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Abstract

Knowledge distillation (KD) is a key tech-
nique for compressing large language models
(LLMs), yet it faces challenges stemming from
the teacher—student capacity gap. While exist-
ing KD methods address these challenges ei-
ther by mixing teacher and student distributions
in the distillation target or by using curricu-
lum learning to sequence training from easy to
hard examples, they typically design these two
strategies independently, missing the opportu-
nity for synergistic co-design. To bridge this
gap, we propose Calibrated Progressive Dis-
tillation (CPD), a white-box KD framework
that co-designs curriculum scheduling and tar-
get mixing through a unified difficulty-aware
principle. CPD uses a difficulty profile to select
epoch-specific subsets that ensure a uniform
increase in average difficulty, adapting to the
dataset’s intrinsic hardness structure. Simulta-
neously, the mixing coefficient in the distilla-
tion target and the distillation temperature are
synchronized with this progression, gradually
shifting supervision from teacher-dominated to
student-informed signals as training advances.
Theoretically, CPD ensures bounded gradients
and induces an implicit attention shift from
easy to hard samples. Empirically, CPD con-
sistently outperforms advanced KD methods
across diverse tasks, while reducing training
runtime by over 10%. Our work demonstrates
that aligning data scheduling with distillation
signal design is crucial for effective and effi-
cient LLM distillation.

1 Introduction

Large language models (LLMs) require massive
computational resources, hindering their deploy-
ment on edge devices (Aryan et al., 2023). Knowl-
edge distillation (KD) offers a promising solution
by transferring knowledge from a large teacher to
a compact student model (Hinton et al., 2015). In
the white-box setting, where the full teacher output

Lingyuan Liu
Independent Researcher
ly.liu@my.cityu.edu.hk

26

23

ROUGE-L Scores

=
~

KLD RKL SRKL GKD DA-KD ABKD CPD
Py p— , , , , . .
§ I
€ 200
E
g Preparation
-% 400 W Training
=
Figure 1: Effectiveness and efficiency of CPD versus

strong KD baselines on five instruction-following bench-
marks. CPD is compared against KLD (Hinton et al., 2015),
RKL (Gu et al., 2023), on-policy GKD (Agarwal et al., 2024),
SRKL (Ko et al., 2024), DA-KD (He et al., 2025), and
ABKD (Wang et al., 2025) under two compression settings:
Qwen2.5 (1.5B—0.5B) and OpenLLaMA?2 (7B—3B). CPD
consistently outperforms all methods while reducing training
time by over 10%.

distribution is accessible, KD leverages rich soft tar-
gets for more effective learning, particularly when
utilizing open-source LLMs such as DeepSeek-v3
(Liu et al., 2024) and Qwen2.5 (Yang et al., 2024a).

However, two fundamental and interconnected
challenges persist. First, the capacity gap between
teacher and student often leads to mode averaging
or mode collapse, where the student either over-
smooths the teacher’s nuanced predictions or fix-
ates on dominant modes (Gu et al., 2023; Agarwal
et al., 2024). Recent work addresses this via target
mixing, which blends student and teacher distribu-
tions. Theoretical analysis (Shing et al., 2025) and
empirical studies (Ko et al., 2024; He et al., 2025;
Wang et al., 2025) have demonstrated that such
mixing directly mitigates these mode collapse and
averaging problems by reducing the distributional
discrepancy attributable to the capacity gap. Yet,
the mixing ratio is typically set heuristically, decou-
pled from the data’s intrinsic difficulty, which ne-
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cessitates costly hyperparameter tuning and yields
a suboptimal, one-size-fits-all supervisory signal.

Second, and critically related, standard KD suf-
fers from a training—inference mismatch due to
its use of a static dataset. While curriculum learn-
ing (CL) sequences samples from easy to hard to
dynamically align training with learning progress
(Bengio et al., 2009), existing KD integrations (Liu
and Zhang, 2025; Ko et al., 2025; He et al., 2025)
schedule data volume uniformly, ignoring the un-
derlying difficulty distribution. This leads to a
non-uniform difficulty trajectory (Tee and Zhang,
2023), stalling robust learning. Crucially, this cur-
riculum design problem is inherently linked to the
first challenge: an uncalibrated curriculum fails to
inform how the teacher’s guidance (i.e., the mix-
ing ratio) should evolve as the student progresses.
Treating CL and target mixing as independent mod-
ules misses the synergistic opportunity to co-design
what the student learns (data) with how it learns
(supervision).

To address these limitations, we propose Cali-
brated Progressive Distillation (CPD), a white-
box KD framework that co-designs curriculum
scheduling and target mixing through a shared
difficulty-aware principle. CPD first constructs
a Difficulty Profile, representing the cumulative
average difficulty as samples are sorted from easy
to hard, and utilizes it to determine epoch-specific
training subsets. This ensures a uniform increase in
average difficulty regardless of the underlying dif-
ficulty distribution of the dataset. Concurrently,
the mixing coefficient in the distillation target
and the distillation temperature are synchronized
with this progression: Early epochs emphasize
teacher-consistent, sharp targets for stable learn-
ing on easy data, while later epochs gradually in-
corporate student predictions into the distillation
target—enabling refined alignment with nuanced
teacher knowledge on harder examples.

Theoretically, we show that CPD yields bounded
gradients and induces an implicit attention shift
from easy to hard samples. Empirically, CPD con-
sistently improves student performance across in-
struction following, mathematical reasoning, and
code generation. These gains are observed across
diverse model families, including Qwen2.5 (Yang
et al., 2024a), GPT-2 (Radford et al., 2019) and
OpenLLaMA?2 (Touvron et al., 2023), while simul-
taneously reducing training data usage and distilla-
tion runtime (see Fig. 1).

Our contributions are threefold:

Methodologically, we introduce CPD, the new
framework to co-design curriculum scheduling and
target mixing via a global difficulty profile;

Theoretically, we analyze gradient dynamics to
show how CPD stabilizes optimization and aligns
learning emphasis with curriculum progression;

Empirically, we demonstrate CPD’s generality,
efficiency, and superiority over strong baselines
across tasks, architectures, and distillation settings.

2 Background and Preliminary Study
2.1 Current Framework for White-Box KD

We define the white-box KD framework for auto-
regressive LMs. The student model minimizes:

Ls:a'Lce+(1_a)'Lkda (D

where L. is the cross-entropy loss against ground
truth y, and L, measures divergence between
teacher p(y|z) and student gy(y|x) distributions
scaled by temperature 7. The detailed description
of white-box KD is shown in appendix A.1.

2.2 Limitations of Conventional Curriculum
Learning in Knowledge Distillation

Curriculum learning is theoretically well-motivated
in KD: easy samples, where the untrained student’s
output gy aligns with the teacher’s p, yield stable
gradients, while hard samples induce high-variance
updates (Ko et al., 2025). A curriculum that se-
quences samples by increasing difficulty therefore
promotes robust early learning (Wang et al., 2021).
This staged alignment implements a core theoreti-
cal principle shared with on-policy KD (Agarwal
et al., 2024): both progressively adapt the train-
ing distribution to align with the student’s evolving
competence, thereby reducing the distributional
shift between training and the student’s own gener-
ative states (Ko et al., 2024). CL achieves this via a
pre-ordered difficulty gradient, whereas on-policy
KD uses dynamic student outputs, offering a com-
putationally efficient alternative to this adaptive
learning paradigm. However, this ideal assumes the
difficulty of selected samples increases smoothly.
Empirically, existing CL methods in KD sched-
ule data by uniformly increasing the number of
samples per epoch (Fig. 2a), ignoring the dataset’s
intrinsic difficulty distribution. As Fig. 2b shows,
this results in a non-uniform progression in aver-
age subset difficulty, a direct consequence of the
skewed structure shown in the difficulty profiles
(Figures 2c—d). Such erratic difficulty trajectories
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Figure 2: (a) Ratio of training data used per epoch under different CL frameworks; (b) Cumulative average cross-entropy loss of
the active subset over epochs; (c) Incremental difficulty profile: camulative average difficulty vs. sample count under ascending
difficulty ordering; (d) Diminishing difficulty profile: same under descending ordering. POCL (Liu and Zhang, 2025) and DA-KD
(He et al., 2025) use uniform sample inclusion or removal, leading to non-uniform difficulty progression.

can destabilize training and hinder performance
(Tee and Zhang, 2023). This limitation is not
merely a curriculum design flaw; it fundamentally
disconnects the data schedule from the distillation
signal. A curriculum with unpredictable difficulty
jumps cannot reliably inform how strongly the
teacher should guide the student at each stage, cre-
ating a misalignment between learning material and
supervision. Our first core design principle is thus
to directly control the average difficulty trajectory
via Difficulty-Calibrated Curriculum Scheduling,
ensuring a smooth and predictable learning path-
way that can be synergistically coupled with target
mixing.

2.3 Limitations of Static and Decoupled
Mixing Strategies in KD

Target mixing, using a blend like ¢ - gp(y|x) + (1 —
t) - p(y|x), is a popular strategy to mitigate mode
collapse and training-inference mismatch (Hinton
etal., 2015; Gu et al., 2023; Ko et al., 2024). While
beneficial, current implementations suffer from a
key oversight: the mixing ratio t is decoupled from
the curriculum’s difficulty progression.

First, ¢ is typically scheduled independently of
data difficulty—being fixed (Ko et al., 2024; He
et al., 2025), linearly annealed (Ko et al., 2025), or
adapted via loss (Shing et al., 2025). This ignores
a fundamental pedagogical analogy: as a student
advances from easy to hard material, the optimal
blend of guidance (teacher) and self-practice (stu-
dent) should evolve (Zhang and Liu, 2025). A static
or arbitrarily scheduled ¢ fails to calibrate the super-
visory signal to the student’s current competency
level, encapsulated by the difficulty of the active
curriculum subset.

