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Knowledge Distillation (KD) is a key technique for compressing Large-scale Language Models (LLMs),
yet prevailing logit-based methods typically employ static strategies that are misaligned with the dynamic
learning process of student models. These methods typically treat all tokens indiscriminately and apply
a single, fixed temperature, resulting in suboptimal knowledge transfer. To address these limitations, we
propose LLM-oriented token-Adaptive Knowledge Distillation (AdaKD), a novel framework that adapts
the distillation process to the real-time learning state of each token. AdaKD consists of two synergistic
modules driven by a unified token difficulty metric. First, our Loss-driven Adaptive Token Focusing (LATF)
module dynamically adjusts the distillation focus by monitoring the student’s learning stability, concentrating
computational resources on the most valuable tokens at each training phase. Second, we introduce Inverse
Difficulty Temperature Scaling (IDTS), a counterintuitive yet effective token-level temperature strategy. It
employs low temperatures for difficult tokens for targeted error correction, and high temperatures for easy
tokens to encourage the student to learn from the teacher’s complete and smooth output distribution, thereby
enhancing generalization. As a plug-and-play framework, AdaKD can consistently improve the performance
of various distillation methods on multiple model architectures and benchmarks.
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1 Introduction

Large Language Models (LLMs) have made significant advancements in recent years. They perform excellently on
many natural language processing tasks, such as text generation, comprehension, and reasoning [1, 2, 3]. This success
is mainly due to their extensive parameter sizes and the pre-training they undergo on vast amounts of data [4]. However,
this powerful capability comes at the cost of enormous computational and storage resources. These requirements create
significant barriers to deployment on edge devices in low-latency scenarios and to achieving widespread accessibility,
limiting the practical reach of LLMs [5, 6, 7].

To solve above challenges, Knowledge Distillation (KD) has emerged as a promising solution for model compression
and acceleration. Our work focuses on logit-based distillation, a prevalent white-box approach that directly transfers
knowledge by matching the output distributions of the teacher and student models. While conceptually simple and
effective, we argue that current logit-based methods still face two key limitations in adapting to the dynamic learning
process of the student model:

1) Indiscriminate token treatment. Most methods treat all tokens indiscriminately, applying a uniform distillation
objective across the entire sequence. This lack of differentiation is misaligned with the student’s real-time learning
progress, resulting in suboptimal knowledge transfer and potentially introducing noise from tokens that are already
well-mastered.

To better understand the consequences of this uniform treatment, we first investigate the learning dynamics of an
instruction-following task at the token level (Fig. 1). As shown in the Fig. 1a, the difficulty of tokens for the student
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现有基于 logit 的方法通常采用静态策略，与学生模型的动态学习过程并不匹配

这些方法通常对所有 token 一视同仁，并使用单一固定温度，从而导致知识迁移效果不佳

这是一种能够根据每个 token 的实时学习状态自适应调整蒸馏过程的新框架

AdaKD 由两个由统一 token 难度度量驱动的协同模块组成

我们提出损失驱动的自适应 token 聚焦（LATF）模块

该模块通过监控学生模型的学习稳定性，动态调整蒸馏关注重点，在训练的各个阶段将计算资源集中于最具价值的 token

这是一种反直觉但高效的 token 级温度策略

该策略对困难 token 采用低温以实现针对性的误差修正

对简单 token 采用高温以鼓励学生从教师模型完整且平滑的输出分布中学习，从而提升泛化能力

这一成功主要归因于其庞大的参数规模以及在海量数据上进行的预训练

这种强大的能力也伴随着巨大的计算和存储资源开销

这些需求在低延迟场景下为在边缘设备上的部署以及实现广泛可及性带来了显著障碍，从而限制了 LLM 的实际应用范围

是一种常见的白盒蒸馏方式，通过匹配教师模型与学生模型的输出分布来直接传递知识

大多数方法对所有 token 采取统一处理，在整个序列上应用相同的蒸馏目标

这种缺乏区分的策略与学生模型的实时学习进展不匹配，导致知识迁移效果不佳，并可能从已充分掌握的 token 中引入噪声

为了更好地理解这种统一处理方式的影响，我们首先在 token 层面研究了指令跟随任务中的学习动态
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(a) Token Difficulty Across Training Stages

Figure 1. Analysis of token difficulty and gradient dynamics. Tokens are grouped into Hard, Mid, and Easy based on difficulty
(Hellinger distance). (a) Evolution of token difficulty across training stages. (b) Cosine similarity of each token group’s gradient
with the SFT gradient. (c) Each group’s gradient norm percentage and its cosine similarity with the total batch gradient.

model is not static but evolves throughout the training process. Some tokens are persistently challenging (e.g., the token
2007, highlighted in the red box), requiring continuous focus. Others see their difficulty change dynamically (e.g., Le
and Bron, in the orange box), while many "easy" tokens are quickly mastered in the early training stages (e.g., NBA and
in, in the green box). This complex dynamic suggests that a static approach is suboptimal and motivates a token-wise,
adaptive strategy.

Furthermore, we question the utility of continuing to train on "easy" tokens. We categorize tokens into "hard", "mid",
and "easy" groups based on their difficulty and analyze their gradients. As shown in Fig. 1c, easy tokens contribute
negligibly to the parameter update, with their gradient magnitude being very small and their direction being nearly
orthogonal to the overall batch gradient. More critically, Fig. 1b reveals that the gradients of these easy tokens are
unstable and poorly aligned with the supervised fine-tuning (SFT) direction, sometimes even moving in the opposite
direction (negative cosine similarity). This evidence suggests that easy tokens provide limited learning value post-initial
learning and may hinder knowledge transfer efficiency and stability via small, unstable gradients introducing conflicting
signals.

