.2 Autoregressive-Tailored AUM Tracking

Unlike discriminative classifiers that derive margin
statistics from a dedicated classification head, au-
toregressive LLMs decode sequences across mul-
tiple generative steps. For multi-token label se-
quences, aggregating margins across all generated
positions can introduce irrelevant variation from
shared prefixes and non-decisive label tokens. To
obtain a cleaner difficulty metric, we isolate the
decision margin exclusively at the final supervised
label token, corresponding to the final active target
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Figure 2: The overall framework of C-AUM.

position tlast.
Formally, for a given training instance xi with

a unique identifier si, let z(tlast)
y denote the logit

corresponding to the ground-truth final token, and
maxj ̸=y z

(tlast)
j represent the maximum logit among

all competing vocabulary tokens at that position.
The instantaneous decision margin m

(t)
i is defined

as:
m

(t)
i = z(tlast)

y −max
j ̸=y

z
(tlast)
j . (1)

To track the learning dynamics without intro-
ducing additional gradient paths, the instantaneous
margin is detached from the computation graph and
accumulated whenever the corresponding instance
is encountered during training:

A
(t)
i = A

(t−1)
i +m

(t)
i , (2)

where A
(0)
i = 0. A consistently large positive A

(t)
i

indicates that an instance is being readily mastered,
whereas a negative or near-zero value suggests an
ambiguous boundary instance that remains under-
optimized.

3.3 AUM-Aware Instance Weighting
Vanilla SFT optimizes all training instances uni-
formly, leading to rapid overfitting on easy samples
while leaving complex boundary instances under-
optimized. To resolve this gradient egalitarianism,
we introduce an instance-level weighting module
driven by the historical margin metric A

(t)
i .

For the i-th instance in a batch, its adaptive
weight wi is computed via a bounded sigmoid for-
mulation:

wi = 1.0 + γ · σ
(
−A

(t)
i

τw

)
, (3)

where σ(·) is the sigmoid function, τw is the weight-
ing temperature controlling transition smoothness,
and γ is an amplitude scaling factor (empirically
set to τw = 10.0 and γ = 0.5).

The sample-level cross-entropy loss L(i)
CE is com-

puted as the mean token-level loss across all active
target positions. The weighted base objective for a
batch of size B is then aggregated as:

Lbatch =
1

B

B∑

i=1

wi · L(i)
CE. (4)

As the historical margin scores evolve during
training, wi automatically assigns greater optimiza-
tion emphasis to under-optimized boundary in-
stances, providing adaptive instance-level optimiza-
tion.

3.4 Difficulty-Aware Dynamic LoRA
Regularization

To mitigate overfitting in few-shot regimes without
overly restricting parameter updates on complex
instances, we introduce an adaptive parameter reg-
ularization module that scales penalties based on
the collective learning state of the batch.
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For each instance xi, its cumulative score A(t)
i is

first mapped to a mastery factor fi:

fi = σ

(
A

(t)
i

τr

)
, (5)

where τr is the regularization temperature (set to
τr = 5.0). We define the batch-level mastery scale
S as the detached mean of these individual factors:

S = sg

(
1

B

B∑

i=1

fi

)
, (6)

where sg(·) denotes the stop-gradient operator.
Finally, S dynamically scales the Frobenius

norm penalty across all low-rank adapter parameter
matrices ΘLoRA. The overall training objective is
formulated as:

Ltotal = Lbatch + α · S ·


 1

|K|
∑

W∈ΘLoRA

||W ||F


 ,

(7)
where α = 10−4 represents the base penalty co-
efficient, |K| is the total count of adapted LoRA
parameter tensors, and ∥W∥F =

√∑
j,k W

2
j,k de-

notes the Frobenius norm.
When a batch comprises predominantly chal-

lenging boundary examples, S adaptively decreases
to relax parameter constraints and facilitate fea-
ture learning. Conversely, when processing well-
mastered data, stronger parameter penalties are
enforced to prevent over-adaptation on few-shot
samples.

4 Experiments

In this section, we conduct experiments to evaluate
the effectiveness, component contributions, and
robustness of the proposed framework.