Second, and as a direct consequence, existing
methods treat CL and target mixing as independent
modules (He et al., 2025; Ko et al., 2025). Their

decoupling creates a suboptimal regime where the
content of learning (curriculum) is not informed
by, nor does it inform, the nature of the supervision
(mixing ratio). This forces costly joint hyperparam-
eter tuning to realign these components heuristi-
cally. We argue that effective distillation requires
synergistic co-design: the mixing ratio should be
explicitly modulated by the calibrated difficulty of
the training subset. Our CPD framework opera-
tionalizes this by deriving ¢ directly from the same
difficulty metric that drives the curriculum, ensur-
ing the teacher’s guidance weakens precisely as the
student masters increasingly challenging concepts.

3 Methodology

Fig. 3 shows the overview of our CPD framework.
Given a teacher and a student LLM, CPD first es-
timates instance difficulty using the untrained stu-
dent’s cross-entropy loss and constructs a Diffi-
culty Profile by sorting samples from easy to hard.
This profile drives Difficulty-Calibrated Curricu-
lum Scheduling, which selects epoch-specific sub-
sets to enforce a uniform increase in average diffi-
culty, adapting subset size to the dataset’s intrinsic
hardness distribution. Concurrently, CPD employs
a Progressively Mixed Target Distribution in which
the distillation target is a convex combination of
teacher and student predictions. Both the mixing
coefficient and temperature increase linearly across
epochs, thereby synchronizing the supervision sig-
nal with the curriculum progression and the evolv-
ing student capacity. Full algorithmic details are
in Algorithm 1 in Appendix A.2. We detail each
component below.

3.1 Construction of Difficulty Profile

Given a dataset D = {(x;, ;) }¥,, we first quan-
tify the intrinsic difficulty of each instance using a
pre-initialization signal from the student model.
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Figure 3: Overview of Calibrated Progressive Distillation
(CPD). (1) A Difficulty Profile is built by sorting samples
from easy to hard (by untrained student’s CE loss) and comput-
ing cumulative average difficulty. (2) Difficulty-Calibrated
Curriculum Scheduling selects epoch-specific subsets to en-
sure a uniform increase in average difficulty, adapting to the
dataset’s hardness structure. (3) Progressively Mixed Target
Distribution shifts the distillation target from teacher-only to
a student-aware blend as training progresses.
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Difficulty-Calibrated Curriculum Scheduling

Specifically, without any training, we compute
the cross-entropy loss of the untrained student
model gy on each example: £; = — log g (y;|x;).
This loss serves as a proxy for instance hardness:
lower values indicate higher compatibility with
the model’s inductive bias and thus are deemed
easier, while higher losses correspond to harder
instances. This approach aligns with recent data-
centric paradigms that leverage pre-training or zero-
shot signals to characterize data properties without
external supervision (Li et al., 2024).

We then sort all instances in ascending order
of L; to obtain a difficulty-sorted dataset: Dy =
{s1,82,...,5N}, where s; denotes the i-th easi-
est sample. Based on this ordering, we construct
the Difficulty Profile, which is a function that cap-
tures the evolution of a prefix subset’s average dif-
ficulty as additional samples are included. For-
mally, for any £ € {1,..., N}, the cumulative
average difficulty of the first k£ samples is defined

as: L(k) = 35, L.

The Difficulty Profile is the sequence
{L(k)}Y_,, which reveals the underlying
structure of hardness distribution across the dataset.
Crucially, this profile is often non-linear because
it reflects the clustering of easy or hard examples.
This phenomenon invalidates the use of curricula
based on uniform sample inclusion.

3.2 Difficulty-Calibrated Curriculum
Scheduling

Building upon the Difficulty Profile {L(k)}&_,
constructed in the previous step, we design a cur-
riculum that ensures the average difficulty of the
training subset increases uniformly across epochs.
Let n denote the total number of training epochs.
Our goal is to partition the training process such
that at epoch e € {1,...,n}, the active subset
D) C D satisfies: T%‘*I > (wswiyep© Li =

€. L(N), where L(N) = + Zfil L; is the aver-
age difficulty of the full dataset. This formulation
enforces a linear progression in average difficulty
from £(N)/n in the first epoch to £(N) in the
final epoch.

To realize this, we leverage the monotonic-
ity of the Difficulty Profile. Since £(k) is non-
decreasing in k (as samples are sorted from eas-
iest to hardest), for each target average difficulty

Te = £-L(N), there exists a unique smallest index

ke € {1,..., N} such that: L(k.) > Te.
In practice, we compute k. via inverse
lookup on the precomputed profile: k. =

min {k € {1,...,N}|L(k) > £ - L(N)}. The training
subset for epoch e is then defined as the prefix
of the difficulty-sorted dataset up to k.: D) =
{s1,52,..., 5k}

By construction, k1 < ko < --- < k, = N, en-
suring both the number of samples and the average
difficulty increase monotonically with epoch. Cru-
cially, unlike conventional “baby-step” curricula
that increment sample count uniformly (Wang et al.,
2021), our scheduling adapts the subset size to the
intrinsic difficulty distribution of the data, guaran-
teeing a uniform progression in learning challenge.
This calibrated progression forms the foundation
for synchronizing the distillation target mixing ra-
tio in our full CPD framework.

3.3 Progressively Mixed Target Distribution

To complement our Difficulty-Calibrated Curricu-
lum Scheduling, we introduce a Progressively
Mixed Target Distribution (PMTD) that dynam-
ically adjusts the supervision signal throughout
training. Standard knowledge distillation mini-
mizes the KLLD between the student’s output distri-
bution gg(y|z; 7) and the teacher’s softened distri-
bution p(y|z; 7) (Hinton et al., 2015). In contrast,
our approach constructs a convex combination of
the teacher and student distributions as the distilla-
tion target: p.” (ylas 7o) = t. - gyl 72) + (1 —
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te) - p(ylz; Te), where 7. denotes the distillation
temperature at epoch e, and minimizes the asym-
metric KLD:

L = Do (07 Gl ) | wlaim)) . @

This formulation encourages the student to grad-
vally shift from full alignment with the teacher
toward increasingly self-consistent predictions as
training progresses. The mixing coefficient ¢, €
[0, 1] is scheduled to increase linearly with epoch
e € {1,...,n}: te = £. This design is delib-
erately synchronized with our curriculum: as the
average difficulty of the training subset rises uni-
formly (Section 3.2), the student is increasingly
held accountable to the teacher’s output, reflecting
growing capacity to absorb complex knowledge.

Furthermore, to harmonize the softness of super-
vision with the student’s evolving proficiency, we
employ a linearly increasing distillation tempera-
ture: 7o = 11 + (T, — 1) - 2:11’ where 7 and 7,
are initial and final temperatures. Early in training,
a lower 7, yields sharper teacher distributions for
stable learning on easy examples; In later stages,
a higher 7, reveals fine-grained logit relationships
and enables nuanced knowledge transfer on harder
instances, which ensures that the distillation sig-
nal remains calibrated to both student capacity and
curriculum difficulty.

4 Theoretical Analysis

To understand why CPD yields stable and effective
optimization, we analyze the gradient behavior of
our PMTD loss with respect to the student param-
eters 0. The gradient of the loss (See Eq. 2) with
respect to 0 is:

(e)“) (e)(q)

v [:(e) — t logp‘ Yy _p Yy Voqo(y),

PLpMTD = 2 |t lor T wy) | %W
(e ()

(3
where the per-label coefficient K(°)(y) governs
the direction and magnitude of the update. Full
derivation is provided in Appendix A.3. We now
examine K (¢)(y) in two training phases, aligned
with our curriculum design.

Early Training (Easy Samples, Small ¢.). In
the initial epochs, CPD uses only the easiest sam-
ples (Section 3.2). For such samples, empirical
and theoretical studies (Ko et al., 2025) show that
the untrained student’s prediction is already close
to the teacher’s: gyp(y) =~ p(y). Consequently,

P“(y) ~ qoly). and substituting into K(© (y)

yields: K(€) (y) =~ telogl+te—1=1t.—1. Since
te = e/nis small (e.g., t; = 1/n), K (y) ~ —1,
a bounded constant independent of the instanta-
neous values of gy(y) or p(y). This ensures that
gradients do not vanish or explode due to extreme
probability ratios, which is a common issue in stan-
dard KL-based distillation when gg(y) — 0. More-
over, the magnitude | K(®) (y)| ~ 1 —t. is relatively
large when %, is small, providing strong learning
signals on easy examples during early training.
Late Training (Hard Samples, Large t.). In
later epochs, harder samples are introduced, and
te — 1. For hard examples, the student’s ini-
tial predictions often deviate significantly from the
teacher’s, and it is common that gg(y) > p(y) for
low-probability labels (He et al., 2025). In this
regime, % — 0, so: pge)(y) = te - qoy) +
(1 —te) - p(y) ~ te - go(y), and thus: K (y) ~
telogte + te —te = telogte. Since te € (0,1],
te log t. is finite, again yielding bounded gradients
regardless of the divergence between gy and p.
Notably, for easy samples that were dominant
early on, gg(y) ~ p(y) still holds, so K(©)(y) ~
te —1 — 0 as te — 1. This implies that CPD auto-
matically downweights easy samples in later stages
and shifts the optimization focus toward hard exam-
ples, a result that aligns precisely with the intent of
our Difficulty-Calibrated Curriculum Scheduling.

Remark 1 (Gradient Boundedness). The per-label
gradient coefficient K(¢) (y) remains bounded for
all epochs and outputs, ensuring stable training
without explicit regularization such as gradient
clipping or label smoothing.

Remark 2 (Curriculum—Distillation Alignment).
The evolution of K'®) (y) induces an implicit atten-
tion shift: early updates emphasize easy samples
via large-magnitude gradients, while late updates
suppress them and prioritize hard samples through
non-vanishing, bounded signals.

