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Abstract

Training large language models for domain
adaptation poses a significant challenge in
balancing the acquisition of domain knowledge
with the retention of general abilities, often
leading to catastrophic forgetting. ~While
curriculum learning offers a promising
direction, conventional methods typically rely
on a single dimension of knowledge or task,
which is insufficient to navigate the trade-off
between knowledge breadth and task depth. In
this paper, we propose a two-dimensional cur-
riculum learning framework that coordinates
model training along two orthogonal axes: the
knowledge dimension and the task dimension.
We first reconstruct the dataset by clustering
instances according to their semantic similarity
to general-domain data, and subsequently
annotate them with a task hierarchy. Then, we
design an integrated curriculum that develops
from general to domain-specific knowledge
clusters, and within each cluster, from lower-
to higher-order cognitive tasks. Compared with
the second-best method, our method improves
accuracy on medical evaluations by 2.49% and
on financial evaluations by 1.2%. Ablation and
cross-domain experiments further demonstrate
our method as a scalable and effective
framework for structured domain adaptation
in large language model fine-tuning. We have
released the code in an anonymous repository
at https://github.com/Melo-1017/Balancing-
Knowledge-Breadth-and-Task-Depth.

1 Introduction

Recently, large language models (LLMs) have
demonstrated strong performance across a broad
spectrum of general tasks and emerged as the
cornerstone of modern natural language process-
ing (Ouyang et al., 2022; Achiam et al., 2023;
Guo et al., 2025). However, practical applica-
tions in domains such as medicine (Chen et al.,
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2024b), finance (Xie et al., 2023), and law (Hou
et al., 2025b) require specialized expertise be-
yond general language proficiency. Recent stud-
ies further show that medical deployment often in-
volves multi-step clinical reasoning and diagnosis,
which places higher demands on domain-adapted
LLMs (Hou et al., 2025a). A common solution
is to fine-tune LLMs on domain-specific corpora,
which enhances in-domain performance but often
degrades general abilities due to catastrophic for-
getting (CF) (Luo et al., 2025; Song et al., 2025;
Li et al., 2024). Therefore, a key challenge in do-
main adaptation for LLMs lies in balancing the
acquisition of domain-specific knowledge with the
preservation of general-purpose abilities.

Curriculum learning (CL) is a potential solution
for addressing this challenge (Zhang et al., 2019).
By assigning a difficulty score to each training in-
stance and presenting data from “easy” to “hard”,
CL aims to guide models through a gradual, struc-
tured learning process (Chen et al., 2025). Existing
curriculum-learning methods typically rely on a
single difficulty dimension, such as task-based or-
dering (Yue et al., 2024) or domain-level sequenc-
ing (Dong et al., 2024). While effective in some
settings, these one-dimensional designs make it dif-
ficult to simultaneously preserve general reasoning
abilities and deepen domain expertise.

Insights from human learning indicate that
knowledge acquisition often follows two comple-
mentary trajectories. Learners progress horizon-
tally from general to specialized knowledge, while
vertically advancing from simple to complex cog-
nitive tasks (Bloom et al., 1956). This dual process
broadens knowledge and deepens understanding,
helping retain general skills while developing ex-
pertise. Guided by this principle, we explore how
a two-dimensional curriculum can jointly organize
training data along knowledge and task dimensions
to achieve a balanced development of generality
and specialization.
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In this paper, we propose a two-dimensional
curriculum learning framework for domain adap-
tation of LLMs. We leverage the bge-m3 (Chen
et al., 2024a) model to embed both general-domain
and domain-specific corpora into a shared seman-
tic space and apply K-means clustering to form
hierarchical knowledge levels. Within the domain-
specific subset, we leverage the Qwen3-8B (Yang
et al., 2025) model to annotate each instance
with a task label derived from Bloom’s taxonomy,
grouped into three task complexity levels. Based
on this reconstructed data, we design a curricu-
lum that, at the macro level, orders clusters from
general-like to domain-specific, and at the micro
level, sequences samples within each cluster from
lower- to higher-order tasks. Finally, an exponen-
tial mixing schedule gradually increases the propor-
tion of domain data during supervised fine-tuning,
enabling a smooth transition from general to do-
main learning.

Extensive experiments on medical, financial, and
general benchmarks validate the effectiveness of
this framework. Our method yields substantial im-
provements in domain-specific evaluations while
maintaining strong performance on general bench-
marks, and ablation and scaling studies highlight
the complementary roles of knowledge- and task-
level orderings in mitigating catastrophic forgetting
and enhancing cross-domain robustness.

Contributions. The main contributions of this
work are summarized as follows:

1. We introduce a two-dimensional curriculum
that combines knowledge and task dimen-
sions, jointly organizing training data by se-
mantic similarity and task complexity to bal-
ance general reasoning and domain specializa-
tion.

2. We instantiate this framework with a unified
semantic space for hierarchical knowledge
clustering, Bloom’s-taxonomy-based task la-
beling, and an exponential mixing schedule
that gradually shifts from general to domain
data.

3. Extensive experiments across medical, finan-
cial, and general benchmarks demonstrate
consistent gains while preserving general abil-
ities. Notably, our method improves Qwen3-
8B accuracy by 2.49% on medical and 1.2%
on financial evaluations over the second-best

baseline. Ablation and scaling studies further
confirm the framework’s robustness.

2 Related Works

Catastrophic Forgetting Catastrophic Forget-
ting refers to the phenomenon where neural net-
works forget previously learned knowledge when
trained on new tasks, posing a major challenge in
continual learning (French, 1999; De Lange et al.,
2021). Existing approaches can be roughly divided
into four categories. Regularization-based meth-
ods constrain parameter updates to preserve im-
portant past knowledge (Kirkpatrick et al., 2017;
Zenke et al., 2017; Li and Hoiem, 2017). Rehearsal-
based methods replay stored or generated sam-
ples to maintain previous performance (Chaudhry
et al., 2019; Buzzega et al., 2020). Architectural
and gradient-based methods isolate parameters or
project gradients to reduce task interference (Rusu
et al., 2016; Serra et al., 2018; Farajtabar et al.,
2020). Recently, prompt- and adapter-based meth-
ods leverage pretrained models with lightweight
modules to mitigate forgetting efficiently (Wang
et al., 2022). Despite these various efforts, achiev-
ing stable and scalable knowledge learning across
multiple domains remains a challenge.