To address above two limitations, we propose a novel Token-Adaptive Knowledge Distillation (AdaKD) framework,
which introduces a unified token difficulty metric driving two adaptive modules: 1) Loss-driven Adaptive Token
Focusing (LATF) module dynamically selects the most valuable tokens for training at each stage, 2) while the Inverse
Difficulty Temperature Scaling (IDTS) module taps temperature scaling’s potential by assigning individual temperatures
to tokens according to their learning difficulty.

In summary, our contributions are threefold.

• We introduce a novel adaptive token selection mechanism that improves distillation efficiency by dynamically
adjusting its focus based on the student model’s learning stability.

• A novel token-level temperature scaling strategy that inversely correlates temperature with token difficulty to
achieve both targeted error correction and enhanced generalization.

• Extensive empirical validation of AdaKD as a versatile and plug-and-play enhancement that consistently improves
a variety of distillation baselines and architectures.

2 Related Work
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对于学生模型而言，token 的难度并非静态，而是在整个训练过程中不断演化

Highlight

一些 token 持续具有挑战性

另一些 token 的难度动态变化

而许多“简单”token 则在训练早期就被快速掌握

这种复杂的动态特性表明静态策略并非最优，并推动我们采用 token 级别的自适应策略

我们还质疑持续训练“简单”token 的价值

我们根据难度将 token 分为“困难”“中等”和“简单”三类，并分析其梯度

简单 token 对参数更新的贡献可以忽略不计，其梯度幅值非常小，且方向几乎与整体 batch 梯度正交

图 1b 显示这些简单 token 的梯度不稳定，并且与监督微调（SFT）方向对齐较差，有时甚至朝相反方向移动（余弦相似度为负）

简单 token 提供的学习价值有限，并可能通过小且不稳定的梯度引入冲突信号，从而阻碍知识迁移的效率与稳定性。
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损失驱动的自适应 token 聚焦模块，在每个训练阶段动态选择最有价值的 token

反向难度温度缩放模块，通过根据 token 的学习难度为其分配独立温度，充分发挥温度缩放的潜力
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2.1 Knowledge Distillation for LLMs.

Knowledge Distillation (KD) transfers knowledge from a large teacher to a smaller student. Methods are broadly divided
into black-box and white-box distillation. Black-box approaches [8, 9, 10] use only the teacher’s final outputs, making
them suitable for closed-source models [1, 11, 12] with less practical utility. Our work is in white-box distillation, which
accesses teacher internals. Within this setting, feature-based distillation aligns intermediate hidden states, but this often
requires complex, architecture-specific layer matching [13, 14, 15]. Logit-based distillation, in contrast, offers a simpler
approach by matching the final output distributions using a divergence measure. Beyond the foundational Forward KL
Divergence (FKD)[16] and Reverse KL Divergence (RKD)[17], much recent work has focused on developing more
advanced objective functions [18, 19, 20]. Our approach is a plug-and-play framework that can be flexibly combined
with these different objective functions.

2.2 Selective Token Distillation.

Traditional KD treats all tokens equally, though not all tokens are equally informative [21]. Consequently, many
selective strategies have been proposed. One major direction is to focus the distillation loss on a subset of "important"
tokens, identified based on metrics like difficulty or contribution to the teacher’s prediction. For example, Selective
Knowledge Distillation [22] uses a fixed ratio of tokens selected via a cross-entropy metric, which ignores the teacher’s
full distribution. A more advanced approach, AdaDS [23], dynamically adapts the difficulty metric (e.g., cross-entropy,
confidence) using a lightweight RL selector. However, this strategy still relies on a pre-defined, fixed data selection
ratio. Another line of work operates at the vocabulary level, for instance by preserving the relative order of top
predictions [24, 25] or distilling only the top-k logits for efficiency [26, 27]. A common limitation in these approaches
is the reliance on static or scheduled criteria. In contrast, our framework’s LATF module dynamically adapts the token
selection ratio itself based on the evolving training loss, avoiding the static criteria of prior work.

2.3 Adaptive Temperature Scaling.

The distillation temperature is a key hyperparameter that modulates knowledge transfer by smoothing logits. Most
methods employ a fixed temperature, which struggles to adapt to the student’s evolving learning state. Consequently,
dynamic temperature scaling has been well-explored, particularly in computer vision. Some strategies involve using
different temperatures to normalize teacher and student logits [28, 29], while others adopt curriculum-based approaches
that adjust the temperature to create an easy-to-difficult learning path [30]. However, such adaptive strategies are less
common in LLM distillation. A representative work is Annealing KD [31], which lowers the temperature according to
a predefined schedule. Such scheduled approaches are not adaptive to the model’s real-time needs. Closer to our work
in spirit, methods such as ATD [32] and Mkdat [33] also adapt temperature according to the hardness of the sample.
They typically rely on the cross-entropy loss to judge hardness and then use distinct functions to map this score to a
temperature value. In contrast, our novel token-level IDTS module derives temperatures from a direct teacher-student
discrepancy via a unique inverse scaling strategy.