S Empirical Analysis

We evaluate CPD on three representative LLM dis-
tillation tasks: general instruction following, mathe-
matical reasoning, and code generation. Key hyper-
parameters are set as follows: initial and final distil-
lation temperatures 7; = 1 and 7,, = 2; supervised
fine-tuning (SFT) weight o = 0.3 for off-policy
KD and o = 0 for on-policy KD. We compare CPD
against four categories of white-box KD baselines:
(1) Standard KD losses without curriculum and
target mixing: KLLD (Hinton et al., 2015), RKL

6761



(Guetal., 2023), and TVD (Wen et al., 2023); (2)
KD losses with mixed target distributions but
no curriculum: GKD (on-policy) (Agarwal et al.,
2024), JSD, SKL/SRKL (Ko et al., 2024), ABKD
(Wang et al., 2025), and TAID (Shing et al., 2025);
(3) Curriculum-based methods without target
mixing: KLD+POCL (Liu and Zhang, 2025); (4)
Joint curriculum and target mixing approaches:
DA-KD (He et al., 2025). Full experimental details
are in Appendix A.2.

5.1 General Instruction-Following

Setup. We distill Qwen2.5 (0.5B student from
1.5B teacher) (Yang et al., 2024a), GPT-2 (0.1B
from 1.5B) (Radford et al., 2019) and OpenL-
LaMAZ2 (3B from 7B) (Geng and Liu, 2023) on the
Databricks-dolly-15k dataset (Conover et al.,
2023) (11.5K train, 1K validation, 0.5K test).
Models are evaluated on five instruction-following
benchmarks: DollyEval, Selflnst (Wang et al.,
2022a), VicunaEval (Chiang et al., 2023), S-NI
(Wang et al., 2022b), and UnNI (Honovich et al.,
2022). We report (1) average ROUGE-L scores
across five random seeds, and (2) winning rates
(WR) via LLM-as-a-Judge (Zheng et al., 2023) us-
ing DeepSeek-V3-0324 (Liu et al., 2024).
Results. As shown in Tab. 1 and 6, CPD con-
sistently outperforms all baseline KD methods
across both model scales and all five evaluation
benchmarks under both evaluation metrics and
across model scales, demonstrating its effective-
ness and scalability. Moreover, CPD achieves these
gains with only 82.3% of the training iterations re-
quired by standard baselines, confirming its com-
putational efficiency. All reported improvements
are statistically significant according to Wilcoxon
signed-rank tests (p < 0.05). The main experi-
ment includes three backbone families: Qwen2.5
(1.5B—0.5B), GPT-2 (1.5B—0.1B), and OpenL.-
LaMAZ2 (7B—3B), with GPT-2 and OpenLLaMA2
results deferred to the appendix due to space con-
straints. All three show consistent trends. For the
extensive analyses in Section 6, we use GPT-2 as a
computationally efficient proxy, given our resource
constraints and the consistent performance across
architectures in the main experiments.

5.2 Mathematical Reasoning and Code
Generation

Setup. For mathematical reasoning, we distill
Qwen2.5-Math-1.5B from Qwen2.5-Math-7B-Inst
(Yang et al., 2024b) using 20K training and 2K

validation samples from MetaMathQA (Yu et al.,
2023), with chain-of-thought prompting (Wei et al.,
2022). Evaluation is conducted on GSM8K (Cobbe
et al., 2021) and MATH (Hendrycks et al., 2021)
using pass@].

For code generation, we distill Qwen2.5-
Coder-1.5B from Qwen2.5-Coder-7B-Inst (Hui
et al.,, 2024) using 20K/2K samples from
Evol-Instruct-Code-80k-v1 (Luo et al., 2023),
a dataset enhanced via Evol-Instruct (Xu et al.,
2024). Models are evaluated on HumanEval (Chen
et al., 2021) and MBPP (Austin et al., 2021) un-
der the EvalPlus framework (Liu et al., 2023), also
using pass@].

Results. Tab. 2 demonstrates that CPD main-
tains superior performance across mathematical
reasoning and code generation domains, consis-
tently outperforming competing KD methods on
both mathematical and code benchmarks. These
results confirm that the benefits of CPD extend be-
yond general instruction following to structured,
symbolic tasks, highlighting its generality and ro-
bustness across diverse LLM application domains.

6 Analysis and Discussion

6.1 Evaluation on Diverse KD Scenarios

To evaluate the generalizability of CPD, we con-
duct experiments under two critical scenarios: (1)
varying teacher-student capacity gaps, and (2) low-
resource settings with limited training data.
Varying Capacity Gaps. We distill the GPT-
2-1.5B teacher to three differently sized students
(0.1B, 0.3B, and 0.8B). Results in Tab. 7 and
Fig. 4(a) demonstrate CPD’s robust performance.
Notably, as the student capacity increases (from
0.1B to 0.8B), CPD’s relative advantage becomes
more pronounced. For the largest 0.8B student,
CPD achieves the highest average score (26.17),
outperforming strong baselines like ABKD (25.98)
and KLD+POCL (25.53). This trend indicates that
CPD’s co-designed curriculum and target mixing
effectively leverages increased student capacity,
mitigating the mode collapse risk inherent in large
gaps. Compared to DA-KD, which jointly sched-
ules curriculum and target mixing in a decoupled
manner, CPD consistently outperforms across all
capacity gaps (Tab. 7), confirming the advantage of
co-designing curriculum and target mixing through
a unified difficulty-aware principle.
Low-Resource Settings. We simulate data
scarcity by randomly sampling 10%, 30%, 50%,
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Qwen2.5-1.5B (M) — Qwen2.5-0.5B (M)

DollyEval SelfInst VicunaEval S-NI UnNI 3
Categories KD Methods R-L WR R-L WR R-L WR R-L WR R-L WR R-L WR
My 27.48 53.65 18.60 53.86 18.27 5453 34.94 53.63 34.86 54.23 26.83 53.98
SFT 24.86 47.64 14.42 45.75 15.77 48.18 22.80 41.42 24.59 42.86 20.49 45.17
(1) KLD 26.71 51.32 15.75 4935 15.08 51.88 26.81 48.25 27.62 48.19 22.40 49.80
RKL 27.13 51.04 16.90 49.97 16.10 51.62 30.08 49.51 28.95 48.98 23.83 50.23
TVD 26.76 50.94 15.71 49.35 16.20 51.25 30.32 50.60 29.95 49.67 23.79 50.36
?2) GKD (on-policy) 2743 51.56 16.06 49.90 16.63 52.77 30.55 51.21 30.68 50.07 24.27 51.10
JSD 26.84 51.46 15.85 48.28 16.16 5111 26.92 48.48 27.61 46.48 22.68 49.16
SKL 27.02 51.63 17.11 5112 16.73 52.92 30.43 50.65 28.87 48.64 24.03 50.99
SRKL 26.71 50.78 16.64 49.31 16.23 49.92 30.36 48.65 29.50 48.58 23.89 49.45
ABKD 27.69 53.75 18.27 52.70 17.13 53.62 34.68 53.54 33.60 53.67 26.27 5345
TAID 27.43 52.81 18.41 51.85 18.11 52.95 34.19 53.00 33.25 52.80 26.28 52.68
3) KLD+POCL 27.31 51.37 15.39 48.05 16.63 53.84 29.95 50.86 31.22 51.07 24.10 51.04
“) DA-KD 27.43 51.62 17.62 51.90 17.79 53.28 34.08 52.20 34.16 52.99 26.22 52.40
CPD 27.82 53.89 18.58 53.20 18.43 54.76 34.63 53.30 34.35 54.08 26.76 53.84

Table 1: Instruction-following evaluation on Qwen2.5 (1.5B—0.5B). M; and M denote teacher and student models, respectively.
Reported metrics are ROUGE-L (R-L) and winning rate (WR) on DollyEval, Selflnst, VicunaEval, S-NI, and UnNI; Avg.
denotes mean across benchmarks. red indicates the student outperforms the teacher. Best student results are in bold. GPT-2 and

OpenLLaMA?2 results are in Tab. 6

Qwen2.5-Math-7B-Inst (M¢) Qwen2.5-Coder-7B-Inst (M)
— Qwen2.5-Math-1.5B (M) — Qwen2.5-Coder-1.5B (M)
GSMSK  MATH Avg. HumanEval MBPP Avg.
Categories KD Methods pass@] pass@]  pass@] pass@] pass@]  pass@]
My 90.3 80.2 85.3 61.6 76.9 69.3
M 75.9 48.7 62.3 42.4 60.4 51.4
N KLD 719 552 66.6 45.1 61.3 532
RKL 78.4 56.4 67.4 454 61.4 534
TVD 78.2 56.9 67.6 46.2 61.7 54.0
2) GKD (on-policy) 80.2 583 69.3 46.2 62.6 544
JSD 78.9 56.8 67.9 45.1 61.0 53.1
SKL 79.4 57.9 68.7 46.4 61.8 54.1
SRKL 79.5 58.4 69.0 46.8 62.0 54.4
ABKD 80.7 59.8 70.3 48.4 63.8 56.1
TAID 80.1 59.6 69.9 47.5 63.5 55.5
(3) KLD+POCL 79.4 57.8 68.6 46.1 61.8 539
4) DA-KD 79.9 59.3 69.6 473 62.3 54.8
CPD 81.4 60.1 70.8 48.5 64.4 56.5

Table 2: Results on mathematical reasoning (GSM8K, MATH) and code generation (HumanEval, MBPP) using Qwen2.5-Math
and Qwen2.5-Coder (7B—1.5B). Performance is measured by pass @ I; best scores are in bold.

and 80% of the Databricks-dolly-15k training
set. Fig. 4(b) demonstrates that CPD consistently
outperforms the baseline methods (SFT, KLD, and
DA-KD) at every corresponding level of data avail-
ability (10% to 100%). Notably, its performance
gains are most pronounced under significant data
constraints. This consistent superiority across all
resource levels confirms the robustness and data
efficiency of CPD’s co-designed curriculum in low-
resource distillation scenarios.