Curriculum Learning Curriculum learning
refers to a training paradigm inspired by the human
learning process, where a model is trained on eas-
ier samples or subtasks before gradually moving to
harder ones (Zhang et al., 2019). It typically aims
to improve optimization and generalization by con-
trolling the order of training data, and has been stud-
ied through predefined curricula based on heuris-
tic difficulty measures such as length, noise, or
complexity (Wei et al., 2016), self-paced schemes
that adaptively select or weight samples accord-
ing to model competence (Kumar et al., 2010),
and teacher-guided or transfer-based approaches
that estimate difficulty via auxiliary models (Wein-
shall et al., 2018). For large language models, CL-
inspired techniques include instruction data selec-
tion (Cao et al., 2023), progressive learning from in-
creasingly complex explanation traces (Mukherjee
et al., 2023), and token- or signal-level reweight-
ing to emphasize informative tokens (Lin et al.,
2024). However, these methods typically organize
learning along a single axis (e.g., instruction qual-
ity, explanation complexity, or token importance),
whereas we construct an explicit two-dimensional
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Figure 1: Overview of the proposed two-dimensional curriculum learning framework. The pipeline comprises
(a) Data Reconstruction with knowledge clustering and task annotation, (b) Curriculum Design along knowledge
dimension and task dimension, and (c) Curriculum Training with an exponential mixing schedule.

curriculum over knowledge clusters and task hier-
archies to jointly control knowledge breadth and
task complexity for domain adaptation.

3 Problem Statement

When training large language models on both gen-
eral and domain data, a key challenge lies in mit-
igating catastrophic forgetting of general abilities
while enhancing domain knowledge. Formally, let
the dataset be D = Dy U D, where D, and D;
denote the general and domain datasets, respec-
tively. Each instance x € D corresponds to an
input—output pair reflecting either general abilities
or domain knowledge.

Curriculum learning typically addresses this is-
sue by assigning each sample x a difficulty score
d(x), and then using a scheduling function 7 to
order the dataset: 7(D) = (z1, 2, ...,Zp|), such
that easier examples precede harder ones. This
gradual progression allows the model to acquire
domain knowledge while retaining general abili-
ties.

4 Methods

We propose a two-dimensional curriculum learn-
ing framework that jointly incorporates knowledge-
level learning and task-level learning. Together,

these stages transform heterogeneous corpora into a
structured learning trajectory that balances general-
purpose knowledge retention with domain-specific
specialization. As illustrated in Figure 1, the frame-
work consists of three stages: (1) Data Reconstruc-
tion, (2) Curriculum Design, and (3) Curriculum
Training.

4.1 Data Reconstruction

To exploit intrinsic data relationships, we restruc-
ture the training corpus along two dimensions: se-
mantic similarity and task complexity. This stage
transforms the data by mapping heterogeneous in-
stances into a unified space for knowledge clus-
tering and annotating them with hierarchical task
labels.

Vector Embedding. To facilitate a unified se-
mantic representation, we embed both the general
corpus D, and the domain corpus D; into a shared
latent vector space using a pretrained model. This
unified representation bridges the distributional gap
between heterogeneous datasets, ensuring that se-
mantically similar instances are positioned in close
proximity regardless of their data source.

Knowledge Clustering. Building upon the pre-
vious vector space embedding, vectors are grouped
into clusters via K-means (Lloyd, 1982) optimiza-
tion:
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where x; € D, v; is its embedding, and g, de-
notes the centroid of cluster C}.. To measure inter-
cluster relationships, cosine distance is employed:

Ha - Kb
peallll ol

Clusters closer to the general centroid p, are
semantically aligned with D, while more distant
clusters encode increasingly domain-specific con-
tent from D;. This spatial organization provides the
basis for the knowledge dimension in curriculum
design.To verify that this distance metric genuinely
reflects domain specificity rather than random dis-
tributional shifts, we conducted a quantitative corre-
lation analysis using Inverse Document Frequency
(IDF) to measure term rarity. Our results demon-
strate a highly significant positive correlation be-
tween a cluster’s distance from j, and its term
rarity (detailed in Appendix A), supporting the use
of this metric as a proxy for knowledge depth.

Task Hierarchy. To capture cognitive variation,
we adopt Bloom’s taxonomy (Bloom et al., 1956),
a well-established framework for categorizing edu-
cational objectives into six hierarchical levels: re-
membering, understanding, applying, analyzing,
evaluating, and creating. This hierarchy mirrors
the model’s learning trajectory, progressing from
basic pattern recall to complex reasoning and syn-
thesis. This hierarchical structuring is supported by
recent research. Specifically, curriculum ordering
based on cognitive levels has been shown to signif-
icantly outperform random shuffling in instruction
tuning (Lee et al., 2024). Furthermore, the valid-
ity of Bloom’s Taxonomy as a robust framework
for characterizing the cognitive depth of LLMs
has been confirmed by recent evaluations (Huber
and Niklaus, 2025), which provides a theoretical
basis for our approach. Prior work has explored
domain-oriented tools for structured text annota-
tion in specialized corpora (Lin et al., 2022). Differ-
ent from such tool-oriented approaches, we assign
task labels automatically with Qwen3-8B based
on Bloom’s taxonomy. However, the boundaries
between adjacent levels in the original taxonomy
(e.g., Analyzing vs. Evaluating) can be subtle and
prone to ambiguity, leading to lower classification
consistency. To mitigate annotation noise and en-
hance robustness, we consolidate these six levels

dist(C,, Cp) =1 — 2)

into three strata: a lower level (L), corresponding
to remembering and understanding; a middle level
(M), reflecting the application of knowledge; and
a higher level (H), encompassing analysis, evalua-
tion, and creation. Human validation (detailed in
Appendix B) confirms that this coarse-grained map-
ping significantly improves alignment with human
judgment compared to the direct 6-way classifica-
tion, ensuring a more reliable curriculum signal.
Formally, each instance is encoded as a triplet
z; ={vi,ci,ti}, x €D 3)
where v; denotes the feature representation, c; is
the cluster identifier, and ¢; € {L, M, H } specifies
the task complexity level.