4.1 Steel Dataset

The steel dataset is an expert-verified, domain-
specific classification benchmark comprising 1,070
samples across seven specialized industrial cate-
gories: grade, variety, standard, defect, origin, ap-
plication, and performance. To alleviate severe
data scarcity in specialized industrial sectors, ini-
tial candidate texts were generated using advanced
LLMs (Gemini and ChatGPT) conditioned on struc-
tural seed entities. Because raw LLM outputs of-
ten exhibit repetitive syntactic patterns and limited

Grade
Variety Defect

Standard Origin
Application

Performance

Industrial Categories

0

50

100

150

200

N
um

be
r 

of
 S

am
pl

es 160

122

195

127
137

161 168

Figure 3: Data distribution of the constructed steel
dataset.

domain realism, three steel-domain experts con-
ducted multiple rounds of manual revision, filter-
ing, and standardization. Consequently, a portion
of the raw LLM-generated samples was retained,
while the majority underwent substantial refine-
ment to ensure consistency with authentic metallur-
gical terminology and real-world industrial logic.
In accordance with standard few-shot classifica-
tion conventions, each category contains fewer than
200 instances, establishing a realistic low-resource
regime. To facilitate robust evaluation, we adopt a
five-fold cross-validation scheme, where each fold
strictly maintains an 8:2 split (856 training sam-
ples and 214 test samples per fold). The category
distribution is illustrated in Fig. 3, and the compre-
hensive curation pipeline is detailed in Appendix
A.

4.2 Evaluation Metrics

To comprehensively assess the performance of the
text classification model, we employ three macro-
level evaluation metrics: macro precision, macro
recall, and macro F1. The specific definitions and
calculation methods of these three metrics are pro-
vided in Appendix B.

4.3 Experimental Setup

All experiments on text classification are conducted
using Python 3.10.18, along with Transformers ver-
sion 4.52.4 and PyTorch version 2.7.1. The code is
built upon the LLaMA-Factory framework (Zheng
et al., 2024) and runs on a single RTX 6000 GPU
featuring 24GB of memory. Furthermore, the de-
tailed hyperparameter configurations and a compre-
hensive sensitivity analysis of our C-AUM frame-
work are provided in Appendix C.
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Model Macro Precision (%) Macro Recall (%) Macro F1 (%)

DeepSeek-R1-Distill-Qwen-1.5B (Guo et al., 2025) 89.75± 1.47 90.09± 1.37 89.74± 1.45
+ C-AUM 90.90± 1.91 91.17± 1.44 90.86± 1.75

Granite-3.3-2B-Instruct (Granite Team, 2025) 90.64± 2.07 90.10± 2.60 90.11± 2.45
+ C-AUM 91.28± 1.52 91.15± 1.18 91.02± 1.37

Gemma-2-2B-it (Riviere et al., 2024) 92.73± 1.20 92.95± 1.75 92.62± 1.47
+ C-AUM 92.96± 1.84 92.64± 2.36 92.63± 2.19

Qwen2.5-3B-Instruct (Yang et al., 2025b) 92.56± 1.48 92.64± 1.40 92.38± 1.47
+ C-AUM 94.34± 1.12 94.71± 0.57 94.37± 0.81

Ministral-3-3B-Instruct (Liu et al., 2026) 93.61± 2.17 93.35± 1.35 93.31± 1.78
+ C-AUM 94.27± 1.52 94.31± 1.77 94.16± 1.79

Qwen3-4B-Instruct (Yang et al., 2025a) 93.93± 1.06 93.91± 1.13 93.73± 1.01
+ C-AUM 94.17± 1.33 94.02± 1.40 93.86± 1.22

Table 1: Main classification performance across various representative LLMs.

Variant Macro Precision (%) Macro Recall (%) Macro F1 (%)

C-AUM 94.34± 1.12 94.71± 0.57 94.37± 0.81

w/o Difficulty-Aware Dynamic LoRA Regularization 92.75± 1.05 93.22± 1.13 92.73± 0.98
w/o AUM-Aware Instance Weighting 93.26± 1.47 93.31± 1.40 93.09± 1.41
w/o Final-token AUM 94.19± 0.69 94.57± 0.52 94.21± 0.61

Baseline (Vanilla SFT) 92.56± 1.48 92.64± 1.40 92.38± 1.47

Table 2: Ablation study results evaluating the core modules of the C-AUM framework.