6.2 Evolution of Difficulty Rankings During
Training

CPD relies on a static difficulty profile computed
from the untrained student. To assess whether this
profile becomes stale as the student learns, we
measure the Spearman Rank Correlation (SRC)
between the initial static ranking and rankings de-
rived from checkpoints at different epochs, along
with the overlap of the resulting training subsets.
As shown in Tab. 3, while rank correlation de-
clines over training, the training subsets themselves
overlap substantially (>80%). This is because sub-

Epoch  SRC  Subset Intersection (%)
5 0.731 90.31
10 0.543 86.28
15 0.415 80.19
20 0.372 100.00

Table 3: Rank correlation and subset overlap between static
and dynamic difficulty profiles (GPT-2 1.5B—0.1B).

set selection depends on positional thresholds in
the difficulty-ordered list, and local rank permuta-
tions have minimal impact on the actual training
data per epoch. We further compare performance
using a dynamically updated profile:

Method Avg. ROUGE-L  Time (mins)
CPD (static) 22.70 254
CPD (dynamic) 22.84 542

Table 4: Performance and computational cost of static vs.
dynamic profiling (GPT-2 1.5B—0.1B).

Dynamic profiling (Tab. 4) yields a negligible
gain (+0.14 ROUGE-L, +0.62%) at more than dou-
ble the computational cost (+113% training time),
confirming that static profiling offers the best trade-
off for CPD.
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Figure 4: (a) Average ROUGE-L scores for distilling GPT-2-1.5B to students of different sizes (0.1B, 0.3B, 0.8B), including
DA-KD comparison. (b) Performance under low-resource settings: ROUGE-L scores for distilling to GPT-2-0.1B using
progressively larger subsets (10%-100%) of the training data, including DA-KD comparison. (c) Hyperparameter sensitivity
heatmap: Average ROUGE-L score across five benchmarks for CPD with GPT-2, evaluated over a 2D grid of initial (1) and

final (7,,) temperature parameters.

6.3 Ablation Analysis

Impact of Difficulty Metrics. We evaluate four
difficulty metrics for constructing the Difficulty
Profile: cross-entropy loss of the untrained student
(CE-LOSS, our default), ROUGE-L between stu-
dent generations and ground truth (Liu and Zhang,
2025), distillation difficulty score (DDS) (He et al.,
2025), and sentence-level entropy (SE) (Zhu et al.,
2021). As shown in Tab. 5 (a) and 8, CE-LOSS
achieves the best overall performance across both
instruction-following and math reasoning tasks,
matching or exceeding the more complex DDS
while being computationally more efficient (requir-
ing only a forward pass of the untrained student).
ROUGE-L underperforms on math tasks, likely due
to insensitivity to arithmetic errors, and SE yields
the lowest scores, indicating that entropy alone is
insufficient. These results confirm CE-LOSS as a
simple, effective, and task-agnostic difficulty esti-
mator.

Impact of Curriculum Scheduling. We
compare CPD’s Difficulty-Calibrated Schedul-
ing (DCS) against three alternatives: baby-step
scheduling (BSS) (Liu and Zhang, 2025), linear
growth (LS), and cosine growth (CS) (He et al.,
2025). As shown in Tab. 5 (b) and 9, DCS con-
sistently achieves the highest performance on both
task types, validating that a uniform increase in
average difficulty, adapted to the dataset’s intrin-
sic distribution, leads to more effective knowledge
transfer. Moreover, DCS attains superior results
with fewer iterations than BSS and CS, demonstrat-
ing training efficiency.

Impact of Mixture Ratio Dynamics. We evalu-
ate four strategies for scheduling the mixture ratio:

GPT-2-1.5B Qwen2.5-Math-7B-Inst

— GPT-2-0.1B — Qwen2.5-Math-1.5B
KD Methods Avg. ROUGE-L Avg. pass@1 TI
a. Impact of Difficulty Metrics.
CPD (CE-LOSS) 22.70 56.5
CPD (ROUGE-L) 22.48 54.2
CPD (DDS) 22.61 56.4
CPD (SE) 20.87 54.7
b. Impact of Curriculum Scheduling.
CPD (DCS) 22.70 56.5 23517
CPD (BSS) 21.89 55.7 28588
CPD (LS) 21.11 54.4 15008
CPD (CS) 21.65 56.0 24299
c. Impact of Mixture Ratio Dynamics.
CPD (linear) 22.70 56.5
CPD (cosine) 22.14 55.1
CPD (fixed) 21.62 54.2
CPD (adaptive) 22.68 56.6

Table 5: Ablation on a) difficulty metrics for Difficulty Pro-
file construction, b) curriculum scheduling strategies, and c)
mixture ratio scheduling. Avg. denotes mean performance
across five instruction-following benchmarks (ROUGE-L) and
two math reasoning benchmarks (pass@1). Total iterations
(TT) are measured on Databricks-dolly-15k over 20 epochs
with batch size 8.

linear growth (our default), cosine growth, fixed
ratio (Ko et al., 2024), and adaptive growth (Shing
et al., 2025). Tab. 5 (c) and 10 shows that both
linear and adaptive scheduling significantly outper-
form the fixed and cosine strategies, confirming the
importance of dynamic adjustment. Linear growth
achieves performance nearly on par with adaptive
scheduling despite its simplicity and zero over-
head, due to its synchronization with the difficulty-
calibrated curriculum. The cosine schedule un-
derperforms linear, likely because its non-linear
trajectory misaligns with the linear difficulty pro-
gression enforced by the curriculum. This confirms
that synchronization with the curriculum—not the
specific functional form—is the key factor.
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6.4 Hyperparameter Sensitivity Analysis

We analyze the sensitivity of CPD to its core hy-
perparameters—the initial (71) and final (7,,) tem-
peratures governing the curriculum’s difficulty tra-
jectory. The results, visualized as a performance
heatmap in Fig. 4(c), reveal two key findings. First,
CPD exhibits a stable optimal region centered
around (71, 7,) = (1.0, 2.0). Performance remains
high across a broad neighborhood of these values,
indicating robustness to precise tuning. Second, the
performance decline outside this region is gradual,
not abrupt, confirming there is no sharp perfor-
mance cliff.

6.5 Computational Cost Analysis

CPD introduces a one-time preparation phase to
compute the Difficulty Profile, which involves a for-
ward pass of the full dataset through the untrained
student to obtain cross-entropy losses (e.g., taking
16 minutes for Dolly on one A100 GPUs). Crit-
ically, this cost is incurred offline before training
begins. The subsequent training phase itself incurs
no additional overhead and, due to the optimized
curriculum, requires 17.7% fewer iterations than
the baseline (See Fig. 1). The total time, including
preparation and training, is 254 minutes, represent-
ing 87.5% of the baseline’s training-only time (290
mins). This demonstrates that the modest upfront
investment is decisively offset by significantly im-
proved training efficiency.

6.6 Discussion

Why CPD Excels. A natural question is why
co-designing curriculum and target mixing yields
consistent improvements. Our theoretical analy-
sis (Section 4) provides a mechanistic explanation:
the per-label gradient coefficient K (¢) (y/) remains
bounded for all epochs and outputs, ensuring stable
training without explicit regularization. Moreover,
the evolution of K (¢)(y) induces an implicit atten-
tion shift—early updates emphasize easy samples
via large-magnitude gradients, while late updates
suppress them and prioritize hard samples through
non-vanishing, bounded signals (Remarks 1-2).
This alignment between curriculum progression
and gradient dynamics means that CPD actively
stabilizes the optimization trajectory, rather than
merely sequencing data.

Robustness in Low-Resource Settings. This
gradient stabilization mechanism is especially bene-
ficial when training data is limited (Section 6.1). In

low-resource regimes, data distribution fluctuations
are more pronounced, increasing the risk of unsta-
ble gradients. CPD’s co-designed curriculum and
target mixing smooth the optimization landscape
by ensuring that the difficulty of training samples
increases uniformly and synchronizes with the dis-
tillation target. This explains CPD’s pronounced
advantage at low data ratios (Fig. 4b), where stan-
dard methods suffer from erratic gradient updates
on a small, potentially unrepresentative data pool.

7 Related Works

We discuss related work and defer a concentrated
account to Appendix A.6.

8 Conclusion

We propose Calibrated Progressive Distillation
(CPD), a white-box KD framework that co-designs
curriculum scheduling and target mixing via a
shared, difficulty-aware principle. CPD constructs
a Difficulty Profile from the untrained student’s
cross-entropy losses to enforce a uniform increase
in average training difficulty. This curriculum is
synchronized with a progressively mixed distilla-
tion target, where both the mixing coefficient and
temperature evolve linearly in tandem. This inte-
grated co-design aligns the training data with the
supervisory signal. Theoretically, CPD ensures
bounded gradients and induces an implicit atten-
tion shift from easy to hard samples. Empirically,
CPD demonstrates robust generalizability: it out-
performs advanced KD baselines across diverse
tasks for a range of model families and student
model sizes; it consistently outperforms baselines
under varying teacher-student capacity gaps and
exhibits exceptional data efficiency in severely low-
resource settings. Furthermore, CPD reduces to-
tal training runtime by over 10% through its effi-
cient curriculum. Collectively, our findings posi-
tion CPD as a general, efficient, and theoretically
grounded method for LLM compression, advanc-
ing their practical accessibility. Future work may
explore adaptive difficulty metrics, scalable diffi-
culty estimation (e.g., via sampling or dynamic
batching) for extending CPD to larger-scale or pre-
training scenarios, and extensions to multimodal
tasks.

9 Limitations

CPD depends on accurate per-sample difficulty esti-
mation to co-design curriculum scheduling and tar-
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get mixing. Currently, CPD uses token-level cross-
entropy loss for this purpose, which works well for
instruction-following tasks but yields limited gains
in mathematical reasoning and code generation. In
these domains, functional correctness is highly sen-
sitive to small discrete errors, such as arithmetic
mistakes or syntax bugs. Since token-level like-
lihoods often fail to capture these nuances, they
can lead to misleading difficulty estimates. This
suggests a need for task-aware difficulty metrics.
Future work should incorporate execution-based
feedback (e.g., test case outcomes or answer verifi-
cation) into the distillation pipeline to better align
difficulty assessment with actual correctness.