4.2 Curriculum Design

Building upon the structured data, the second stage
specifies the sequencing of training instances along
two dimensions: knowledge dimension and task
dimension. The overarching goal of this stage is
to transform the raw partitions into a pedagogi-
cally informed learning trajectory. By organizing
clusters and tasks in a systematic order, the curricu-
lum mitigates cognitive overload, preserves general
abilities, and facilitates the incremental acquisition
of domain knowledge.

Knowledge Curriculum. The knowledge cur-
riculum is constructed by ordering clusters accord-
ing to their semantic similarity to the general cen-
troid pu4:

Hc; * Hg

D; = dist(ci, prg) = 1 — =4 29
' v iresia

“)

Training begins with clusters most closely
aligned with D, and gradually transitions toward
those representing highly domain-specific content
from D;.

Task Curriculum. Within each knowledge clus-
ter, training instances are further sequenced by task
complexity. This ensures that the model initially
acquires competence in low-order tasks (t = L)
before progressing to higher-order reasoning tasks
(t = H). Such intra-cluster progression not only
aligns with Bloom’s taxonomy but also reduces
the likelihood of cognitive overload when complex
tasks are introduced prematurely.

Two-Dimensional Curriculum. The final cur-
riculum integrates the two dimensions of knowl-
edge and task into a unified sequencing principle.
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Datasets Domain #Ori #Sel
Infinity Instruct General 1.5M 10K
MedInstruct Medical 52K 5K
MedThoughts Medical 8K 5K
Finance Alpaca Finance 52K 10K

Table 1: Statistics of the datasets used for supervised
fine-tuning. #Ori denotes the number of original sam-
ples, while #Sel denotes the number of selected samples.

Formally, the curriculum’s ordering is deter-
mined by a lexicographic rule. An instance z;
precedes x; (denoted x; < x;) if and only if

D; < Dj,

(5)
D; = Dj and t; < tj

Ty < T = {

At a macro level, this curriculum enforces a pro-
gression across clusters that expands the breadth
of knowledge: the model first consolidates general
abilities from D, (low D;) before gradually travers-
ing toward increasingly domain knowledge from
D, (high D;). At a micro level, within each clus-
ter, the curriculum deepens the depth of learning
by guiding the model through tasks of escalating
complexity (L — M — H).

4.3 Curriculum Training

In the final stage, we adopt an exponential mix-
ing strategy, where samples from D, are gradually
interleaved with those from D, according to a dy-
namic schedule.

Let the size of general datasets be |D,| and do-
main datasets be |D;|. At iteration index ¢ (relative
to |Dy|), we define the progression variable

t
pe=1=7, pe€(0,1] (6)
Dy
which indicates the relative position in the train-
ing process.
Formally, the expected number of domain-

specific samples at iteration ¢ is
_ k
E[nt] = Tmax Dt » (7

where k£ > 0 controls the growth steepness, and
2D - . . . .
Tmax = p] 18 the maximum insertion ratio deter-
mined by dataset sizes.
The exponential rule thus guides the model from
stable general training (D,) to focused domain spe-

cialization (D).

S Experiments and Results

In this section, we present the details of our ex-
perimental setup (Section 5.1), the baselines used
for comparison (Section 5.2), and the experimental
results (Section 5.3).

5.1 Experimental Setup

Datasets. For supervised fine-tuning, we use data
from three domains. In the general domain, we
adopt Infinity Instruct (Li et al., 2025), a large-
scale instruction-following corpus. For the medical
domain, we incorporated two resources: MedIn-
struct (Zhang et al., 2023), a synthetic dataset
containing approximately 52k medical instruc-
tion—response pairs generated by GPT-4 (Achiam
et al., 2023), and MedThoughts, an extension of
MedQA (Jin et al., 2021) that augments answers
with reasoning traces distilled from DeepSeek-
R1 (Guo et al., 2025). In the financial domain, we
utilized Finance Alpaca, an Alpaca-style dataset
built from Alpaca, FiQA, and GPT-generated fi-
nancial examples. To disentangle domain-specific
learning from general capabilities, we remove all
medical- and financial-related data from the gen-
eral corpus, and the specific removal methodology
is detailed in Appendix C. Detailed training dataset
statistics and preprocessing are provided in Ap-
pendix D.

For evaluation, we use benchmarks from three
domains. In the medical domain, we adopt
MedQA, MedMCQA (Pal et al., 2022), Pub-
MedQA (Jin et al., 2019), and the medical sub-
sets of MMLU-Pro (Wang et al., 2024) and
GPQA (Rein et al., 2024). For the financial
domain, we use FinQA (Chen et al., 2021),
FPB (Malo et al., 2014), and Headlines (Sinha
and Khandait, 2021). For general domain perfor-
mance, we evaluate on MMLU (Hendrycks et al.,
2021), MMLU-Pro, and ARC (Clark et al., 2018).
To avoid contamination, all medical and finan-
cial subsets are excluded when reporting general-
purpose results.

Models and Implementation. To demon-
strate the generalization ability of our method
across different model families, we adopt two
backbones: Qwen3 (Yang et al., 2025), includ-
ing Qwen3-8B, Qwen3-4B, and Qwen3-1.7B, and
LLaMA3 (Grattafiori et al., 2024), where we em-
ploy LLaMA3.1-8B. For the data reconstruction
process, we utilize bge-m3 as the embedding back-
bone to capture dense semantic representations for
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Medical General
Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC  Avg.
Owen3-8B
Base 0.5734 0.5316 0.6680 0.5452 0.4384 0.5513 0.6313 0.4325 0.7500 0.6046
Shuffle 0.6095 0.5419 0.7460 0.6566 0.4923 0.6093 0.6932 0.5501 0.8191 0.6875
PDPC 0.5981 0.6101 0.7480 0.6697 0.4948 0.6241  0.7449 0.5836 0.8579 0.7288
DMT 0.5545 0.5522 0.6140 0.5706 0.4564 0.5495 0.6415 0.4325 0.7969 0.6236
Ours 0.6692 0.6014 0.7510 0.6951 0.5282 0.6490 0.7291 0.5878 0.8703 0.7291
LLaMA3.1-8B