3 Methodology

3.1 Preliminary of Knowledge Distillation in LLM

Inference in Large Language Models (LLMs) is a sequential vocabulary classification task. Given a pair of prompt
and target response, denoted as (x, y), where y = (y1, . . . , yL) is the target output sequence of length L, LLMs aim to

3

蒸馏温度是一个关键的超参数，它通过平滑 logits 来调节知识迁移过程。大多数方法采用固定温度

一些策略通过为教师模型和学生模型的 logits 使用不同温度来进行归一化处理

而另一些方法则采用基于课程学习的策略，通过调整温度构建由易到难的学习路径

我们提出的 token 级 IDTS 模块通过一种独特的反向缩放策略，基于教师与学生之间的直接差异来推导温度，从而实现更细粒度且更有效的温度自适应机制
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predict the conditional probability distribution p(·|x, y<i) over the vocabulary V for each token yi ∼ p(·|x, y<i). KD
minimizes the difference between the distributions predicted by the teacher p and the student qθ (parameterized by θ).
These distributions are obtained by applying a softmax function to the model output logits z, scaled by a distillation
temperature τ: P(·|x, y<i; τ) = softmax(zP(·|x, y<i)/τ), where P ∈ {p, qθ}. The distillation loss is typically the
average of token-level divergences computed using these temperature-scaled distributions, for each token yi in the
ground-truth response y. Thus, the classic FKD distillation loss [16] is defined as:

LFKD =
1
L

L

∑
i=1

DKL(p(·|x, y<i; τ) ∥ qθ(·|x, y<i; τ)). (1)

The KL divergence is computed over the vocabulary V . Notably, the inclusion of temperature τ in the softmax function
leads to a τ2 scaling factor in the final loss computation:

DKL(p ∥ qθ) = τ2 ∑
yi∈V

p(yi|x, y<i; τ) log
p(yi|x, y<i; τ)

qθ(yi|x, y<i; τ)
. (2)

Conversely, RKD loss [17] swaps the order of the distributions in the KL divergence, focusing on matching the modes
of the teacher’s distribution. These divergence measures form the basis of the distillation loss.

3.2 AdaKD: Token-Adaptive Knowledge Distillation

Building upon the insights from our analysis of token-level learning dynamics (Fig. 1), we introduce Token-Adaptive
Knowledge Distillation (AdaKD). Instead of a static approach, AdaKD is designed to dynamically tailor the distillation
process—both its focus and intensity—to the real-time learning difficulty of each individual token. A detailed
comparison of our framework with other relative methods is deferred to the appendix.

The entire AdaKD procedure is described in Fig. 2. Our framework is driven by two synergistic modules: Loss-driven
Adaptive Token Focusing (LATF), which selects the most valuable tokens for training at each phase, and Inverse
Difficulty Temperature Scaling (IDTS), which assigns a tailored temperature to each selected token. The foundation for
both modules is a robust token difficulty indicator, which we will describe first.

3.3 Choice of Difficulty Indicator

The effectiveness of AdaKD depends on a metric that accurately quantifies token-level learning difficulty. We define
this difficulty using the Hellinger distance [34], which measures the divergence between the teacher’s and student’s
output probability distributions. For the i-th output token yi, its difficulty score si is calculated as:

si =
1√
2

√√√√ ∑
yi∈V

(√
p(yi|x, y<i)−

√
qθ(yi|x, y<i)

)2
. (3)

The resulting score si is bounded within the range of [0, 1]. This indicator is chosen for its advantageous properties. First,
its symmetry provides an unbiased measure of discrepancy, avoiding the inherent mode- or mean-seeking tendencies of
asymmetric metrics like FKD and RKD. Second, its square-root operation compares the entire output distributions and
is particularly sensitive to disagreements on low-probability candidates, thus providing a more comprehensive difficulty
signal that captures subtle deviations in the student’s replication of the teacher’s full output distribution. This difficulty
indicator s = (s1, . . . , sL) then serves as the sole driving signal to synergistically guide the following two innovative
modules that we designed.

4

这些分布通过对模型输出的 logits 𝑧 应用 softmax 函数得到，并由蒸馏温度 𝜏 进行缩放

蒸馏损失通常是基于这些温度缩放分布计算的 token 级散度在整个序列上的平均值
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KL 散度在词表 𝑉 上进行计算

交换了 KL 散度中两个分布的顺序，更侧重于匹配教师分布的众数

AdaKD 旨在根据每个 token 的实时学习难度，动态地调整蒸馏过程——包括其关注重点和强度

AdaKD 的有效性依赖于一个能够准确量化 token 级学习难度的度量

它用于衡量教师模型与学生模型输出概率分布之间的差异

其对称性提供了一种无偏差的差异度量，避免了如 FKD 和 RKD 等非对称度量固有的“模式偏向”或“均值偏向”倾向

并且对低概率候选项之间的不一致尤为敏感，因此能够提供更加全面的难度信号

从而捕捉学生模型在复现教师完整输出分布时的细微偏差
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So much 
to learn.

Concept is 
clear.

"2007" : 1.00 "James":0.23

Hard Token Mid Token
Difficulty
Indicator

"NBA":0.01

Easy Token Remove
(1 – r)%

Just learn
this one !

See the 
connections !

Low Temp High Temp

Loss

Sample
Ratio r

Update

Figure 2. Illustration of the AdaKD framework. The bar charts
visualize simplified teacher (blue) and student (purple) probabil-
ity distributions. The top charts depict the initial learning gaps
for "hard" and "mid-difficulty" tokens. After the LATF module
filters tokens based on difficulty calculated via indicator, the IDTS
module (bottom) applies low temperature to hard tokens for a
sharp, corrective signal, and high temperature to easier tokens for
a smoother distribution that enhances generalization.

Algorithm 1 Training Procedure of AdaKD.

1: Input: Teacher p, student qθ0 , dataset D, total
iterations T, temperature scale c, EMA decay rate
β, tolerance ϵ, step size δ, warm-up steps Twarmup

2: Output: Trained student model qθT .
3: Initialize t = 1, sample ratio r0 = 1.0, compute

initial loss L̄0 with qθ0 , Lref = ∞.
4: while t < T do
5: Sample batch (x, y) ∼ D; Compute logits

zp, zqθt
6: Compute per-token difficulty scores s using Eq.