Besides, a limitation of CPD is its use of a static
Difficulty Profile, computed once using the un-
trained student. While this provides a stable and
computationally efficient curriculum, it does not
dynamically adapt to the student’s evolving capac-
ity during training. Consequently, the relative dif-
ficulty of a sample is not updated as the student
learns, which may limit the optimality of the cur-
riculum sequence in later stages. However, our
analysis (Section 6.2) shows that despite declining
rank correlation, the training subsets themselves
overlap substantially (>80%), and dynamic pro-
filing yields negligible gains at more than double
the computational cost. This design choice repre-
sents a deliberate trade-off: a fully dynamic cur-
riculum, akin to on-policy KD which regenerates
training data at multiple stages, would incur signif-
icant computational overhead (e.g., up to 80% of
total training time (Ko et al., 2024)). Our static pro-
file avoids this cost while still providing a robust,
data-aware learning progression, as evidenced by
CPD’s strong empirical performance. Future work
could explore semi-dynamic variants that periodi-
cally update the difficulty profile every K epochs
to better capture student progress while managing
computational cost.
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A Technical Appendices

A.1 Preliminary Formulation of White-box
KD

We provide background and a formal overview of
white-box knowledge distillation (KD) for auto-
regressive student language models trained with
a teacher large language model. Given a dataset
of source-target sequence pairs (z,y), the stu-
dent model is optimized using two objectives: (1)
standard supervised fine-tuning (SFT) via cross-
entropy loss between the ground-truth target y and
the student’s predicted distribution gp(y|x), and
(2) a KD loss that aligns the student’s token-level
output distribution with that of the teacher at each
position <.
The cross-entropy loss is defined as:

[yl

Lee = =) logqa(yilz, y<i), )
i=1
where gg(y;|x, y<i) denotes the student’s predicted
probability for token y;, conditioned on input x and
preceding tokens y,;. This probability is obtained
via softmax over the student’s logits:

goyilz, y<i) = Zexwzm .

jev exp(25)’
with zy the logit for token y; and V' the vocabulary.
The KD loss is formulated as:

lyl
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where D(- || -) denotes a divergence mea-
sure—commonly KL divergence, Jensen—Shannon
divergence (JSD), or their symmetric variants—and
7 > 0 is the distillation temperature that smooths
the output distributions. The temperature-scaled
probabilities are:

exp(zy, /T)
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with Zy, denoting the teacher’s logits. Following

p(yilz, y<i; T) = ®)

Hinton et al. (2015), the 72 scaling ensures numer-
ical stability and balances the magnitude of Lyg
relative to L.
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The total training objective combines both
losses:
Li=a Lee + (1 — ) - Lia, )

where o € [0, 1] controls the trade-off between
SFT and distillation signals.

Recent work in white-box KD has explored al-
ternative divergence functions D(- || -) in Eq. (6),
including standard KL divergence (Hinton et al.,
2015), reverse KL (RKL) (Gu et al., 2023), JSD
(Agarwal et al., 2024), and symmetric variants such
as SKL and SRKL (Ko et al., 2024). Full formu-
lations of these divergences are provided in Ap-
pendix A.4.5.

A.2 Calibrated Progressive Distillation
Training Algorithm

Algorithm 1 outlines the complete training pipeline
of Calibrated Progressive Distillation, encompass-
ing three core components: (1) the construction
of a difficulty profile that captures how average
hardness evolves when samples are sorted from
easy to hard, (2) a Difficulty-Calibrated Curricu-
Ium Scheduling, which selects epoch-specific sub-
sets to ensure a uniform increase in average diffi-
culty—adapting subset size to the dataset’s intrin-
sic hardness distribution, and (3) a Progressively
Mixed Target Distribution for distillation, where
the target is a convex combination of teacher and
student predictions, with the mixing coefficient
and distillation temperature both increasing linearly
across epochs.

A.3 Details for Gradient Analysis

We provide a complete derivation of the gradi-
ent of the Progressively Mixed Target Distribu-
tion (PMTD) loss to support the stability claims
in Section 4. Consider a single input—output pair
(z,y); for notational simplicity, we denote the stu-
dent’s predicted probability for the true label as
g0 = qo(y | x) and the teacher’s as p = p(y | x).
Both are strictly positive and differentiable with re-
spect to the student parameters ¢. The mixed target
at epoch e is defined as pie) =te-qp+ (1 —te) P,
where t. € [0, 1] is a fixed scalar (independent of
#), and p is treated as constant during backpropa-
gation.

The PMTD loss is the asymmetric Kull-
back-Leibler divergence: £}, = Dk (pge) H qg) -

. (e)
pi log 2.
We compute its gradient with respect to 6:

Algorithm 1 Calibrated Progressive Distillation (CPD)

Input: D = {(z;,y:)}1: training dataset; go: untrained
student LLM; p: teacher LLM; n: total epochs; 1o, 7n:
initial and final distillation temperatures.
Output: ¢;: distilled student LLM.
fori =1to N do
Li + —logqe(yi | i)
end for
Sort D by L; in ascending order — Dgs = {s1, .. .
for k = 1to N do
L(k) < % Z?:l Ls,
end for _
L L‘,(N )
fore = 1tondo

SN}

ke < min {k’ | L(k) > % . [,fuu}
D {s1,---, Sk}
te < =
Te < To+ (Tn — 70) - f;ll
end for

fore =1tondo
Pi (s e) = te - ao(ylas o) + (1= te) - plylei 7e)
£43 <« Dewren (pi” Clai 7o) || ao (i 7.))
while not converged for fixed number of steps do
Update gg by minimizing £,<fD> on D
end while
end for
return g; < qo

vf)ﬁl()fvzm (10)
=V [p,ie) log pi” — pi log qa] :

We differentiate each term separately. For the
first term:

\Y [pie) logpiﬂ = (logpﬁe) + 1) Vop!®

=t, (logpte> + 1) Voqo, (an

since Vgpge) =1t.Voqp.

For the second term, applying the product rule:

Vo [pﬁe) log qe]
= (Vepr(se)) log go + pi° - 2 Voao (12)

(e)
=telogqo - Voqo + %Veqe.
Subtracting (12) from (11), we obtain:

Vt‘?['r(’ifl)TD ©
=t. (logpge) + 1) Voqo —telogqe - Voge — pqt—engg

q0

(e) (e)
= [te logpqt—e + te — pt—] Voqo.

Thus, the per-example gradient takes the form:

vﬂl:l()fv}"[]) - K(e) : VeQG,

(e) (e)
(e) _ p _p
where K'¢ =t.log 59 + te ;9 .

13)

This expression underpins the boundedness and
adaptive emphasis properties analyzed in Section 4.
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Crucially, because pﬁe) is a convex combination

of gy and p, the ratio pge) /qo is always finite and
positive, preventing the unbounded gradients that
can arise in standard KL distillation when gy — 0
while p remains fixed. The mixing coefficient ¢,
further regularizes the magnitude of K (¢), ensuring
stable optimization throughout training.

A4 Detailed Experimental Setup

This section outlines the complete experimen-
tal configuration, including model architectures,
datasets, training protocols, evaluation procedures,
and baseline methods used in our empirical analy-
sis.

A.4.1 Base Models Description

Our study encompasses three prominent families
of large language models—GPT-2, OpenLLaMA2,
and Qwen2.5—selected to represent a broad spec-
trum of architectural designs, training data sources,
and target applications. This diversity enables
us to evaluate the robustness and generalizability
of our method across both general-purpose and
domain-specialized scenarios. Specifically, GPT-2
and OpenLLaMA?2 are employed for instruction-
following tasks, while Qwen2.5 variants are used
for mathematical reasoning and code generation.
These models were chosen for their public avail-
ability, architectural heterogeneity, and widespread
adoption in standard benchmarks, ensuring repro-
ducibility and meaningful comparative evaluation.

¢ Qwen2.5 (Team, 2024): A suite of domain-
specialized LLMs from the Qwen team, fine-
tuned for high-fidelity performance in tech-
nical reasoning tasks. For instruction fol-
lowing, we use Qwen2.5-1.5B as the teacher
and Qwen2.5-0.5B as the student; For mathe-
matical reasoning, we use Qwen2.5-Math-7B-
Inst as the teacher and Qwen2.5-Math-1.5B
as the student; for code generation, we em-
ploy Qwen2.5-Coder-7B-Inst and Qwen?2.5-
Coder-1.5B, respectively. These purpose-built
pairs enable a precise assessment of distilla-
tion effectiveness in architectures explicitly
optimized for vertical domains.

* GPT-2 (Radford et al., 2019): A decoder-only
Transformer originally introduced by OpenAl.
In our distillation framework, we use GPT-2
(1.5B parameters) as the teacher and GPT-2
(0.1B parameters) as the student, both adapted
via instruction tuning. This intra-architecture

setup—featuring a significant capacity dis-
parity—provides a controlled setting to study
knowledge transfer within a consistent model-
ing paradigm.

* OpenLLaMA?2 (Geng and Liu, 2023): An
open-source, permissively licensed reimple-
mentation of Meta’s LLaMA, trained solely
on the publicly available RedPajama corpus
(Computer, 2023), in contrast to the propri-
etary data used for the original LLaMA (Tou-
vron et al., 2023). We adopt OpenL.LaMA2-
7B as the teacher and OpenLLaMA2-3B as
the student for instruction-following tasks.
This configuration allows us to examine dis-
tillation dynamics in models developed un-
der transparent, community-driven training
regimes.

All models are initialized from official public
checkpoints, and identical optimization settings
and training procedures are applied across all dis-
tillation experiments to ensure a fair and controlled
comparison.