4.4 Main Results

We evaluate C-AUM against vanilla SFT across
six representative publicly available LLMs ranging
from 1.5B to 4B parameters. Table 1 reports the
five-fold cross-validation results on the steel dataset
as mean ± sample standard deviation. Overall,
C-AUM achieves comparable or improved perfor-
mance across all evaluated backbones, although
the gains vary by model. Among the 1.5B–2B
models, C-AUM improves macro F1 by 1.12 and
0.91 percentage points for DeepSeek-R1-Distill-
Qwen-1.5B and Granite-3.3-2B-Instruct, respec-
tively, while Gemma-2-2B-it remains comparable
to vanilla SFT, with a difference of 0.01 percentage
points. For Granite-3.3-2B-Instruct, the standard
deviation decreases from 2.45 to 1.37, indicating
lower performance variation across folds. Among
the 3B models, C-AUM improves macro F1 by 1.99
percentage points for Qwen2.5-3B-Instruct and
0.85 percentage points for Ministral-3-3B-Instruct.
The improvement on Qwen3-4B-Instruct is smaller
at 0.13 percentage points. Qwen2.5-3B-Instruct
with C-AUM achieves the highest macro F1 among
all evaluated configurations at 94.37± 0.81%, ex-
ceeding its vanilla SFT counterpart by 1.99 per-
centage points. On this backbone, C-AUM also
improves macro precision and macro recall by 1.78

and 2.07 percentage points, respectively, indicat-
ing gains across all three evaluation metrics. The
results across different model scales suggest that
C-AUM is compatible with diverse autoregressive
LLM backbones, although the magnitude of its
effect remains model-dependent.

4.5 Ablation Study

To evaluate the contribution of each component
of C-AUM, we conduct an ablation study on the
steel dataset using five-fold cross-validation with
Qwen2.5-3B-Instruct. Table 2 reports macro preci-
sion, macro recall, and macro F1 as mean ± sam-
ple standard deviation. Removing difficulty-aware
dynamic LoRA regularization reduces macro F1
by 1.64 percentage points, from 94.37 ± 0.81%
to 92.73 ± 0.98%, supporting the contribution of
difficulty-aware regularization in the few-shot set-
ting. Removing AUM-aware instance weighting
decreases macro F1 by 1.28 percentage points to
93.09± 1.41% and increases cross-fold variation.
This result supports the effectiveness of using cu-
mulative AUM to guide sample weighting. Fi-
nally, replacing final-token AUM with mean-token
AUM slightly reduces macro F1 by 0.16 percent-
age points to 94.21± 0.61%. This result suggests
that the final-token margin is a suitable difficulty
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Framework Variant Difficulty Signal Macro Precision (%) Macro Recall (%) Macro F1 (%)

C-AUM Final-token AUM 94.34± 1.12 94.71± 0.57 94.37± 0.81

w/o Final-token AUM Mean-token AUM 94.19± 0.69 94.57± 0.52 94.21± 0.61
w/o Final-token AUM Instantaneous Loss 92.57± 1.47 92.79± 1.09 92.45± 1.33
w/o Final-token AUM Prediction Entropy 93.29± 1.53 93.56± 1.03 93.22± 1.31

Table 3: Ablation study evaluating different difficulty estimation signals.

Method Macro Precision (%) Macro Recall (%) Macro F1 (%)

Loss-based reweighting 93.89± 1.25 93.94± 1.10 93.71± 1.12
Entropy-based reweighting 92.90± 0.78 93.11± 1.11 92.83± 0.90
Focal loss 92.62± 1.48 92.63± 0.71 92.36± 1.01
Static LoRA regularization 92.54± 2.24 92.59± 1.92 92.27± 2.05

C-AUM 94.34± 1.12 94.71± 0.57 94.37± 0.81

Table 4: Performance comparison against representative sample reweighting and regularization baselines.

signal for autoregressive classification. It is also
computationally simpler because it avoids margin
aggregation across multiple supervised label posi-
tions.