Base 0.4700 0.3450 0.5220 0.2751 0.2976 0.3819 0.3646 0.1725 0.4516 0.3296
Shuffle 0.6205 0.4929 0.6980 0.5166 0.3471 0.5350 0.6163 0.3658 0.7457 0.5759
PDPC 0.6201 0.4873 0.7120 0.5115 0.3413 0.5344 0.6168 0.3727 0.7783 0.5893
DMT 0.6102 0.4852 0.6930 0.5100 0.3348 0.5266 0.6131 0.3651 0.7704  0.5829
Ours 0.6311 0.4917 0.7190 0.5224 0.3792 0.5487 0.6202 0.3686 0.7704 0.5864

Table 2: The effectiveness of the proposed two-dimensional curriculum is assessed on both medical and general-
domain benchmarks. We compare its performance with that of Base, Shuffle, PDPC, and DMT. Specifically,
MMC.QA, PM.QA, and MMLU.P correspond to MedMCQA, PubMedQA, and MMLU-Pro, respectively. The
best-performing results are indicated in bold, and the second-best results are underlined.
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Figure 2: Scaling behavior of the two-dimensional curriculum on the Qwen3 family (1.7B/4B/8B). Across model
scales and benchmarks, the method consistently outperforms most baselines, indicating robustness to parameter

size.

knowledge clustering. Fine-tuning is conducted
via supervised fine-tuning with LoRA, using a rank
of 8. All models are trained using AdamW with a
learning rate of 5 x 10~ for 3 epochs and a batch
size of 64. Comprehensive implementation details
and a thorough analysis of computational resource
consumption are provided in Appendix F.

5.2 Baselines

We compare our method with several baseline
strategies: (1) Shuffle mixes general and domain
data uniformly without structured ordering. (2)
PDPC (Zhang et al., 2025) partitions data by per-
plexity difference (PD) to progressively train from
low- to high-PD samples. (3) DMT (Dong et al.,

2024) adopts a two-stage strategy: initial train-
ing on domain data, followed by fine-tuning on
a mixture of general and domain data (with ratio
K=1/256). (4) Reverse Curriculum inverts our
proposed framework by transitioning from domain-
specific to general clusters and arranging task hier-
archy from higher- to lower-order.

5.3 Results

Overall Performance. Table 2 and 4 summarize
the experimental results of our method and sev-
eral baselines, including Base, Shuffle, PDPC, and
DMT, evaluated on two backbone models—Qwen3-
8B and LLaMA3.1-8B—across multiple bench-
marks spanning the medical, financial, and general
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Medical General
Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC Avg.
Owen3-8B
Base 0.5734 0.5316 0.6680 0.5452 0.4384 0.5513 0.6313 0.4325 0.7500 0.6046
Ours-Reverse 0.6097 0.5806 0.7230 0.6097 0.4871 0.6020 0.6717 0.5270  0.7645 0.6544
w/o Knowledge 0.5679 0.5689 0.7440 0.6456 0.4871 0.6027 0.7081 0.5551 0.8694 0.7109
w/o Task 0.6504 0.5656 0.7540 0.6247 0.5153 0.6220 0.6935 0.5442  0.8199 0.6859
Ours 0.6692 0.6014 0.7510 0.6951 0.5282 0.6490 0.7291 0.5878  0.8703 0.7291
LLaMA3.1-8B

Base 0.4700 0.3450 0.5220 0.2751 0.2976 0.3819 0.3646 0.1725 0.4516 0.3296
Ours-Reverse 0.6009 0.4754 0.6790 0.5016 0.3230 0.5160 0.6010 0.3531 0.7525 0.5689
w/o Knowledge 0.6177 0.4841 0.7040 0.5206 0.3811 0.5415 0.6151 0.3652  0.7320 0.5708
w/o Task 0.6025 0.4819 0.7130 0.5179 0.3820 0.5395 0.6107 0.3649  0.7721 0.5826
Ours 0.6311 0.4917 0.7190 0.5224 0.3792 0.5487 0.6202 0.3686 0.7704 0.5864

Table 3: Ablation studies on our curriculum. The experiments include Ours-Reverse (reversing the curriculum order),
w/o Knowledge (removing the knowledge-level curriculum), and w/o Task (removing the task-level curriculum).

Finance General
Method
FinQA FPB Headlines Avg. MMLU MMLU-P. ARC Avg.

Base 0.0174 0.2969 0.2120 0.1754 0.3646 0.1725 0.4516 0.3296
Shuffle 0.0575 0.6856 0.6353 0.4595 0.5669 0.3193 0.7030 0.5297
PDPC 0.0480 0.7237 0.6590 0.4769 0.5755 0.3233 0.7047 0.5345
DMT 0.0593 0.4753 0.5530 0.3625 0.5052 0.2543 0.6126 0.4574
Ours-Reverse 0.0366 0.6258 0.6410 0.4345 0.5639 0.3185 0.7081 0.5302
w/o Knowledge 0.0619 0.7000 0.6160 0.4593 0.5441 0.3135 0.6928 0.5168
w/o Task 0.0584 0.6959 0.6010 0.4518 0.5648 0.3212 0.7286 0.5382
Ours 0.0645 0.7311 0.6710 0.4889 0.5609 0.3389 0.7209 0.5402

Table 4: Cross-domain evaluation on finance benchmark. The curriculum transfers effectively to finance, delivering
the best overall balance between domain and general performance.

domains.

Across both models, our method achieves the
best overall average performance (SOTA). Specifi-
cally, on Qwen3-8B, our method attains an average
accuracy of 0.6490 on medical tasks and 0.7291
on general tasks, outperforming the second-best
method (PDPC) by +2.49% and +0.03%, respec-
tively. On LLaMA3.1-8B, our method reaches an
average of 0.5487 in the medical domain, exceed-
ing the next-best result by +1.37%, while achieving
comparable performance in the general domain.

At the task level, our method consistently ranks
first or second across nearly all datasets and model
backbones, demonstrating strong cross-domain ro-
bustness. Notably, while other approaches ex-
hibit larger performance fluctuations across back-
bones—for instance, PDPC performs as the second-

best method on Qwen3-8B but is surpassed by
Shuffle on LLaMA3.1-8B—our method maintains
stable superiority on both, indicating greater con-
sistency and generalization capability.

Overall, these results confirm the effectiveness
and robustness of our proposed two-dimensional
curriculum strategy across diverse domains and
model architectures.