3
7: Update focusing ratio rt using Eq. 7
8: if t > Twarmup and rt ̸= rt−1 then
9: Lref ← L̄t−1.

10: end if
11: Compute per-token temperatures τ using Eq. 10
12: p← softmax(zp/τ)
13: qθ ← softmax(zqθt

/τ).
14: Compute LAdaKD using Eq. 4
15: Update θ : θt ← θt−1 − η · ∇θtLAdaKD
16: L̄t = β · L̄t−1 + (1− β) · LAdaKD
17: t← t + 1
18: end while

3.4 Loss-driven Adaptive Token Focusing (LATF)

The gradient analysis in Fig. 1b and Fig. 1c reveals that training on "easy" tokens becomes inefficient and potentially
unstable as training progresses. This strongly suggests that selectively focusing the distillation loss on a more valuable
subset of tokens is beneficial. We implement this by applying the loss only to the top-r% of tokens with the highest
difficulty scores:

Ldistill =
1

L ∗ r%

L

∑
i=1

Ir%(yi) · DKL(qθ ∥ p), (4)

where L ∗ r% is the number of tokens that fall within the top-r% of the difficulty metric. The indicator function Ir%(yi)
is defined as:

Ir%(yi) =

{
1 if si ranks in the top r% of s
0 otherwise

. (5)

However, using a fixed sample ratio r is suboptimal. A static ratio cannot adapt to the model’s changing learning
state. To address this, we introduce LATF to adjust the focusing ratio rt dynamically. LATF operates via a simple
feedback loop that monitors learning stability through the distillation loss. To obtain a stable signal, we first compute
the exponential moving average (EMA) of the loss, denoted as L̄t:

L̄t = β · L̄t−1 + (1− β) · Ldistill,t, (6)

where β is the decay rate of EMA and L̄0 is the distillation loss when the student model is untrained. After an warm-up
phase (where rt = 1.0), we set a loss reference point Lref, which is initialized with the current EMA loss L̄t. At
each subsequent training step, LATF dynamically adjusts rt by comparing the latest L̄t to Lref within a tolerance ϵ.
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随着训练的进行，在“容易”token 上训练会变得低效且可能不稳定

这强烈表明，将蒸馏损失选择性地集中在更有价值的一部分 token 上是有益的

我们通过仅对难度得分最高的前 𝑟% token 应用损失来实现这一点

指示函数

使用固定的采样比例 𝑟 并非最优。静态比例无法适应模型不断变化的学习状态

通过一个简单的反馈回路运行，该回路通过蒸馏损失来监控学习稳定性

为学生模型尚未训练时的蒸馏损失

Highlight

损失参考点
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Highlight



AdaKD

Specifically, the update rules be described as:

rt =


rt−1 · (1− δ) if L̄t−1 < Lref · (1− ϵ)

min(1.0, rt−1 · (1 + δ)) if L̄t−1 > Lref · (1 + ϵ)

rt−1 otherwise,
(7)

where δ is a small step size that controls the magnitude of adjustment. This rule creates an intuitive feedback loop. We
decrease the selection ratio rt to focus on more challenging tokens when the learning state is stable (L̄t drops below the
lower bound). Conversely, we increase rt to incorporate simpler tokens for stabilization when the model struggles. The
ratio remains unchanged within the tolerance zone to prevent over-reaction to normal training oscillations. After any
adjustment to rt, the reference point Lref is reset to the current L̄t, keeping the performance baseline adaptive.

3.5 Inverse Difficulty Temperature Scaling (IDTS)

Once LATF selects the tokens, IDTS determines the optimal temperature for distilling each one. Contrary to the
conventional approach of using a high temperature to soften the teacher’s distribution [31], we propose an inverse
strategy: applying low temperatures to difficult tokens and high temperatures to easier ones.

Consider the information entropy [35] of a probability distribution p = (p1, · · · , pV ), defined as H(p) = −∑i pi ln(pi),
which quantifies the uncertainty of the distribution. The relationship between entropy and temperature can be precisely
described by the derivative:

dH/dτ = Varp(τ)(z)/τ3, (8)

where Varp(τ)(z) denotes the variance of logit z under the distribution p generated with temperature τ. As variance is
non-negative and τ > 0, the derivative in Equation (8) is always non-negative, indicating that entropy is a monotonically
increasing function of temperature.

Our IDTS module leverages this mathematical principle. For difficult tokens (high si), a low τi reduces the entropy,
simplifying the learning objective into a sharp, corrective signal that focuses the student on matching the teacher’s
single best prediction. For easy tokens (low si), a high τi increases entropy, changing the objective to be more extractive
. This encourages the student to learn the broader shape of the teacher’s distribution, thereby enhancing generalization.

The implementation begins by converting the raw difficulty score si into a normalized learning state ŝi ∈ [−1, 1]. This
process is designed for robustness and stability: we first compute the ratio of si to the batch median, chosen for its
robustness to outliers. We then apply a log function to compress the long-tail distribution of these ratios, followed by a
tanh function to smoothly map the result into the bounded range:

ŝi = tanh (log (si/median(s))) . (9)

Subsequently, this learning state ŝi dynamically modulates a base temperature τbase via an exponential function:

τi = τbase · exp(−c · ŝi.detach()). (10)

Here, the negative sign enacts our inverse difficulty principle, with the hyperparameter c controlling the modulation
intensity. We chose this multiplicative approach because it makes the scaling effect robust to the specific value of τbase
and naturally constrains the final temperature τi to the predictable range of [τbase · e−c, τbase · ec]. The entire calculation
is detached from the computation graph, treating the resulting temperatures as fixed supervisory signals. The full
AdaKD procedure, combining LATF and IDTS, is detailed in Algorithm 1.
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一个较小的步长，用于控制调整幅度