4.6 Analysis of Difficulty Estimation Signals

To assess the effectiveness of final-token AUM,
Table 3 compares it with alternative difficulty sig-
nals, including mean-token AUM, instantaneous
loss, and prediction entropy, using five-fold cross-
validation. In this controlled ablation, the sam-
ple reweighting and dynamic LoRA regularization
modules are retained, and only the difficulty sig-
nal driving them is replaced. This differs from
the standalone loss- and entropy-based reweighting
baselines in Table 4, which use these signals only
for sample weighting. Replacing final-token AUM
with instantaneous loss or prediction entropy re-
duces macro F1 by 1.92 and 1.15 percentage points,
respectively, resulting in scores of 92.45± 1.33%
and 93.22 ± 1.31%. Both alternatives also ex-
hibit greater cross-fold variation than final-token
AUM. These results suggest that cumulative mar-
gin tracking provides a more stable difficulty esti-
mate than single-step signals by capturing learning
dynamics over time. Mean-token AUM achieves
94.21 ± 0.61%, representing a smaller decrease
of 0.16 percentage points. This result suggests
that focusing on the final decision token is at least
as effective as aggregating margins across all su-
pervised label tokens, while requiring less margin
aggregation. Overall, final-token AUM provides
an effective and computationally simple difficulty
signal for autoregressive LLM classification.

4.7 Comparison with Representative
Baselines

To examine whether C-AUM improves upon
stronger alternatives beyond vanilla SFT, Table 4
presents a five-fold cross-validation comparison
with representative reweighting and regularization
baselines, including focal loss (Lin et al., 2017),
loss-based reweighting, entropy-based reweighting,
and static LoRA regularization (Hu et al., 2022).
C-AUM achieves the highest average performance
across all evaluation metrics, with a macro F1 of
94.37±0.81%. Its macro F1 exceeds those of loss-
based reweighting, entropy-based reweighting, and
focal loss by 0.66, 1.54, and 2.01 percentage points,
respectively. Unlike loss- and entropy-based sig-
nals that reflect the current model state, cumulative
AUM captures training dynamics across optimiza-
tion steps and may therefore provide a more stable
estimate of sample difficulty. Static LoRA regular-
ization achieves a lower macro F1 of 92.27±2.05%
and greater cross-fold variation. These results sup-
port the contributions of cumulative AUM-based
reweighting and difficulty-aware dynamic regular-
ization.

4.8 Fine-Grained Class-Level Analysis

To examine whether C-AUM benefits individual
categories, Table 5 reports per-class F1 scores on
fold 1. C-AUM improves six of the seven cate-
gories, with the largest gain on variety (4.19 per-
centage points, from 78.57% to 82.76%), which has
the lowest baseline F1. The gains in the remain-
ing categories are 2.97, 2.94, 2.03, 1.88, and 1.80
percentage points for defect, application, origin,
standard, and performance, respectively. Perfor-
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Category Vanilla SFT (%) C-AUM (%) ∆ F1

Performance 95.08 96.88 +1.80
Defect 97.03 100.00 +2.97
Origin 93.62 95.65 +2.03
Variety 78.57 82.76 +4.19
Grade 97.22 95.77 −1.45
Standard 94.12 96.00 +1.88
Application 94.12 97.06 +2.94

Table 5: Per-class F1 comparison between vanilla SFT
and C-AUM (fold 1 evaluation).

mance on grade decreases slightly by 1.45 percent-
age points, although both methods retain relatively
high F1 scores for this category. These gains span
multiple types of steel-related information, provid-
ing a more fine-grained view of the improvements
summarized by macro F1. Despite the modest
decrease on grade, the overall results show that
C-AUM benefits most categories, with the most
pronounced improvement observed for variety.

4.9 Resilience to Extreme Data Scarcity

Vanilla LLM fine-tuning is prone to overfitting
when training data is severely constrained. To
evaluate C-AUM under severe low-resource con-
ditions, we conduct experiments on fold 1 of the
steel dataset and simulate varying levels of data
scarcity by randomly retaining 10% to 50% of the
original training set. The results are shown in Fig.
4. Across all retention ratios, C-AUM achieves
higher macro F1 than vanilla SFT. As the amount
of training data decreases, both methods experi-
ence varying degrees of performance degradation,
particularly when only 10% of the data is retained.
Nevertheless, C-AUM maintains a relatively sta-
ble advantage across the examined retention ra-
tios, suggesting that its benefits are not limited to
training with the complete dataset. Notably, when
trained on only 40% of the available data, C-AUM
achieves a macro F1 score of 91.92%, compared
with 91.78% for vanilla SFT trained on a larger
50% subset. This result suggests that difficulty-
aware optimization can improve the use of lim-
ited supervision, although it cannot fully offset the
performance decline under extreme data scarcity.
Overall, C-AUM demonstrates relatively robust
adaptation under constrained training-data settings.