Scaling Analysis. To further investigate the scal-
ability of our method, we conduct experiments
on Qwen models of different parameter sizes, in-
cluding Qwen3-1.7B, Qwen3-4B, and Qwen3-8B,
with results illustrated in Figure 2. Across nearly
all benchmarks, our method consistently outper-
forms baseline approaches under different param-
eter regimes, demonstrating strong robustness to
model scale. In particular, while PDPC occasion-
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ally surpasses our method on a small subset of
general benchmarks, it lags significantly behind
on domain-specific tasks. By contrast, our two-
dimensional curriculum simultaneously maintains
superior performance on both general and spe-
cialized benchmarks, striking a balance that nei-
ther naive shuffling nor preference-based curricula
achieve. This indicates that the advantages of our
method are not limited to a specific scale, but ex-
tend across lightweight and larger backbones, mak-
ing it a scalable solution for practical deployment.

In addition to model scaling, we also evalu-
ated the framework’s robustness when scaling the
training data. Expanding the SFT dataset to 60k
instances yields consistent performance improve-
ments and sustained mitigation of catastrophic for-
getting, with full experimental details provided in
Appendix 1.

Domain Generalization. We further evaluate
on the financial domain to test generality beyond
medical tasks. The results are presented in Table 4.
The results demonstrate that our method achieved
the highest performance across both the financial
and general-domain test sets. Specifically, it at-
tained a score of 0.4889 in the financial domain, sur-
passing the second-best method, PDPC, by 1.2%,
and reached an average accuracy of 0.5402 on the
general-domain test set, outperforming the next-
best ablated variant by 0.2%.

Interestingly, w/o Task performs relatively well
on ARC but lags behind on domain-specific tasks,
which also suggests that task-level learning is par-
ticularly critical for specialized reasoning. Overall,
the consistent improvements across both medical
and financial settings demonstrate that our curricu-
lum design is not confined to a single domain, but
serves as a general strategy for domain adaptation
with large language models.

Hyperparameter Analysis. To validate the
robustness of our framework configurations, we
conducted sensitivity analyses on the Qwen3-8B
model, focusing on the number of knowledge clus-
ters (K) and the data mixing strategy. As illus-
trated in Figure 3(a), the algorithm demonstrates
strong adaptability regarding the choice of K, in-
dicating that performance is relatively insensitive
to this hyperparameter provided extreme settings
are avoided. While an inverted-U trend is observ-
able—where a very small K is too coarse to capture
distinct knowledge boundaries and an excessively
large K overly fragments the semantic space—the
performance variance remains minimal across a

(a)
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0.68
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0.64
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0.60
Medical General
Evaluation Domain

Figure 3: Ablation studies on hyperparameter sensitiv-
ity and mixing strategies using Qwen3-8B. (a) The plot
shows how performance changes with different num-
bers of knowledge clusters (K). (b) The plot compares
model performance under three data mixing strategies:
Uniform, Linear, and Exponential.

broad effective range (e.g., from 50 to 200). We
finally utilized K = 100 for our main experiments
as it yields the optimal balance. Furthermore, we
verified the effectiveness of our exponential mixing
strategy by comparing it with Uniform (fixed 50%
ratio) and Linear (k=1) schedules. As shown in
Figure 3(b), the proposed exponential strategy con-
sistently outperforms the baselines. Specifically,
it surpasses the Uniform strategy by +2.88% on
medical tasks and +1.03% on general tasks. This
confirms that a non-linear, gradual increase in do-
main data density is crucial for stabilizing training
dynamics and mitigating catastrophic forgetting
during the domain adaptation process.

Ablation Study. To disentangle the contribu-
tions of our two curriculum dimensions, we con-
duct a series of ablation studies, with results pre-
sented in Table 3. Our analysis reveals that each
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component plays a distinct and complementary
role.

Removing the knowledge curriculum (w/o
Knowledge), which provides a structured pro-
gression from general to domain-specific content,
causes a more significant performance drop on
general-purpose benchmarks. This is particularly
evident on MMLU (from 0.7291 to 0.7081 on
Qwen3-8B) and ARC (from 0.7704 to 0.7320 on
LLaMA3.1-8B), underscoring its importance in
preserving foundational knowledge and preventing
catastrophic forgetting. Conversely, eliminating the
task curriculum (w/o Task), which organizes learn-
ing by task complexity, leads to a more pronounced
performance decline on specialized domain bench-
marks. For example, performance degrades on
MedQA (from 0.6311 to 0.6025 on LLaMA3.1-
8B) and MedMCQA (from 0.6014 to 0.5656 on
Qwen3-8B), which indicates that the task hierarchy
is crucial for developing deep, nuanced understand-
ing within a specific field.

Furthermore, reversing the knowledge trajec-
tory (Ours-Reverse) consistently underperforms
our proposed method, confirming that beginning
with highly specialized data harms generalization.
These findings validate that our two-dimensional
curriculum is indispensable, with the knowledge
component fostering broad generalizability and the
task component cultivating deep domain expertise.

6 Conclusion

We propose a two-dimensional curriculum learning
framework for supervised fine-tuning of large lan-
guage models. Our method organizes training data
along knowledge similarity and task complexity,
progressing from general to domain-specific clus-
ters and from lower- to higher-order tasks, which
helps preserve general reasoning while acquiring
domain expertise and mitigating catastrophic for-
getting. Experiments on medical, financial, and
general benchmarks show consistent improvements
over strong baselines, and ablation, scaling, and
transfer studies confirm the complementary roles of
the two curriculum dimensions and the robustness
of the framework across model sizes and domains.

Limitations

Our study has two main limitations: 1) Due to lim-
ited computational resources, we only fine-tune
models up to 8B parameters, which may limit the
assessment of scalability to larger LLMs. 2) Our

evaluation focuses on medical and financial do-
mains; broader validation on additional specialized
areas (e.g., law or engineering) is needed to further
test the generality of the proposed framework.
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A Verification of Distance Signal

To assess whether the embedding-distance signal
serves as a useful proxy for domain specificity,
rather than merely reflecting random distributional
shift, we conducted a quantitative analysis centered
on terminology rarity.