当学习状态稳定时（𝐿ˉ𝑡下降至下界以下），我们降低选择比例 𝑟𝑡，以聚焦于更具挑战性的 token

当模型学习遇到困难时，我们增大

在容差区间内，比例保持不变，以避免对正常训练波动的过度反应

Highlight

重置

在 LATF 选择出需要关注的 token 后，IDTS 会为每个 token 确定蒸馏的最优温度

对困难 token 使用低温度，对容易 token 使用高温度

熵是温度的单调递增函数

对于困难 token（高 𝑠𝑖），较低的 𝜏𝑖 会降低熵

将学习目标简化为一个更尖锐、更具纠正性的信号，使学生模型专注于匹配教师的单一最佳预测

使目标更具吸引性，从而鼓励学生学习教师分布的更广泛形状，提升泛化能力

计算 𝑠𝑖 与批次中位数的比值，以减弱异常值影响

随后对这些比值应用对数函数压缩其长尾分布，再通过 tanh 函数平滑映射到有界区间
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3.6 Gradient Analysis of IDTS

The loss function activates only high-difficulty tokens (where Ir%(yi) = 1). For these tokens, we compute the
temperature τi scaling gradient of the KL divergence DKL(qθ ∥ p) with respect to student logits zq:

∂D(τi)
KL

∂zq(yj)
=

1
τi

(
q(τi)

θ (yj)− p(τi)(yj)
)

. (11)

The update magnitude is governed by the gradient norm:

∥∥∥∇D(τi)
KL

∥∥∥2
= ∑

yj∈V

(
∂D(τi)

KL
∂zq(yj)

)2

=
1
τ2

i

∥∥∥q(τi)
θ − p(τi)

∥∥∥2

2
. (12)

To minimize Ldistill, we need to maximize this gradient magnitude for accelerated convergence:

minLdistill =⇒ max ∑
i

Ir%(yi)=1

1
τ2

i

∥∥∥q(τi)
θ − p(τi)

∥∥∥2

2
. (13)

The difficulty metric si is defined as the Hellinger distance:

si =
1√
2
∥√p−√qθ∥2 =⇒ ∥√p−√qθ∥2

2 = 2s2
i . (14)

Temperature scaling modifies the distribution discrepancy:∥∥∥q(τi)
θ − p(τi)

∥∥∥2

2
∝

1
τ2

i
∥qθ − p∥2

2 . (15)

Combining these relationships yields:∥∥∥q(τi)
θ − p(τi)
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·

s2
i

τ2
i
=
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i
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i

. (16)

Thus, the KL loss gradient is inversely related to the temperature τ. For difficult tokens, there is a larger discrepancy
between the output distributions of the student and the teacher, student model require a larger gradient to approximate
the teacher’s distribution, which corresponds to a lower temperature. For easy tokens, the output distributions of the
student and teacher are more similar, the student model need a smaller gradient to prevent itself from diverging, which
corresponds to a higher temperature.

4 Experimental Results

4.1 Experimental Setups

Datasets and Models. Following the widely-adopted setup from Gu et al. [17], Ko et al. [19], we use the databricks-
dolly-15k dataset [36] for training and evaluate on five instruction-following benchmarks: Dolly-eval, Self-Instruct [37],
Vicuna-eval [38], Super-Natural Instructions (S-NI) [39], and Unnatural Instructions [40]. We demonstrate the general-
izability of our framework on two modern model families: Qwen2-7B distilled to Qwen2-1.5B and OpenLLaMA2-7B
to OpenLLaMA2-3B.
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Baselines and Implementation Details. We compare AdaKD with supervised fine-tuning (SFT) and state-of-the-art
KD methods, including FKD, RKD [17], ABKD [20], GKD [41], and DistiLLM [19]. For a fair comparison, all
baselines are reproduced using their official implementations and meticulously tuned.

Our experiments were conducted on a setup of 4 or 8 NVIDIA H20 80GB GPUs. For all distillation methods, we
perform a hyperparameter search for the learning rate within the range of {1e-4, 5e-4, 1e-5, 5e-5} and for the global
batch size within {16, 32, 64, 128}. Following the search, we set the learning rate to 5e-4 and the global batch size to
128 for all main experiments to ensure consistency. For the Qwen2 model, we use a batch size of 64 with a gradient
accumulation factor of 2.

Following standard practice, we train the smaller GPT-2 model for 20 epochs, while the larger Qwen2 and OpenLLaMA2
models are trained for 10 epochs. For the Qwen2 and OpenLLaMA2 models, we employ Low-Rank Adaptation (LoRA)
with a rank of 16 for parameter-efficient distillation. The final model checkpoints for evaluation are selected based on
the highest ROUGE-L scores on the validation set.

Evaluation. We report the ROUGE-L [45] score to measure the quality of generated text. Following standard practice,
we generate responses from all models with the decoding temperature and top-p both set to 1.0. To ensure statistical
robustness, we use five different random seeds: {10, 20, 30, 40, 50} and report the averaged ROUGE-L scores.

We also employ a powerful large language model, Qwen3-32B, as an impartial judge to perform pairwise comparisons
between the responses generated by a baseline method and its enhanced version with AdaKD. To mitigate position bias,
the order of the two responses is swapped in a second evaluation round, and only consistent judgments are retained.
The results, presented as win/tie/loss percentages for AdaKD, are reported on the Dolly-eval, Self-Instruct, and UnNI
benchmarks.