4.10 Computational Efficiency Analysis

To quantify the computational overhead of C-
AUM, we compare its resource consumption with
vanilla SFT using Qwen2.5-3B-Instruct on the steel
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Figure 4: Macro F1 performance across varying data
retention ratios (fold 1 evaluation).

dataset. The results in terms of training time, in-
ference time, and GPU memory usage are sum-
marized in Fig. 5. C-AUM introduces a small
training-time overhead and a moderate increase
in training memory, while requiring no additional
computation during inference. The training time in-
creases from 1501.84 s for vanilla SFT to 1538.22
s with C-AUM, corresponding to a 2.42% increase.
Meanwhile, the inference time remains nearly un-
changed, with 45.18 s for vanilla SFT and 45.14
s for C-AUM. This low overhead stems from C-
AUM being implemented within the standard train-
ing loop without introducing an additional forward
pass for difficulty estimation. C-AUM incurs ad-
ditional GPU memory usage during training due
to the extra computations associated with dynamic
LoRA regularization, while the AUM tracker main-
tains only detached scalar statistics. The peak train-
ing VRAM increases from 14,434 MB to 16,696
MB, corresponding to a 15.67% increase. In con-
trast, inference memory remains nearly identical, at
7,098 MB for both vanilla SFT and C-AUM. Over-
all, C-AUM provides competitive classification per-
formance with modest training overhead and no
additional inference computation, demonstrating
its practical viability for low-resource industrial
deployment.

5 Conclusion

In this paper, we present C-AUM, a dual-adaptive
fine-tuning framework designed to address opti-
mization imbalances in few-shot LLM adaptation.
By tracking learning difficulty through cumulative
margins at the final decision token, C-AUM inte-
grates AUM-aware instance weighting for adaptive
instance-level optimization and difficulty-aware dy-
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Figure 5: Comparative analysis of computational efficiency between the vanilla SFT baseline and the proposed
C-AUM framework (fold 1 evaluation).

namic LoRA regularization for adaptive param-
eter capacity control. Evaluations on our con-
structed steel industry benchmark show that C-
AUM achieves competitive or improved perfor-
mance across multiple publicly available LLM
backbones, while introducing only modest train-
ing overhead and no additional computation during
inference. Although the magnitude of improvement
varies across base models, our findings demonstrate
the potential of adaptive difficulty tracking and
capacity control for specialized low-resource text
classification.

Limitations

Despite the encouraging performance gains
achieved by C-AUM, several limitations warrant
further investigation.

First, our evaluation is limited to a single Chi-
nese steel-domain dataset. Therefore, the general-
izability of C-AUM across other domains and lan-
guages remains unverified. Future work could eval-
uate the framework on datasets from additional do-
mains and languages to determine whether domain-
or language-specific adaptation is required.

Second, the effectiveness of C-AUM varies
across LLM backbones. For example, C-AUM
improves macro F1 by nearly 2 percentage points
on Qwen2.5-3B-Instruct, whereas its performance
on Gemma-2-2B-it is comparable to vanilla SFT.
This variation may be associated with differences
in pre-training data, model alignment, tokeniza-
tion, or model capacity. Further analysis is needed
to clarify these interactions and establish broader
guidelines across model families.

Third, C-AUM’s performance declines when the
available training data becomes extremely limited.
Under the 10% retention setting, both C-AUM and
vanilla SFT exhibit a noticeable performance de-
crease, indicating that adaptive optimization can-
not fully compensate for insufficient supervision.
Future work could incorporate data augmentation,
sample selection, or external knowledge to improve
performance under extreme low-resource condi-
tions.