A.4.2 Dataset Description

We evaluate the CPD framework across three core
NLP domains: instruction-following, mathemat-
ical reasoning, and code generation. Below, we
describe the datasets used for training and evalua-
tion in each category.

e databricks-dolly-15k (instruction-
following; (Conover et al.,, 2023)): A
human-authored dataset of 15,000 instruc-
tion—response pairs spanning seven task types,
including brainstorming, closed QA, and sum-
marization. Its naturally phrased, high-quality
prompts make it ideal for assessing general
instruction-following ability.

e self-instruct-eval (instruction-
following; (Wang et al., 2022a)): A
synthetically generated dataset created via
self-instruct bootstrapping.  We use its
training split (52K instructions yielding
82K input—output pairs) and evaluation set
(252 expert-defined tasks with 50K public
examples) to test generalization to unseen
task formulations.

* vicuna-eval (instruction-following; (Chiang
et al., 2023)): A benchmark of 80 complex,
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open-ended prompts requiring multi-step rea-
soning and contextual understanding. Widely
used for conversational model evaluation, it
provides a rigorous test of instruction adher-
ence and reasoning depth.

supernatural-instructions (instruction-
following; (Wang et al., 2022b)): A large-
scale collection of 1,616 expert-written NLP
tasks across 76 categories. Its test set includes
9,000 samples from 119 held-out tasks, en-
abling robust zero-shot generalization evalua-
tion.

unnatural-instructions-core

(instruction-following; (Honovich et al.,
2022)): A dataset of 66,000 instruc-
tion—response pairs generated by automati-
cally perturbing natural instructions. The core
subset is used to examine model behavior
under predominantly synthetic training data.

MetaMathQA (mathematical reasoning; (Yu
et al., 2023)): A dataset of 39,500 math
problems produced through iterative for-
ward—backward reasoning transformations. It
emphasizes diverse solution strategies and is
designed to improve generalization in mathe-
matical reasoning.

GSM8K (mathematical reasoning; (Cobbe et al.,
2021)): A set of 8,500 grade-school math
word problems requiring multi-step arithmetic
reasoning. Each problem demands explicit
chain-of-thought decomposition, making it a
standard benchmark for evaluating reasoning
fidelity in distilled models.

MATH (mathematical reasoning; (Hendrycks
et al., 2021)): A collection of competition-
level math problems covering algebra, geom-
etry, number theory, and more, with varying
difficulty. It targets deep mathematical under-
standing and symbolic reasoning capabilities.

Evol-Instruct-Code-80k-v1 (code gener-
ation; (Luo et al.,, 2023)): Built using
the Evol-Instruct framework, this dataset
starts from Code Alpaca (20K samples) and
applies iterative instruction evolution tech-
niques—including constraint injection, rea-
soning depth amplification, misleading code
insertion, and complexity escalation—to yield

78K progressively challenging code instruc-
tions. It has demonstrated strong empirical
gains in code fine-tuning.

* MBPP (code generation; (Austin et al., 2021)):
A crowd-sourced dataset of 974 programming
problems, each with a natural language de-
scription (docstring), function signature, and
three test cases. A verified subset ensures high
solution correctness, supporting reliable eval-
uation.

* HumanEval (code generation; (Chen et al.,
2021)): A set of 164 handcrafted coding tasks,
each providing a function signature and doc-
string. Designed to be absent from common
pretraining corpora, it offers an unbiased as-
sessment of code synthesis performance.

A.4.3 Training Details

All experiments are conducted on a consistent hard-
ware platform consisting of four NVIDIA A100
80GB GPUs and an Intel(R) Xeon(R) Platinum
8350C CPU to ensure reproducibility and compa-
rability across training runs.

Hyperparameter Settings. We employ a uni-
fied set of hyperparameters for the CPD framework
across all tasks. The distillation temperature 7 is
linearly increased from an initial value of 71 = 1
to a final value of 7, = 2. For off-policy distilla-
tion, the supervised fine-tuning (SFT) loss weight
is initialized at aqg = 0.3. In contrast, on-policy
distillation excludes the SFT term entirely (aw = 0
throughout), as the student learns exclusively from
its own generations refined via teacher feedback.
Following Agarwal et al. (2024), we adopt a bal-
anced mixing strategy that combines 50% student-
generated outputs with 50% ground-truth responses
to stabilize training and enhance generalization.

For baseline methods, we adopt recommended
settings from prior work: the SKL. and SRKL mix
ratios (askr.,, asrkr.) are set to 0.5 (Ko et al., 2024);
ABKD uses agpkg = 0.2 and Bapka = 0.7 (Wang
et al., 2025); TAID applies a linear schedule that
increases its mix ratio from 0 to 1 (Shing et al.,
2025); and DA-KD uses Agakda = 0.9 (He et al.,
2025).

Model checkpoint selection is task-specific: for
instruction-following, we select the best check-
point based on Rouge-L scores on the validation
set, which correlate well with human judgments
in instruction and summarization tasks (Agarwal

6771



GPT-2-1.5B (M) — GPT-2-0.1B (M)
NI

DollyEval SelfInst VicunaEval - UnNI Avg.
Categories KD Methods R-L WR R-L WR R-L WR R-L WR R-L WR R-L WR
My 2743 52.79 14.12 52.15 16.37 52.85 27.68 53.44 31.92 52.95 23.50 52.84
SFT 23.33 47.04 10.01 42.28 14.72 48.31 16.38 36.32 19.57 39.37 16.80 42.67
(1) KLD 23.49 47.30 10.33 42.78 14.96 49.11 19.71 40.80 22.01 42.04 18.10 44.41
RKL 23.79 47.87 12.13 46.96 14.94 48.67 23.81 45.38 2252 42.63 19.44 46.30
TVD 24.32 48.25 11.09 45.01 15.51 49.70 25.93 47.66 26.55 46.96 20.68 47.52
?2) GKD (on-policy) 24.67 48.57 11.48 4551 15.66 49.94 23.81 45.60 25.26 45.42 20.18 47.01
JSD 24.07 48.66 11.38 45.59 15.87 50.79 22.84 44.20 23.06 43.30 19.44 46.51
SKL 2424 48.64 12.27 47.23 15.71 50.15 23.33 45.06 24.02 4425 19.91 47.07
SRKL 25.22 49.13 12.86 48.21 15.18 49.18 25.51 47.18 2843 48.59 21.44 48.46
ABKD 25.63 50.46 13.35 49.56 16.05 51.82 26.44 47.99 29.12 49.01 22.12 49.77
TAID 25.42 49.89 13.18 47.93 15.85 50.72 26.31 47.78 28.87 48.87 21.93 49.04
3) KLD+POCL 24.87 49.85 11.56 46.19 16.13 52.01 21.59 42.51 24.34 44.66 19.70 47.04
“) DA-KD 25.68 50.65 12.96 48.87 15.83 49.72 25.89 46.39 28.54 48.67 21.78 48.86
CPD 26.08 51.14 13.34 49.41 16.75 52.22 27.32 48.94 30.02 50.05 22.70 50.35
OpenLLaMA2-7B (M) — OpenLLaMA2-3B (M)
DollyEval SelfInst VicunaEval S-NI UnNI Avg.
Categories KD Methods R-L WR R-L WR R-L WR R-L WR R-L WR R-L WR
My 26.26 52.03 19.15 51.12 17.31 49.39 31.20 51.34 31.84 51.05 25.15 50.98
SFT 24.87 49.20 18.78 50.29 16.50 48.99 28.65 47.87 28.73 47.61 23.51 48.79
[6)) KLD 23.76 49.68 17.48 48.05 15.68 47.97 28.42 48.10 27.48 46.75 22.56 48.11
RKL 26.67 50.78 18.78 49.71 18.43 53.67 31.27 50.42 32.01 52.18 2543 51.35
TVD 24.62 48.57 18.32 48.90 15.85 48.49 29.01 48.54 28.08 47.54 23.18 48.41
?2) GKD (on-policy) 26.30 50.50 18.91 50.06 17.53 50.92 3421 5238 31.67 50.46 2572 50.87
JSD 25.64 50.34 17.18 47.54 15.56 47.58 27.93 49.29 27.39 46.48 22.74 48.25
SKL 24.99 49.08 18.77 49.54 16.69 49.92 29.71 50.86 28.49 48.02 23.73 49.48
SRKL 25.99 52.06 19.11 50.16 16.93 50.36 30.07 49.94 28.81 48.38 24.18 50.18
ABKD 27.18 52.20 19.35 51.17 17.83 53.70 3451 55.69 32.65 53.50 26.30 53.25
TAID 27.05 52.32 19.18 51.25 16.73 50.48 33.96 55.36 32.13 52.06 25.81 52.29
3) KLD+POCL 26.24 51.19 17.40 45.99 16.98 50.82 34.00 54.84 33.43 53.07 25.61 5118
(&) DA-KD 26.85 51.77 18.95 50.39 17.54 52.08 32.81 53.42 32.51 52.59 2573 52.05
CPD 26.92 52.15 19.57 52.24 17.67 52.48 35.76 57.75 34.53 54.32 26.89 53.79

Table 6: Instruction-following evaluation on GPT-2 (1.5B—0.1B) and OpenLLaMA?2 (7B—3B). Reported metrics are ROUGE-
L (R-L) and winning rate (WR) on DollyEval, SelfInst, VicunaEval, S-NI, and UnNI; Avg. denotes mean across benchmarks.
red indicates the student outperforms the teacher. Results are averaged over five random seeds. Best student results are in bold.

et al., 2024); for mathematical reasoning and code
generation, we use pass@ ] on the validation set as
the selection criterion.

Instruction-Following Experiments. We
use the databricks-dolly-15k dataset (Conover
et al., 2023), randomly partitioned into 12.5K train-
ing, 1K validation, and 0.5K test samples. In-
stances exceeding the model’s maximum context
length are filtered prior to training. Both teacher
models—Qwen2.5 (1.5B), GPT-2 (1.5B) and Open-
LLaMA?2 (7B)—are first fine-tuned on this dataset
before distillation.