Specifically, we used inverse document fre-
quency (IDF) as a measure of term rarity. The
IDF model was trained on our general instruction
corpus, allowing us to quantify, from a general-
domain perspective, how rare the vocabulary in
each domain-specific cluster is.

For embedding computation and clustering, we
followed the methodology described in the main
paper. We used the bge-m3 embedding model and
set K = 100 for clustering. We then computed
the distance between each cluster centroid and the
general centroid, and analyzed its correlation with
the average term rarity within that cluster.

Experimental Results

e Pearson correlation coefficient: » = 0.38

(p < 0.001)

* Spearman correlation coefficient: p = 0.38
(p < 0.001)

The extremely low p-values indicate that the re-
lationship is highly statistically significant. The
moderate positive correlation suggests that clusters
located farther from the general centroid tend to
contain more specialized and rarer terminology.

These results support our core hypothesis: em-
bedding distance can serve as an effective proxy
for measuring domain specificity and knowledge
difficulty relative to the general domain.

B Task Hierarchy Details

To assess the reliability of our automated task com-
plexity annotation, we conducted a human valida-
tion study. We randomly sampled 120 instances
from the annotated corpus and invited human ex-
perts to classify them according to Bloom’s tax-
onomy definitions. We compared the agreement
between the Qwen3-8B predictions and human an-
notations under two settings: the original 6-level
taxonomy and our proposed 3-level strata (L, M,
H). The results are summarized below:

6-Level Classification: The direct classification
into six levels resulted in an accuracy of 70% with a

Cohen’s kappa of 0.64. Discrepancies primarily oc-
curred between adjacent cognitive levels (e.g., Un-
derstanding vs. Applying), reflecting the inherent
ambiguity of fine-grained distinctions in automated
tagging.

3-Level Strata (Ours): By grouping the labels
into the L, M, and H strata, the accuracy signifi-
cantly improved to 90.83%, and the Cohen’s kappa
increased to 0.8510, indicating substantial agree-
ment.

These findings validate our design choice: while
Qwen3-8B provides strong semantic understand-
ing, the consolidation into three levels filters out
fine-grained noise, providing a more stable and
accurate progression for the curriculum learning
framework.

Taxonomy Setting Accuracy  Cohen’s kappa
6-Level Classification 0.7000 0.6400
3-Level Strata (Ours) 0.9083 0.8510

Table 5: Results of the human validation study on
sampled instances.

C Data Filtering

Label-based Filtering

Since the general corpus we used, Infinity Instruct,
comes with built-in metadata labels, we first lever-
aged its original labeling system to directly remove
all samples tagged under the “Medical” or “Finan-
cial” domains. This step filtered out approximately
93% of the domain-related data.

Keyword-based Filtering

To further clean potential domain-specific samples
not covered by the metadata labels, we performed
a second-stage filtering using a high-frequency
domain-specific keyword list for matching and re-
moval. This step filtered out the remaining approx-
imately 7% of domain-related data.

The specific keywords used are as follows:

Medical domain keywords: diagnosis, treat-
ment, clinical, symptom, patient, hospital, disease,
surgery, drug.

Financial domain keywords: stock, revenue, in-
vestment, market, bank, profit, asset, currency,
shareholder.
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D Training Datasets

To enable both general instruction following and
domain-specific reasoning, we curated supervised
fine-tuning (SFT) data from three domains: general,
medical, and financial. This section details the
datasets and sampling strategy used in SFT.

General Domain

We adopt the Infinity Instruct (Li et al., 2025)
dataset, a large-scale, instruction-following cor-
pus containing millions of high-quality, general-
purpose and dialogue-style examples. Constructed
via a two-stage pipeline of instruction selection and
evolution, the dataset emphasizes comprehension,
reasoning, and multi-turn conversation.

During preprocessing, all medical- and financial-
related samples were filtered to ensure domain sep-
aration. The resulting corpus spans diverse topics,
including commonsense reasoning, mathematics,
programming, and dialogue generation.

To maintain training efficiency and domain bal-
ance, we randomly selected 10,000 general-domain
samples for SFT.

Medical Domain

To enhance the model’s ability in medical reasoning
and communication, we combine two complemen-
tary datasets:

* MedlInstruct (Zhang et al., 2023) contains
approximately 52,000 instruction—response
pairs generated by GPT-4 (Achiam et al.,
2023) from expert-designed seed instructions.
Each sample includes an instruction, op-
tional input, and response, covering clini-
cal and consultation scenarios. Quality was
controlled through a curated evaluation set.

* MedThoughts, an extension of MedQA (Jin
et al., 2021), augments each question with
step-by-step reasoning paths distilled from
DeepSeek-R1 (Guo et al., 2025). Each en-
try provides both a final answer and a verified
reasoning trace, ensuring logical and factual
soundness.

Together, these datasets support both factual cov-
erage and interpretable reasoning. We randomly
sampled 10,000 medical-domain examples for SFT.

Financial Domain

For financial-domain adaptation, we use the Fi-
nance Alpaca dataset, an Alpaca-style instruc-

tion-response corpus derived from Alpaca, FiQA,
and GPT-generated financial examples. It spans
topics such as investment, banking, market analy-
sis, and corporate finance.

This dataset supports domain-specific reasoning
while retaining instruction-following capabilities.
We randomly selected 10,000 financial-domain
samples for training.

E Evaluation Datasets

We evaluate our models on a diverse set of bench-
marks across medical, financial, and general-
purpose domains. The following datasets are used
for evaluation.

Medical Domain

* MedQA (Jin et al., 2021): A USMLE-style
multiple-choice dataset evaluating medical
knowledge, clinical reasoning, and factual ac-
curacy.

* MedMCQA (Pal et al., 2022): A large-scale
MCQ benchmark with over 190,000 questions
from medical entrance exams, focusing on
factual recall and domain reasoning.

e PubMedQA (Jin et al., 2019): A biomedical
QA dataset with research questions, PubMed
abstracts, and categorical answers (yes/no/-
maybe), testing scientific comprehension and
evidence-based reasoning.

* MMLU-Pro (medical subsets) (Wang et al.,
2024): A challenging subset of MMLU-Pro
targeting advanced biomedical knowledge and
multi-step reasoning.

* GPQA (medical subsets) (Rein et al., 2024):
Contains graduate-level medical questions
with multi-hop reasoning requirements.