Fourth, C-AUM uses persistently low cumulative
AUM as a proxy for hard-boundary samples. Al-
though low AUM may reflect informative boundary
ambiguity, it can also arise from annotation noise,
labeling errors, or intrinsically ambiguous exam-
ples. In our steel dataset, multiple rounds of an-
notation and review by three steel-domain experts
reduce the likelihood of severe label noise, while
bounded sample weights prevent persistently low-
AUM examples from dominating training. Nev-
ertheless, C-AUM does not explicitly distinguish
among these sources of persistent model difficulty.
Future work could integrate noise-aware methods
to better separate informative boundary samples
from potentially mislabeled examples.
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A Details of the Steel Dataset
Construction

To ensure high transparency and domain realism,
this section details the curation and verification
pipeline of our steel industry benchmark. The en-
tire construction process was supervised and exe-
cuted by three steel-domain experts across three
sequential phases.

A.1 Taxonomy Definition
The taxonomy was designed by steel industry ex-
perts to represent common linguistic patterns ob-
served in industrial transactions, product inquiries,
and quality inspections. The resulting taxonomy
consists of seven fine-grained categories: grade,
variety, standard, defect, origin, application, and
performance.

A.2 Seed Collection and LLM-Assisted
Candidate Generation

We adopted a hybrid curation strategy to bootstrap
candidate samples while addressing the scarcity of
open-source industrial corpora:
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• Seed Entity Extraction: Core domain enti-
ties, such as standardized grade designations,
execution standards, production defects, and
localized mill origins, were collected from
authoritative industrial registries and publicly
available mill catalogs to provide structured
seed information for candidate generation.

• Prompt-Driven Generation: These struc-
tural entities were incorporated into prompt
templates for advanced LLMs (ChatGPT and
Gemini) to generate candidate text descrip-
tions. The prompt template is formulated as
follows:

You are an experienced text classifi-
cation expert. Please generate n di-
verse sentences based on the follow-
ing professional domain informa-
tion. Ensure that the linguistic ex-
pressions are highly varied and ac-
curately reflect real industrial sce-
narios.
Domain Entity: e

where e denotes the input domain entity.

A.3 Expert Verification, Filtering, and
Standardization

To ensure high fidelity to real-world industrial in-
teractions, three steel-domain experts conducted
iterative rounds of review and revision adhering to
three strict criteria:

• Domain Authenticity and Correctness:
Eliminating hallucinated technical terms, in-
correct grade-property associations, and un-
natural colloquialisms to ensure strict adher-
ence to industrial standards.

• Semantic Boundary Clarity: Resolving am-
biguous cases where descriptions spanned
multiple candidate categories, ensuring each
retained instance possesses an unambiguous
ground-truth label.

• Linguistic Diversity and Realism: Manually
rewriting repetitive syntactic templates into
diverse real-world communication styles.

Through this human-in-the-loop pipeline, only
a relatively small fraction of raw LLM outputs
was kept unmodified. The vast majority of sam-
ples underwent extensive expert rewriting, filter-
ing, and standardization. Finally, to preserve the

low-resource evaluation setting, each category was
limited to fewer than 200 instances, yielding 1,070
curated samples in total.

B Definition of Evaluation Metrics

The following outlines the definitions and compu-
tational methods for macro precision, macro recall,
and macro F1.

Macro Precision: It measures how well the
model correctly predicts each class by calculating
the precision for every individual label and then
taking the average across all labels. It ensures a fair
evaluation for all categories, including those with
fewer samples. The computation is defined in (8)
and (9).

Precisioni =
TPi

TPi + FPi
(8)

Macro Precision =

∑C
i=1 Precisioni

C
(9)

where C is the total number of classes, TPi denotes
the number of samples correctly classified as label
i, FPi is the count of samples wrongly predicted as
label i, and Precisioni represents the precision for
class i.

Macro Recall: It assesses the model’s ability to
identify samples from each class by computing re-
call for each label and then averaging over all labels.
It reflects the model’s effectiveness in capturing rel-
evant instances from every category, giving equal
weight to rare classes. The calculation is provided
in (10) and (11).

Recalli =
TPi

TPi + FNi
(10)

Macro Recall =
∑C

i=1 Recalli
C

(11)

where FNi indicates the count of label i samples
that the model fails to recognize, and Recalli is the
recall for class i.

Macro F1: It provides a unified metric that bal-
ances precision and recall, giving an overall evalu-
ation of the model’s performance across all classes.
The formula is given in (12).