4.2 Quantitative Results

Table 1 validates AdaKD as a universal plug-and-play enhancement. While advanced objectives (e.g., RKD, ABKD)
already outperform foundational methods and can even surpass complex Student-Generated Outputs (SGOs) based
approaches(e.g., GKD), AdaKD consistently elevates all of them to new state-of-the-art performance. This universal
improvement demonstrates that dynamically adapting the distillation process to the student’s real-time learning state is
a robust and crucial element for effective knowledge transfer, offering a fundamental enhancement regardless of the
underlying distillation objective.

Table 2 presents the results of the LLM-as-a-Judge evaluation. The findings reveal that the effectiveness of AdaKD
varies between methods. Techniques like GKD and DistiLLM, which introduce SGOs that bring new instability, benefit
significantly, as our LATF component filters the resulting noisy gradients for a more stable performance gain. In contrast,
the improvement for FKD is marginal. This is attributed to a conceptual conflict: FKD’s mean-seeking objective clashes
with our IDTS’s targeted correction for hard tokens.

4.3 Ablation Studies and Analyses

We conduct ablation studies on the Qwen2-7B → Qwen2-1.5B distillation task using RKD as the baseline to dissect the
contribution of each component in AdaKD. For clarity, the following tables detail results on Dolly, S-NI, and UnNI, the
three benchmarks with the most extensive test items.

Impact of Core Components in AdaKD. Tab. 3a reveals the synergy between our components. While integrating
IDTS alone brings a substantial performance boost, LATF alone yields no improvement. This is consistent with our

8

Highlight



AdaKD

Table 1. Comparison of ROUGE-L scores for various KD methods on five instruction-following benchmarks. All experiments
were conducted using five different random seeds, with results reported as ’mean ± standard deviation’. For each student model
configuration, optimal and sub-optimal results are highlighted in bold and underline. ’w/ AdaKD’ denotes our proposed plug-and-
play enhancement, which consistently improves performance across different base models.

Model Parameters Method Dolly Self-Inst Vicuna Eval S-NI UnNI Avg.

Qwen2
[42]

7B Teacher 29.29±0.56 24.01±0.63 20.18±0.72 40.74±0.63 37.21±0.76 30.29

1.5B

SFT (LoRA) 24.82±0.30 18.79±0.55 17.99±0.65 32.13±0.93 31.04±0.60 24.95

FKD 25.72±0.85 20.13±0.97 18.24±0.30 35.77±0.37 32.93±1.21 26.56
w/ AdaKD 25.94±0.31 19.75±0.24 18.36±0.18 35.88±0.53 33.21±0.51 26.63 (↑0.07)

RKD 29.52±0.50 24.92±0.66 22.50±0.51 41.68±0.67 39.90±0.49 31.70
w/ AdaKD 30.03±0.40 24.88±0.71 22.97±0.58 43.82±0.78 43.17±0.32 32.97 (↑1.27)

ABKD 29.43±0.60 23.45±0.63 22.72±0.60 41.60±0.79 40.34±0.47 31.51
w/ AdaKD 30.44±0.50 23.60±0.75 23.40±0.77 44.23±1.39 42.54±0.78 32.84 (↑1.33)

GKD 27.13±0.47 20.89±0.90 19.41±0.39 38.25±0.84 35.01±0.59 28.14
w/ AdaKD 27.98±0.58 23.00±0.78 19.62±0.17 40.31±0.97 37.77±0.71 29.74 (↑1.60)

Distillm 29.10±0.51 22.92±0.64 21.79±0.44 41.26±0.46 38.80±0.73 30.77
w/ AdaKD 29.69±0.40 23.55±0.96 22.11±0.55 42.91±0.80 40.73±0.82 31.80 (↑1.03)

OpenLLaMA2
[43]

7B Teacher 28.16±0.60 20.40±0.92 17.62±0.48 30.45±0.82 33.18±0.47 25.96

3B

SFT (LoRA) 26.54±0.13 17.45±0.42 16.87±0.27 31.64±0.88 30.64±0.49 24.63

FKD 26.56±0.38 18.11±0.60 16.78±0.40 31.94±0.79 30.97±0.52 24.87
w/ AdaKD 26.96±0.58 18.75±0.55 16.64±0.47 32.78±0.92 31.64±0.65 25.35 (↑0.48)

RKD 29.13±0.34 20.08±0.66 19.49±0.28 35.20±0.60 37.60±0.62 28.30
w/ AdaKD 29.81±0.35 20.00±0.55 19.49±0.37 36.80±1.13 40.26±0.54 29.27 (↑0.97)

ABKD 29.45±0.77 20.96±0.76 19.78±0.26 35.98±0.74 38.60±0.63 28.95
w/ AdaKD 30.19±0.50 20.65±0.32 19.55±0.28 36.38±0.30 39.82±0.56 29.32 (↑0.37)

GKD 29.23±0.41 19.96±0.80 18.10±0.75 34.68±0.58 35.05±0.63 27.40
w/ AdaKD 29.48±0.15 20.96±0.56 19.07±0.32 37.60±0.43 39.31±0.27 29.28 (↑1.88)

Distillm 29.50±0.56 20.67±0.86 19.09±0.44 35.58±0.66 37.39±1.13 28.45
w/ AdaKD 29.52±0.63 22.13±0.47 19.50±0.50 37.23±0.72 40.14±0.71 29.70 (↑1.25)

GPT-2
[44]

1.5B Teacher 28.17±0.30 15.93±0.57 16.99±0.37 29.08±0.22 34.53±0.22 24.94

0.1B

SFT 24.08±0.42 10.39±0.53 15.39±0.16 19.21±0.73 23.72±0.40 18.56

FKD 23.90±0.65 10.30±0.15 14.93±0.32 19.07±0.22 23.81±0.33 18.40
w/ AdaKD 24.12±0.36 10.21±0.49 14.93±0.44 19.37±0.63 24.39±0.79 18.60 (↑0.20)