Financial Domain

e FinQA (Chen et al., 2021): A numerical rea-
soning dataset based on financial reports, as-
sessing integration of textual and quantitative
understanding.

e Financial PhraseBank (FPB) (Malo et al.,
2014): A sentiment classification dataset of
financial news sentences labeled by polarity.

* Headlines (Sinha and Khandait, 2021): A
benchmark of short market-related headlines
annotated with sentiment or price movement,
measuring semantic understanding in finance.
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General-Purpose Benchmarks

* MMLU (Hendrycks et al., 2021): A broad
benchmark spanning 57 subjects, including
STEM, humanities, and social sciences.

e MMLU-Pro (Wang et al., 2024): An en-
hanced version of MMLU with balanced dis-
tractors and higher difficulty; medical and fi-
nancial subsets are excluded in general evalu-
ations.

¢ ARC (Clark et al., 2018): Focuses on
commonsense and scientific reasoning using
grade-school science questions.

Evaluation Protocol

To ensure a fair comparison, we exclude medical
and financial subsets from general-purpose evalua-
tions to prevent domain leakage, and we carefully
eliminate overlap between the evaluation datasets
and the SFT training corpora. This evaluation suite
provides a comprehensive assessment of factual
knowledge, reasoning ability, and domain-specific
expertise.

F Implementation Details

We fine-tune all SFT datasets for 3 epochs with
a batch size of 64 on NVIDIA A800 GPUs. The
fine-tuning process is conducted using the LLaMA-
Factory (Zheng et al., 2024) framework, with a
learning rate of 5e-5. We adopt the LoRA (Low-
Rank Adaptation) technique to efficiently adapt
large language models, setting the LoRA rank to 8
and the LoRA alpha to 16. After fine-tuning, we
perform batch evaluations using the vLLM (Kwon
et al., 2023) engine to ensure efficient and consis-
tent inference performance.

In the task annotation stage, we employed the
Qwen3-8B model to generate task labels for the
domain-specific corpus. The annotation prompts
were adapted and refined based on those proposed
in (Lee et al., 2024), as shown below:

Your task is to classify tasks into Bloom’s taxonomy.
The classes and their description are provided below:
Remember: Recall facts and basic concepts.
[Examples]: define, duplicate, list, memorize, repeat,
state

Understand: Explain ideas or concepts.
[Examples]: classify, describe, discuss, explain, iden-
tify, locate, recognize, report, select, translate
Apply: Use information in new situations.
[Examples]: execute, implement, solve, use, demon-

strate, interpret, operate, schedule, sketch

Analyze: Draw connections among ideas.
[Examples]: differentiate, organize, relate, compare,
contrast, distinguish, examine, experiment, question,
test

Evaluate: Justify a stand or decision.

[Examples]: appraise, argue, defend, judge, select,
support, value, critique, weigh

Create: Produce new or original work.

[Examples]: design, assemble, construct, conjecture,
develop, formulate, author, investigate

Now, classify the following problem into ONE cat-
egory only. Do not explain. Do not execute the
problem. Only output the category.

Problem (do not execute, only classify):

problem

Output format (exactly one word):

Remember

Understand

Apply

Analyze

Evaluate

Create

We also conducted a detailed analysis of the com-
putational overhead introduced by our framework
using NVIDIA A800 GPUs. The preprocessing
stage consists of two components: embedding-
based clustering and LLM-based task labeling.
While knowledge clustering is computationally
negligible (approximately ~ 4 minutes for 20k
samples), the task complexity labeling requires ap-
proximately ~ 3 hours for 10k domain samples.

To highlight the efficiency of our approach, we
compared this overhead with the second-best base-
line, PDPC. PDPC necessitates a dual-model scor-
ing process involving both a weak and a strong
proxy model. In our reproduction using 10k sam-
ples, the weak proxy (Llama-3.1-8B on 1xA800
GPU) required 2 hours, while the strong proxy
(Llama-3.3-70B on 4xA800 GPUs) required 7
hours. This results in a total preprocessing time
of 9 hours for PDPC, which is approximately 3x
slower than our method.

Furthermore, PDPC imposes a significant hard-
ware burden by requiring multi-GPU setups to host
the 70B-parameter model, whereas our method op-
erates efficiently on a single GPU. Crucially, this
preprocessing is a one-time initialization cost. In
contrast to the recurrent computational demand
of the supervised fine-tuning phase, which re-
quires approximately ~ 13 hours per run in our
setup, the constructed curriculum structure can be
reused indefinitely across multiple training itera-
tions. Consequently, the amortized time cost be-
comes marginal, making our framework a highly
cost-effective solution for achieving significant per-
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Stage 1 Stage 2
Method
General Medical General Medical
Sequential  0.7460  0.5320 0.6774  0.6442
Ours 0.7344  0.5925 0.7291  0.6490

Table 6: Performance evolution across two stages for
Sequential and Ours (Dual-Dimensional Curriculum)
settings.

formance gains in domain adaptation.

G Continual Learning Metrics

We conducted a two-stage evaluation (stage; —
stage, ) based on Qwen3-8B. The “Sequential (Gen-
eral — Medical)” setting follows standard CL with
explicit task boundaries. In contrast, “Ours (Dual-
Dimensional Curriculum)” evaluates the midpoint
and end of a single continuous mixed curriculum.
While “Ours” lacks explicit boundaries for strict
CL metrics, we compute standard FWT/BWT for
the Sequential setting and provide a complemen-
tary process-level analysis for Ours. The results
are shown in Table 6.

Forward Transfer (FWT)

Under the Sequential setting, FWT = 0.5320 —
0.5513 = —0.0193 (the base model achieves
0.5513 in the medical domain), indicating that
training solely on the general domain yields no
positive transfer to the subsequent medical task.
For Ours, although strict FWT computation does
not apply, the stage 1 medical performance already
reaches 0.5925 (significantly higher than 0.5320),
demonstrating that our continuous curriculum es-
tablishes domain-specific capabilities more effec-
tively early on.

Backward Transfer (BWT)

Under the Sequential setting, BWT = 0.6774 —
0.7460 = —0.0686, indicating a noticeable
degradation in general-domain capabilities due
to the explicit stage transition. For Ours, the
general-domain performance drops by only 0.0053
(0.7344 — 0.7291). This shows that continuous
curriculum training suffers minimal performance
drift while maintaining superior final medical per-
formance (0.6490 vs. 0.6442).