Macro F1 =

∑C
i=1

2×Precisioni×Recalli
Precisioni+Recalli

C
(12)

C Implementation Details and Sensitivity
Analysis

To support reproducibility, this section provides the
exact instruction template, comprehensive training
hyperparameters, and an in-depth sensitivity analy-
sis of our proposed C-AUM framework.
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Hyperparameter Value Meaning

Training Epoch 5 Number of times the model iterates over the full training dataset.
Learning Rate 2e-4 Controls the step magnitude for updating model parameters during gradient descent.
Batch Size 8 Number of samples fed into the model at once to calculate gradients per iteration.
Gradient Accumulation Step 2 Number of forward/backward passes to accumulate gradients before performing a

parameter update, effectively simulating a larger batch size.
Max Input Length 256 Maximum token length allowed for input sequences.
LoRA Rank (r) 8 The rank of the low-rank adaptation matrices, governing the trade-off between parameter

efficiency and representation capacity.

Table 6: Key general hyperparameter settings employed for the text classification experiments.

Target Configuration τw γ α τr Macro Precision (%) Macro Recall (%) Macro F1 (%)

Baseline (Vanilla SFT) - - - - 93.20 92.79 92.82

Test τw (Extremely Steep) 2.0 0.5 10−4 5.0 92.70 93.67 93.09
Test τw (Moderately Steep) 5.0 0.5 10−4 5.0 93.70 94.11 93.80
Test τw (Moderately Smooth) 15.0 0.5 10−4 5.0 95.06 94.93 94.93
Test τw (Extremely Smooth) 20.0 0.5 10−4 5.0 94.29 93.97 94.01

Test γ (Negligible Amplitude) 10.0 0.1 10−4 5.0 93.96 94.49 94.16
Test γ (Low Amplitude) 10.0 0.3 10−4 5.0 95.43 94.93 95.07
Test γ (High Amplitude) 10.0 0.8 10−4 5.0 93.55 94.77 93.99
Test γ (Extremely High Amplitude) 10.0 1.0 10−4 5.0 94.49 94.55 94.44

Test α (Very Weak Regularization) 10.0 0.5 10−5 5.0 94.73 95.50 95.01
Test α (Weak Regularization) 10.0 0.5 10−4 5.0 94.93 94.97 94.87
Test α (Strong Regularization) 10.0 0.5 5× 10−4 5.0 94.91 94.65 94.64
Test α (Very Strong Regularization) 10.0 0.5 10−2 5.0 93.90 94.16 93.87

Test τr (Highly Sensitive) 10.0 0.5 10−4 1.0 94.07 94.49 94.24
Test τr (Moderately Sensitive) 10.0 0.5 10−4 3.0 93.74 93.86 93.60
Test τr (Moderately Forgiving) 10.0 0.5 10−4 7.0 93.55 94.62 93.97
Test τr (Highly Forgiving) 10.0 0.5 10−4 10.0 93.36 94.62 93.83

Table 7: Hyperparameter sensitivity analysis (fold 1 evaluation).

C.1 Instruction Template

For all text classification tasks in our experiments,
we format the input data using a fixed, concise
instruction template to standardize the generative
behavior of the LLM. The exact template is as
follows:

You are an experienced text classification
expert. Please classify the given domain
text. The text category must be selected
from the given options.
Given options: Y
Domain text: xi

where Y denotes the predefined label space com-
prising all candidate categories, and xi represents
the specific domain text instance to be classified.

C.2 Hyperparameter Configurations

The general training hyperparameters, including
learning rate, batch size, and LoRA rank, are de-
tailed in Table 6.

C.3 Sensitivity Analysis
To assess the sensitivity of C-AUM to its hyper-
parameters, we conduct a one-at-a-time sensitivity
analysis on fold 1 using Qwen2.5-3B-Instruct, vary-
ing each parameter while keeping the others fixed
at their default values. As shown in Table 7, macro
F1 ranges from 93.09% to 95.07% across the tested
configurations, compared with 92.82% for vanilla
SFT. These results suggest that C-AUM maintains
relatively stable performance within the examined
parameter ranges and is not highly dependent on a
single configuration. This stability is useful in few-
shot settings where validation data for extensive
hyperparameter tuning may be limited.
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