RKD 26.05±0.26 12.24±0.11 15.89±0.38 25.24±0.69 31.05±0.49 22.11
w/ AdaKD 26.11±0.25 11.89±0.32 15.84±0.37 26.61±0.27 33.29±0.49 22.75 (↑0.64)

ABKD 26.01±0.50 12.30±0.81 15.90±0.60 27.99±0.92 32.35±0.74 22.91
w/ AdaKD 26.00±0.20 12.48±0.43 15.08±0.41 29.50±0.33 35.12±0.27 23.64 (↑0.73)

GKD 25.81±0.47 13.12±0.57 16.39±0.17 24.86±0.58 29.63±0.31 21.96
w/ AdaKD 27.20±0.25 13.34±0.36 17.63±0.30 28.29±0.54 33.92±0.72 24.08 (↑2.12)

Distillm 26.81±0.14 12.56±0.68 16.58±0.20 26.28±0.71 31.63±0.82 22.77
w/ AdaKD 26.62±0.51 13.51±0.49 16.21±0.29 29.54±0.46 35.43±0.80 24.26 (↑1.49)

gradient analysis (Fig. 1): LATF’s primary role is to stabilize training by filtering out mastered tokens with unstable
gradients, rather than directly advancing performance. The full AdaKD model achieves the best results, confirming a
crucial synergy: LATF first removes noise to stabilize the learning process, which then allows IDTS to more effectively
apply its adaptive teaching strategy to the remaining high-value tokens.

Analysis of the Difficulty Indicator. We evaluated several distribution metrics as the difficulty indicator, with results
presented in Tab. 3c. The results highlight that the optimal metric for an indicator differs from the distillation loss
itself; for instance, FKL is a much more effective indicator than RKD; furthermore, symmetric metrics like Hellinger
distance and JS-Divergence show a clear advantage over asymmetric ones on the large-scale S-NI and UnNI benchmarks.
We also observe that Cross-Entropy, measured against the ground truth, performs best on the Dolly dataset, while

9



AdaKD

Table 2. LLM-as-a-Judge evaluation results for the Qwen2-1.5B distillation task. The table presents the win, tie, and loss rates (%)
of models enhanced with AdaKD against their respective baselines.

Dolly S-NI UnNI

Method Win% Tie% Loss% Win% Tie% Loss% Win% Tie% Loss%

FKD 18.80 59.00 22.20 19.42 54.25 26.33 16.96 65.14 17.90
RKD 19.80 65.80 14.40 23.55 59.68 16.77 15.83 72.09 12.07
ABKD 20.80 62.60 16.60 21.14 60.86 18.00 10.19 80.59 9.22
GKD 20.00 64.20 15.80 22.43 62.75 14.82 18.30 69.60 12.10
DistiLLM 24.40 55.00 20.60 25.15 56.14 18.71 18.26 68.47 13.27

Table 3. Comprehensive ablation studies of AdaKD (ROUGE-L scores). (a) Core components analysis. (b) Ablation on temperature
scaling strategies. (c) Comparison of different difficulty indicators. (d) Evaluation of LATF designs.

(a) Core Components

Method Dolly S-NI UnNI Avg.

RKD (Baseline) 29.52 41.68 39.90 37.03
+ IDTS 30.12 43.70 41.83 38.55
+ LATF 29.50 41.88 39.82 37.07

AdaKD (Full) 30.03 43.82 43.17 39.01

(b) Temperature Scaling

Method Dolly S-NI UnNI Avg.

T = 1.0 29.50 41.88 39.82 37.07

AdaKD (c = 0.5) 30.03 43.82 43.17 39.01
Inv. Scaling (−c) 28.93 40.02 38.06 35.67

T = 0.8 30.00 41.41 40.10 37.17
T = 1.2 29.55 42.07 40.05 37.22
T ≈ e−0.5 30.19 42.87 41.38 38.15

CTKD 30.22 41.99 40.30 37.50
Logit Std. 26.74 40.08 37.46 34.76

(c) Difficulty Indicator

Method Dolly S-NI UnNI Avg.

RKD (Baseline) 29.52 41.68 39.90 37.03

AdaKD with different metrics:
+ FKD 30.29 42.81 42.34 38.48
+ RKD 29.93 43.02 42.23 38.39
+ Cross-Entropy 30.46 43.46 42.63 38.85
+ JS-Divergence 30.15 43.39 42.58 38.71
+ NMTKD 30.27 43.61 42.64 38.84
+ Hellinger (Ours) 30.03 43.82 43.17 39.01

(d) LATF Design

Method Dolly S-NI UnNI Avg.

fixed r = 1.0 30.12 43.70 41.83 38.55

LATF 30.03 43.82 43.17 39.01
fixed r = 0.75 30.27 43.49 42.02 38.59
linear r : 1.0→ 0.75 29.63 43.37 41.83 38.28
cosine r : 1.0→ 0.75 30.29 43.61 42.70 38.87
cosine r : 1.0→ 0.5 29.74 42.71 41.74 38.06

NMTKD [24], which focuses on aligning the top-k (k=5) predictions of each token, also demonstrates competitive
performance. Ultimately, Hellinger distance achieves the highest average score, validating its use to provide the
balanced and comprehensive disagreement signal crucial for our adaptive framework.