Hyperparameter tuning is performed via grid
search over learning rates {5e-4, le-4, 5e-5} and
batch sizes {8, 16}, guided by validation perfor-
mance. All non-curriculum baselines—including
GKD (on-policy), KLD, RKL, JSD, TVD, SKL,
SRKL, ABKD, and TAID—are trained for 20
epochs.

For curriculum-based methods, KLD+POCL
(Liu and Zhang, 2025) follows a staged schedule:
25%, 50%, 75%, and 100% of the training data
are used for 8 epochs each, totaling 32 epochs.
However, the total number of training iterations
is matched to that of the 20-epoch baselines by
adjusting batch composition. DA-KD (He et al.,
2025) is trained for 20 epochs using a linear decay
schedule for data selection, resulting in 52.5% of
the total iterations of the standard baselines. Our

method, CPD, also trains for 20 epochs using the
proposed difficulty-calibrated curriculum. To en-
sure fair comparison, each epoch’s training subset
is duplicated (via simple repetition) to increase its
effective size, yielding a total iteration count equal
to 82.3% of the baseline runs.

For OpenLLaMA2, we apply Low-Rank Adapta-
tion (LoRA) (Hu et al., 2022), a parameter-efficient
fine-tuning approach. All linear layers in the Trans-
former’s self-attention and MLP modules are con-
figured as LoRA target modules.

Mathematical Reasoning Experiments. We
sample 20K training and 2K validation examples
from the MetaMathQA dataset (Yu et al., 2023). To
promote structured, step-by-step reasoning, each
prompt is prefixed with the instruction: “Please
reason step by step, and put your final answer
within \boxed{}.” following the chain-of-thought
prompting paradigm (Wei et al., 2022).

All non-curriculum baselines are trained for 4
epochs with a fixed learning rate of 5 x 1075,
KLD+POCL (Liu and Zhang, 2025) uses 8 epochs
under the same learning rate, with a staged curricu-
lum: 25%, 50%, 75%, and 100% of the training
data are each trained for 2 epochs. DA-KD (He
et al., 2025) is trained for 4 epochs with a fixed
learning rate of 5 x 10, where each epoch fol-
lows a linear decay schedule for data selection; to
ensure fair comparison, the epoch-specific train-
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GPT-2-1.5B (My) — GPT-2-0.1B (M)

KD Methods  DollyEval  SelfInst  VicunaEval S-NI UnNI Avg

SFT 23.33 10.01 14.72 16.38 19.57 16.80
GKD 24.67 11.48 15.66 23.81 2526  20.18
KLD 23.49 10.33 14.96 19.71 22,01 18.10
RKL 23.79 12.13 14.94 2381 2252 19.44
SKL 24.24 12.27 15.71 2333 24.02 1991
ABKD 25.63 13.35 16.05 26.44 29.12 22.12
KLD+POCL 24.87 11.56 16.13 21.59 2434 19.70
DA-KD 25.68 12.96 15.83 25.89 2854  21.78
CPD 26.08 13.34 16.75 27.32  30.02 22.70
GPT-2-1.5B (My) — GPT-2-0.3B (M)

SFT 25.25 13.34 16.17 2377 2727  21.16
GKD 24.51 14.26 16.86 26.05 29.05 22.15
KLD 24.75 12.84 16.14 24.00 2720  20.99
RKL 25.49 14.30 18.09 26.74  30.68  23.06
SKL 26.11 14.35 18.12 2748  31.87 23359
ABKD 27.02 15.14 19.21 29.24 3257  24.64
KLD+POCL 26.13 14.75 18.45 28.74 32,19  24.05
DA-KD 26.44 15.03 18.67 29.08 32.86 24.42
CPD 27.32 15.87 19.53 29.59  33.04 25.07
GPT-2-1.5B (M) — GPT-2-0.8B (M)

SFT 25.19 13.40 16.10 23.89 2682  21.08
GKD 25.52 14.25 16.82 27.50 3048 2291
KLD 26.51 13.99 17.07 2648  30.12  22.83
RKL 26.45 15.23 18.29 29.81 33.80 24.72
SKL 27.61 15.36 18.28 3091 3459 2535
ABKD 28.72 15.95 18.35 3153 3534 2598
KLD+POCL 28.03 15.48 18.15 31.14 34.87 25.53
DA-KD 28.61 15.78 18.42 31.38  35.14  25.87
CPD 29.03 16.14 18.58 31.67 3541  26.17

Table 7: Performance (ROUGE-L) of GPT-2 distillation across five instruction-following evaluation datasets under
varying teacher-student capacity gaps. The teacher is GPT-2-1.5B, distilled to students of sizes 0.1B, 0.3B, and
0.8B. DA-KD results are included for comparison. Avg. shows the average score across all five datasets.

ing subset is duplicated (via simple repetition) to
double its effective size. Similarly, CPD is trained
for 4 epochs with the same learning rate, using the
proposed difficulty-calibrated curriculum schedule,
and also doubles each epoch’s subset via repetition
to align iteration counts with baselines.

Across all configurations, we maximize the per-
GPU batch size within memory limits and em-
ploy gradient accumulation to maintain an effec-
tive batch size of 128. LoRA (Hu et al., 2022)
is applied with identical target modules as in the
instruction-following experiments (i.e., all linear
layers in self-attention and MLP subnetworks).

Code Generation Experiments. We select
20K training and 2K validation samples from
the Evol-Instruct-Code-80k-v1 dataset (Luo
et al., 2023). The training protocol mirrors that
of the mathematical reasoning experiments: non-
curriculum baselines train for 4 epochs at a fixed
learning rate of 5 x 10~°; KLD+POCL uses 8
epochs with staged data exposure (2 epochs per
curriculum stage); DA-KD trains for 4 epochs with
linear decay-based data scheduling and subset du-
plication; and CPD trains for 4 epochs using its
difficulty-calibrated curriculum with the same du-
plication strategy for fair iteration matching.

Gradient accumulation is again used to achieve
an effective batch size of 128 across four A100

GPUs. LoRA (Hu et al., 2022) is consistently ap-
plied to all linear layers in the self-attention and
MLP components to ensure parameter efficiency
and training stability.

A.4.4 Evaluation Details

All evaluations are performed on a single NVIDIA
A100 80GB GPU, following established protocols
from prior literature: we adopt the evaluation setup
of Gu et al. (2023) for instruction-following, that
of Yang et al. (2024b) for mathematical reasoning,
and the methodology of Hui et al. (2024) for code
generation.

Instruction-Following Experiments. To ensure
consistent and unbiased inference, we apply a fixed
prompt template (Fig. 5) uniformly across all mod-
els. Responses are generated with a temperature
of 1.0 and a maximum output length of 512 tokens.
To reduce stochastic variability and improve result
reliability, we generate five independent responses
per input using distinct random seeds ({10, 20, 30,
40, 50}) and report metrics averaged over these
replicates.

For LLM-as-a-Judge evaluation (Zheng et al.,
2023), we employ the pairwise comparison prompt
shown in Fig. 6, configured with a temperature of
0.7. Within the GPT-2 family, student outputs are
compared against those of the vanilla GPT-2 (1.5B)
teacher; for the OpenLLaMA?2 family, comparisons
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GPT-2-1.5B (My) Qwen2.5-Math-7B-Inst (M)
— GPT-2-0.1B (M) —s Qwen2.5-Math-1.5B (M)
DollyEval ~ SelfInst  VicunaEval S-NI UnNI GSMSK MATH
KD Methods Rouge-L Rouge-L Rouge-L Rouge-L ~ Rouge-L pass@] pass@]
CPD (CE-LOSS) 26.08 13.34 16.75 27.32 30.02 48.5 64.4
CPD (ROUGE-L) 26.04 13.15 16.64 26.83 29.75 46.2 62.1
CPD (DDS) 26.14 13.31 16.46 27.18 29.96 48.1 64.6
CPD (SE) 25.31 11.85 14.79 25.42 26.96 46.5 62.9

Table 8: Ablation on difficulty metrics for Difficulty Profile construction. CE-LOSS = cross-entropy loss; DDS =
distillation difficulty score; SE = sentence-level entropy. Avg. denotes mean performance across five instruction-

following benchmarks (ROUGE-L) and two math reasoning benchmarks (pass@1).

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

### Instruction:
{instruction}

### Input:
{input}

### Response:

Figure 5: Prompt template used in instruction-following
experiments, adapted from (Gu et al., 2023)

are made relative to the vanilla OpenLLaMA?2 (7B)
teacher.

### System:

Please act as an impartial judge and evaluate the quality of
the responses provided by two AI assistants to the user
question displayed below. You should choose the assistant
that follows the user’s instructions and answers the user’s
question better. Your evaluation should consider factors such
as the helpfulness, relevance, accuracy, depth, creativity,
and level of detail of their responses. Begin your evaluation
by comparing the two responses and provide a short
explanation. Avoid any position biases and ensure that the
order in which the responses were presented does not
influence your decision. Do not allow the length of the
responses to influence your evaluation. Do not favor certain
names of the assistants. Be as objective as possible. After
providing your explanation, output your final verdict by
strictly following this format: ”[[A]]” if assistant A is
better, ”[[B]]” if assistant B is better, and ”[[C]]” for

a tie.

### User Question:
{question}

[The Start of Assistant A’s Answer]
{answer a}
[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]
{answer b}
[The End of Assistant B’s Answer]

Figure 6: Pairwise comparison prompt used in LLM-as-a-
Judge evaluation, adapted from (Zheng et al., 2023)

Mathematical Reasoning & Code Generation
Experiments. We use task-specific prompt tem-
plates during inference: Fig. 7 for mathematical rea-
soning and Fig. 8 for code generation. Following
Yang et al. (2024b), we employ an 8-shot prompt
for GSM8K and a 4-shot prompt for MATH to elicit
chain-of-thought reasoning, with all in-context ex-
amples drawn from their work. Generation is per-
formed using greedy decoding with a maximum
output length of 1024 tokens to accommodate ex-
tended reasoning traces. For code generation, we
evaluate model outputs using the EvalPlus frame-
work (Liu et al., 2023), which extends standard test

suites with additional hidden test cases to enable
more robust correctness assessment.