H Data-Source Ablation

To determine whether the performance improve-
ments in the medical domain arise from our
proposed curriculum ordering strategy or simply
from the inclusion of reasoning-heavy data (i.e.,
MedThoughts), we conducted a data-source abla-
tion study.

We evaluated the model under three different
training data configurations:

* Only MedInstruct: Training exclusively on
instruction-based medical data.

* Only MedThoughts: Training exclusively on
reasoning-augmented medical data.

* All (Ours): Training on the full mixture of
both data sources using our proposed curricu-
lum.

To ensure a fair comparison, all other training set-
tings—including the total number of training sam-
ples and the curriculum scheduling strategy—were
kept identical across the three settings. The results
are shown in Table 7.

I Scaling Experiment Details

Due to space limitations, we present the extended
experiments in this section. Specifically, we first
report the results of scaling the supervised fine-
tuning dataset to 60k instances in Table 8. We then
provide the detailed results for models of differ-
ent scales, including Qwen3-8B, 4B, and 1.7B, in
Table 9, 10, and 11, respectively.
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Medical General

Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC Avg.

Only MedInstruct ~ 0.6602 0.6172  0.7540  0.6777 0.5244 0.6467 0.7387  0.5472  0.8931 0.7263
Only MedThoughts 0.6783 0.5867  0.7477  0.6923  0.5461 0.6502 0.7191 0.5610  0.8595 0.7132
All 0.6692 0.6014  0.7510  0.6951 0.5282 0.6490 0.7291 0.5878  0.8703 0.7291

Table 7: Performance comparison across different medical data sources under the same curriculum strategy.

Medical General

Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC Avg.

Base 0.5734 0.5316 0.6680 0.5452  0.4384 0.5513 0.6313 0.4325  0.7500 0.6046
DMT 0.5632 0.5503 0.6550 0.5663  0.4745 0.5618 0.6603 0.4835  0.8115 0.6517
PDPC 0.6294 0.6238 0.7360 0.6856  0.5218 0.6393 0.7413 0.5806  0.8732 0.7317
Ours 0.6853 0.5989 0.7510 0.7165  0.5421 0.6587 0.7465 0.5782  0.8979 0.7408

Table 8: Scaling experiment results on 60k SFT dataset using Qwen3-8B.

Medical General
Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC Avg.
Qwen3-8B

Base 0.5734 0.5316 0.6680 0.5452 0.4384 0.5513 0.6313 0.4325 0.7500 0.6046
Shuffle 0.6095 0.5419 0.7460 0.6566 0.4923 0.6093 0.6932 0.5501 0.8191 0.6875
PDPC 0.5981 0.6101 0.7480 0.6697 0.4948 0.6241 0.7449 0.5836  0.8579 0.7288
DMT 0.5545 0.5522 0.6140 0.5706 0.4564 0.5495 0.6415 0.4325 0.7969 0.6236

Ours-Reverse 0.6097 0.5806 0.7230 0.6097 0.4871 0.6020 0.6717 0.5270  0.7645 0.6544
w/o Knowledge 0.5679 0.5689 0.7440 0.6456  0.4871 0.6027 0.7081 0.5551 0.8694 0.7109
w/o Task 0.6504 0.5656 0.7540 0.6247  0.5153 0.6220 0.6935 0.5442  0.8199 0.6859
Ours 0.6692 0.6014 0.7510 0.6951 0.5282 0.6490 0.7291 0.5878  0.8703 0.7291

Table 9: Scaling experiment results on Qwen3-8B.

Medical General
Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC Avg.
Qwen3-4B

Base 0.3034 0.3428 0.3610 0.2620 0.2956 0.3130 0.4360 0.1945 0.4308 0.3538
Shuffle 0.5687 0.4867 0.7250 0.5543 0.3974 0.5464 0.6468 0.4936 0.7559 0.6321
PDPC 0.6068 0.5411 0.7200 0.5934 0.4230 0.5769 0.6962 0.5267 0.8267 0.6832
DMT 0.5247 0.4950 0.6690 0.5563 0.4128 0.5316 0.6455 0.4480 0.7866 0.6267

Ours-Reverse 0.6025 0.5259 0.7230 0.5602  0.3717 0.5567 0.6814 0.5144  0.8037 0.6665
w/o Knowledge 0.6056 0.5303 0.7390 0.6354  0.4364 0.5893 0.6586 0.4609  0.8260 0.6485
w/o Task 0.6056 0.5474 0.7290 0.6280  0.4211 0.5862 0.6883 0.4595  0.8319 0.6599
Ours 0.6221 0.5599 0.7460 0.6239  0.4428 0.5989 0.6848 0.5300 0.8471 0.6873

Table 10: Scaling experiment results on Qwen3-4B.
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Medical General

Method
MedQA MMC.QA PM.QA MMLU-P. GPQA Avg. MMLU MMLU-P. ARC Avg.
QOwen3-1.7B
Base 0.3362 0.3526 0.3440 0.2465 0.2948 0.3148 0.4299 0.1965 0.4146 0.3470
Shuffle 0.4397 0.4312 0.6280 0.4442 0.3076 0.4501 0.5784 0.3672  0.7448 0.5635
PDPC 0.4401 0.4344 0.6200 0.4762 0.3666 0.4675 0.6078 0.3862  0.7883 0.5941
DMT 0.4256 0.4019 0.6090 0.4362 0.3723 0.4490 0.5529 0.3659  0.7385 0.5524

Ours-Reverse 0.4359 0.4085 0.6190 0.4475  0.3256 0.4473 0.5882 0.3783  0.7613 0.5759
w/o Knowledge 0.4485 0.4509 0.6230 04736 04128 0.4818 0.5786 0.3690  0.7369 0.5615
w/o Task 0.4438 0.4212 0.6370 0.4338  0.3076 0.4487 0.5745 0.3857  0.7558 0.5720
Ours 0.4571 0.4344 0.6570 0.4840  0.4251 0.4915 0.6152 0.3938  0.7696 0.5929

Table 11: Scaling experiment results on Qwen3-1.7B.
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