Analysis of LATF’s Design. We compare LATF against static and scheduled strategies in Tab. 3d, using a target ratio
r = 0.75 for a fair comparison based on LATF’s observed final value. While these schedules prove competitive, LATF
is ultimately more robust on challenging benchmarks. The reason is visualized in Fig. 3(a,b). For LATF (Fig. 3a), the
sample ratio adapts to the training loss in real-time. The temporary increase in loss is an expected outcome of the model
tackling a harder and more focused curriculum, a challenge it successfully overcomes. In contrast, scheduled methods
(Fig. 3b) exhibit rising loss in later stages as they blindly enforce difficulty. This real-time adaptation makes LATF a
more robust solution that eliminates the need for schedule-specific tuning.

The LATF module includes four hyperparameters. The most critical are the tolerance (ϵ) and step size (δ), which govern
the feedback loop. As shown in Table 4, our grid search reveals stable performance when δ ≤ ϵ, leading us to select
ϵ = 0.05 and δ = 0.05 to balance responsiveness and stability. The other parameters, the EMA decay rate (β) and the
warm-up ratio, were set to 0.97 and 0.05, respectively, to ensure a smooth training process.
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Figure 3. From left to right: (a) The loss and sample ratio of our adaptive LATF during training. (b) A comparison of loss curves
for fixed scheduling strategies. (c) The effect of IDTS modulation intensity c on normalized scores for individual datasets. (d) The
average ROUGE-L score across datasets, showing the optimal choice for c.

Table 4. LATF sensitivity analysis on UnNI benchmark.

Step (δ) ϵ = 0.02 ϵ = 0.05 ϵ = 0.1

0.02 42.74 43.23 42.93
0.05 42.44 43.17 43.06
0.1 41.73 42.12 42.94

Table 5. Training throughput (samples/sec) on Qwen2.

Method Baseline w/ AdaKD Change

RKD 8.21 7.94 -3.29%
GKD 1.56 1.55 -0.87%
DistiLLM 3.88 3.82 -1.55%

Analysis of Key Design Choices within IDTS. Tab. 3b validates IDTS’s design against various temperature strategies.
The failure of "Inverse Scaling" confirms our hypothesis that low temperatures are crucial for difficult tokens. However,
simply using a low temperature globally is insufficient; AdaKD surpasses not only fixed-temperature baselines but
also one using our method’s optimal lower bound (T ≈ e−0.5). This proves the dynamic, token-level application is the
key to success. Furthermore, AdaKD’s superior performance over other adaptive methods like CTKD [30] and Logit
Std [29, 46] highlights the effectiveness of our specific token-level design.

We analyze the impact of the IDTS modulation intensity c in Fig. 3(c,d). While the optimal c varies for individual
datasets (Fig. 3c), the average performance across all benchmarks (Fig. 3d) robustly peaks at c = 0.5. We therefore
adopt this value for our main experiments.

Efficiency Comparison The additional computations in AdaKD for token difficulty and temperature have a negligible
impact on training efficiency. This is because these steps are lightweight and detached from the computation graph,
adding no overhead to backpropagation. Table 5 quantitatively validates this by comparing the training throughput on
the Qwen2 model.

Analysis of the Dynamic Mechanisms in AdaKD. Fig. 4 illustrates the dynamic synergy of AdaKD’s mechanisms by
comparing distributions at the start and end of training. A key observation is that our IDTS module consistently aligns
the information entropy of each part of tokens, regardless of the training stage. This dynamically adjusts the learning
objective for each token, guiding the model’s output distributions toward a uniform level of uncertainty, regardless of
their initial difficulty.

The temperature distribution reflects this adaptive strategy: IDTS consistently assigns lower temperatures to hard tokens
and higher temperatures to easy ones. However, the distribution’s evolution, highlighted in the red circles, reveals the
critical synergy with LATF. Early in training, the temperature for easy tokens peaks sharply, as the "easy" set contains
many trivial examples. Conversely, late in training, LATF has removed these mastered tokens, causing IDTS to assign a
smoother range of high temperatures to the remaining, non-trivial "easy" set. This demonstrates how LATF dynamically
refines the learning process, enabling IDTS to apply its scaling more effectively on tokens that still offer learning value.
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Figure 4. These histograms display the distribution of token counts (y-axis) across different metrics. The rows compare the model’s
state ’Before Training’ (top) with ’Late in Training’ (bottom). The columns, from left to right, show the distributions for assigned
temperature, student’s output entropy before IDTS, and entropy after IDTS. Tokens are categorized into ’hard’ (blue) and ’easy’
(orange) groups, with dashed vertical lines indicating their respective means.

5 Conclusion

In this paper, we introduced Token-Adaptive Knowledge Distillation (AdaKD), a novel framework that dynamically
adapts the distillation process to each token’s learning state, overcoming the limitations of static distillation strategies.
AdaKD synergistically combines Loss-driven Adaptive Token Focusing (LATF) to concentrate on valuable tokens and
Inverse Difficulty Temperature Scaling (IDTS) to apply a highly effective temperature strategy for both error correction
and generalization. Extensive experiments demonstrate that AdaKD, as a plug-and-play enhancement, consistently
improves the performance of various distillation methods across multiple architectures.

Limitation. Our work demonstrates the effectiveness of dynamically filtering tokens and dynamic temperature in
distillation. Looking forward, there are clear paths for improvement.Currently, our Loss-driven Adaptive Token
Focusing (LATF) module relies on a discrete adjustment mechanism, which can lead to slight training oscillations.
Similarly, the formulation of our Inverse Difficulty Temperature Scaling (IDTS) module is based on heuristic principles
and lacks a formal theoretical grounding. Future work can further explore the usage of continuous adjustment to obtain
smoother convergence and more theoretical formulation like a direct control of the token-level information entropy
for scaling. Lastly, our evaluation is limited to instruction-following tasks. Future work may expand the evaluation to
challenging tasks including complex reasoning and code generation benchmarks.
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