<8 examples> # for GSM8K
<4 examples> # for MATH

### Problem:

{instruction}

Please reason step by step, and put your final answer within
\boxed{}.

### Solution:

Figure 7: Prompt template used in mathematical reasoning
experiments, adapted from (Yang et al., 2024b)

Please provide a self-contained Python script that solves the
following problem in a markdown code block

### Problem:
{instruction}

### Response:
Below is a Python script with a self-contained function that
solves the problem and passes corresponding tests:

Figure 8: Prompt template used in code generation experi-
ments, adapted from (Hui et al., 2024)

A.4.5 Baseline Description

This section details the knowledge distillation (KD)
loss functions included in our comparative study.
Each baseline quantifies the discrepancy between
the teacher’s output distribution p and the student’s
distribution gy using a distinct statistical divergence.
To ensure a comprehensive and representative eval-
uation, we include both classical and recently pro-
posed divergence-based objectives from the distil-
lation literature.

The Kullback-Leibler Divergence (KLD) (Hin-
ton et al., 2015), a standard choice in KD, is defined
as:

p(y)

Dxin(p |l go) = Eynp {bg molk (14)

where the expectation is taken over tokens sampled
from the teacher distribution p. This objective en-
courages the student to assign high probability to
outputs deemed likely by the teacher.

The Reverse KL Divergence (RKL) swaps the
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GPT-2-1.5B (M¢y) Qwen2.5-Math-7B-Inst (M)
— GPT-2-0.1B (M) — Qwen2.5-Math-1.5B (M)
DollyEval SelfInst VicunaEval S-NI UnNI GSMSK MATH
KD Methods Rouge-L Rouge-L Rouge-L Rouge-L ~ Rouge-L pass@] pass@]
CPD (DCS) 26.08 13.34 16.75 27.32 30.02 485 64.4
CPD (BSS) 25.75 12.89 1591 26.50 28.40 479 63.5
CPD (LS) 24.35 12.15 14.98 26.18 27.88 46.6 62.1
CPD (CS) 25.26 12.37 15.67 26.58 28.36 48.2 63.8

Table 9: Ablation on curriculum scheduling strategies. DCS = Difficulty-Calibrated Scheduling (proposed); BSS
= baby-step scheduling (Liu and Zhang, 2025); LS = linear growth; CS = cosine growth (He et al., 2025). Avg.
denotes mean performance across five instruction-following benchmarks (ROUGE-L) and two math reasoning

benchmarks (pass@1).

roles of the distributions:

qe(y)} . (15)

p(y)
Unlike KLD, RKL places greater emphasis on
aligning the student’s high-probability regions with
those of the teacher and has been shown to improve
training stability in certain distillation regimes.

The Jensen—Shannon Divergence (JSD) (Agar-
wal et al., 2024) offers a symmetric and smoothed
alternative:

Drx1(qo || p) = Ey~p {bg

1
Djsp(p,qs) = sEy~p %} +§Ey~qe |:10g

; {log Hy) qe(y)} ,

m(y)
(16)

where m(y) = 3p(y) + 3o (y) is the average (mid-
point) distribution. JSD promotes bidirectional
alignment and is less sensitive to distributional mis-
matches than asymmetric divergences.

The Total Variation Distance (TVD) (Wen et al.,
2023) measures the /1 difference between the two
distributions:

Drvo(p,a0) = 3 3 lpl) ~ o). (D)

Bounded in [0, 1], TVD provides intuitive inter-
pretability and robustness to outliers, though it
yields zero gradients in regions where the supports
of p and gy do not overlap.

Skewed KL (SKL) and Skewed Reverse KL
(SRKL) (Ko et al., 2024) introduce interpolation
in the reference distribution to mitigate extreme
gradients:

Dskw(p || g0) = Dxvo (p || Bp+ (1 = B)ae)

Dsrkwr(ge || p) = Dxup (g0 || (1 = B)p + Bas) ,
where 8 € [0, 1] controls the mixing weight. These
variants enhance training stability by smoothing
the target distribution.

Adaptive Beta Knowledge Distillation (ABKD)
(Wang et al., 2025) defines a generalized diver-
gence based on power means:

18)
19)

Dasxo(p || g0) =
— 5 E [P @ (R) = 285m0 = 5 (k)7 ]
(20)

where p = [p(/{:)}kczl and gy [qg(k:)]g:1 are

discrete distributions over C classes, and «, 8 > 0
are tunable parameters.

Time-Adaptive Interpolated Distillation (TAID)
(Shing et al., 2025) employs a dynamic interpola-
tion between teacher and student logits:

Dram(p || ¢6) = Dxup (pe || go) @n
where p; = softmax ((1 —¢) - 2% + ¢ - 2'), with 2°
and 2! denoting student and teacher logits, respec-
tively, and t € [0, 1] is a time-dependent mixing
coefficient that evolves during training.

Finally, the Bidirectional Discrepancy Loss
(BDL) from DA-KD (He et al., 2025) is formu-
lated as:

Depr(p || g6) =

Diio (1= Np+Ago [ Ap+ (1= Ngo), 2

where A € [0, 1] balances the contribution of the
teacher and student distributions in the mixed ref-
erence and target. This symmetric construction
encourages mutual consistency between the two
models.

A.5 Additional Experimental Results

This section presents supplementary empirical re-
sults that further substantiate the effectiveness and
robustness of the CPD framework.

Tab. 6 reports performance metrics for GPT-2
and OpenLLaMA? as the student model, including
ROUGE-L scores and pairwise winning rates aver-
aged over five random seeds. These results confirm
that CPD consistently outperforms baseline distilla-
tion methods and generalizes well across different
large language model architectures.

Tab. 7 reports performance (ROUGE-L) of GPT-
2 distillation across five instruction-following eval-
uation datasets under varying teacher-student ca-
pacity gaps.

Tab. 8 presents an ablation study analyzing the
influence of alternative difficulty metrics—used to
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GPT-2-1.5B (M¢y) Qwen2.5-Math-7B-Inst (M)
— GPT-2-0.1B (M) — Qwen2.5-Math-1.5B (M)
DollyEval SelfInst VicunaEval S-NI UnNI GSMSK MATH
KD Methods Rouge-L Rouge-L Rouge-L Rouge-L.  Rouge-L pass@] pass@]
CPD (linear) 26.08 13.34 16.75 27.32 30.02 48.5 64.4
CPD (fix) 25.31 12.73 15.70 26.52 27.85 46.1 62.3
CPD (adaptive) 26.11 13.32 16.82 27.34 29.82 48.6 64.5

Table 10: Ablation on mixture ratio scheduling: linear (proposed), fixed (Ko et al., 2024), and adaptive (Shing et al.,
2025). Avg. denotes mean performance across five instruction-following benchmarks (ROUGE-L) and two math

reasoning benchmarks (pass@1).

construct the instance-level difficulty profile—on
CPD’s downstream performance. This highlights
the sensitivity of the framework to the choice of
difficulty estimator and motivates our design deci-
sions.

Tab. 9 investigates the impact of differ-
ent calibrated curriculum scheduling strate-
gies—governing how the training subset evolves
across epochs—on distillation outcomes, demon-
strating the importance of aligning curriculum pro-
gression with empirical difficulty.

Tab. 10 examines the effect of various dynamic
mixing strategies for the target distribution on
CPD’s performance, underscoring the benefit of
co-designing mixing dynamics with the curriculum
schedule.

A.6 Related Work

White-Box Knowledge Distillation for LLMs.
White-box knowledge distillation for large lan-
guage models leverages access to the teacher’s in-
ternal logits or soft probability distributions, en-
abling richer supervision than black-box alterna-
tives (Yang et al., 2024c). A major line of re-
search in this setting focuses on designing ef-
fective divergence measures for the distillation
loss. While Kullback-Leibler divergence (KLD)
remains widely used (Hinton et al., 2015), its asym-
metry can lead to mode-averaging effects that com-
promise distillation fidelity (Gu et al., 2023). To
mitigate this, recent works have explored alter-
natives such as reverse KLD (RKL) (Gu et al.,
2023), Jensen—Shannon divergence (JSD) (Agar-
wal et al., 2024), skewed variants (SKL and SRKL)
(Ko et al., 2024), a-B-divergence (ABKD) (Wang
et al., 2025), and task-aware interpolated diver-
gence (TAID) (Shing et al., 2025). Despite promis-
ing results in specific scenarios, these loss-centric
approaches often exhibit inconsistent performance
across tasks and datasets (Agarwal et al., 2024;
Ko et al., 2024), highlighting the need for com-
plementary strategies that go beyond the choice of
divergence.

Curriculum Learning in Knowledge Distilla-
tion. Curriculum learning (CL) has been investi-
gated to structure the sequencing of training sam-
ples, though its application has been predominantly
explored in computer vision (Xiang et al., 2020;
Li et al., 2023) with limited adoption in NLP (Zhu
et al., 2021). Recent KD-specific CL approaches
include MPDistil (Sengupta et al., 2023), which
uses reinforcement learning for curriculum schedul-
ing; Confucius (Gao et al., 2024), tailored for tool-
augmented learning via black-box KD; POCL (Liu
and Zhang, 2025), a plug-and-play framework in-
spired by progressive overload; and DA-KD (He
et al., 2025), which dynamically adjusts the train-
ing set based on sample difficulty. Nevertheless,
these methods typically treat curriculum design
in isolation and fail to jointly model the interplay
among instance difficulty, target fidelity, and the
student’s evolving capacity—a gap that CPD ex-
plicitly addresses in the white-box KD setting.
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