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Abstract

State-of-the-art logit distillation methods exhibit versatil-
ity, simplicity, and efficiency. Despite the advances, exist-
ing studies have yet to delve thoroughly into fine-grained
relationships within logit knowledge. In this paper, we pro-
pose Local Dense Relational Logit Distillation (LDRLD), a
novel method that captures inter-class relationships through
recursively decoupling and recombining logit information,
thereby providing more detailed and clearer insights for stu-
dent learning. To further optimize the performance, we in-
troduce an Adaptive Decay Weight (ADW) strategy, which
can dynamically adjust the weights for critical category
pairs using Inverse Rank Weighting (IRW) and Exponential
Rank Decay (ERD). Specifically, IRW assigns weights in-
versely proportional to the rank differences between pairs,
while ERD adaptively controls weight decay based on to-
tal ranking scores of category pairs. Furthermore, after the
recursive decoupling, we distill the remaining non-target
knowledge to ensure knowledge completeness and enhance
performance. Ultimately, our method improves the student’s
performance by transferring fine-grained knowledge and
emphasizing the most critical relationships. Extensive ex-
periments on datasets such as CIFAR-100, ImageNet-1K,
and Tiny-ImageNet demonstrate that our method compares
favorably with state-of-the-art logit-based distillation ap-
proaches. The code will be made publicly available.

1. Introduction
Deep Convolutional Neural Networks (CNNs) have been
widely applied in various computer vision tasks, includ-
ing image classification [15, 72], object detection [86, 89],
and semantic segmentation [33, 93]. To enhance perfor-
mance, researchers have designed increasingly complex
networks [67] that demand greater computational and mem-
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Figure 1. (a) Hinton et al. [18] introduce KD through global
softmax, which calculates the probability, leading to information
redundancy between classes and diminishing the logit discrimi-
nation. In classical KD, the prediction probability difference be-
tween “cat” and “dog” derived from teacher’s logit output is calcu-
lated as: ∆PKD = |pt1 − pt2|=|

exp(Zt
1)−exp(Zt

2)∑C
i=1 exp(Zt

i
)

|. (b) In contrast,
our proposed LDRLD uses category pairs and calculates probabil-
ity difference between “cat” and “dog” as: ∆PLDRLD = |pt1 −
pt2|=|

exp(Zt
1)−exp(Zt

2)∑2
i=1 exp(Zt

i
)

|. It is obvious that ∆PLDRLD > ∆PKD ,
indicating that our approach enhances inter-class differences com-
pared to KD and improves fine-grained logit discrimination.

ory resources. However, deploying these high-performance,
parameter-heavy networks on resource-constrained devices,
such as smartphones and cameras [10], remains challeng-
ing. In response to this issue, researchers have proposed
several techniques to decrease the model size and compu-
tational cost, such as efficient network design [20, 52, 82],
weight pruning [49], low-rank factorization [12], quantiza-
tion [7], and knowledge distillation (KD) [18]. Among these
techniques, KD is particularly efficient and practical. It fa-
cilitates the development of lightweight networks suitable
for real-time mobile applications without altering the origi-
nal network architecture.

The core idea of KD is often to transfer the “dark knowl-
edge” from a larger pre-trained teacher model (teacher)
to a more compact student model (student) at the logit
(or output) layer, providing higher-level semantic informa-
tion. Generally, KD uses the Kullback-Leibler (KL) diver-
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gence [29] with a temperature coefficient to minimize the
difference between the teacher’s and student’s output proba-
bility distributions. KD methods are commonly categorized
into two main types: feature-based KD [27, 40, 51, 54, 68,
92] and logit-based KD [24, 31, 66, 69, 76, 84, 87]. Feature-
based KD methods aim to align knowledge derived from
intermediate layers, which contain rich feature representa-
tions. Despite their effectiveness, feature-based KD meth-
ods demand considerable computational and memory re-
sources, thus posing significant training challenges. Conse-
quently, researchers have shifted their focus to logit-based
KD methods to reduce resource consumption. These meth-
ods often decouple logit knowledge [31, 66, 69, 70, 76, 84]
or employ dynamic temperature techniques [24, 32, 60, 87]
to extract critical information more effectively, thus boost-
ing performance, computational efficiency, and versatility.

Considering these advancements, it is important to note
that while current logit-based KD methods have achieved
impressive performance, they may fail to adequately cap-
ture fine-grained inter-class relationships and enhance inter-
class distinction, resluting in the limitations specified as
follows. Since global softmax focuses on high-probability
classes [18], it may reduce the differences between lower-
probability classes, thereby limiting the student’s ability to
capture their fine-grained logit relationships. Moreover, in-
tuitively, categories with greater semantic differences are
generally easier to distinguish. However, classical KD may
introduce redundant information from other classes when
modeling the two-class relationships. As shown in Fig. 1
(a), the distinction between “cat” and “dog” is reflected
through probability distributions, yet the introduction of ir-
relevant (e.g., “car”) can interfere with and weaken their
inter-class discriminability. These limitations collectively
hinder the student’s ability to capture unique category char-
acteristics, potentially degrading its performance. There-
fore, it is essential to enhance inter-class discriminability
while comprehensively leveraging logit relationships.

In this paper, we propose a Local Dense Relational Logit
Distillation (LDRLD) method, which recursively decouples
and recombines logit knowledge to provide richer informa-
tion for student learning. By virture of its effective capture
of fine-grained logit relationships, LDRLD can enhance the
efficacy of the distillation process. Based on this capabil-
ity, we observe that categories with closer semantic rela-
tionships are more challenging to distinguish, whereas more
distant categories are easier to recognize due to their se-
mantic dissimilarities. To further refine our approach and
enhance its performance, we introduce an Adaptive Decay
Weight (ADW) strategy that dynamically adjusts weights
based on ranked category pairs in LDRLD. By employing
Inverse Rank Weighting (IRW) and Exponential Rank De-
cay (ERD), ADW assigns larger weights to closely related
category pairs and smaller weights to distant ones. Specifi-

cally, IRW assigns larger weights to pairs with smaller rank
differences and smaller weights to those with larger dif-
ferences, whereas ERD dynamically adjusts weight decay
based on the sum of the rankings. This dynamic weight-
ing scheme enhances the student’s ability to optimize per-
formance on visually complex and critical categories. Fur-
thermore, after the recursive decoupling, we also distill the
remaining non-target knowledge [84] to ensure complete-
ness. By integrating the ADW strategy into LDRLD, we
optimize the utilization of the logit knowledge, which leads
to better model decision boundaries. Because of this opti-
mization, the student can capture inter-class relationships
and obtain rich contextual knowledge. By enhancing the
student’s ability to identify critical categories, the proposed
method effectively mitigates classification ambiguities and
ensures accurate knowledge transfer.

To validate the effectiveness of our method, we conduct
comprehensive experiments across various datasets. The
contributions of this paper are summarized as follows:

• We propose Local Dense Relational Logit Distillation
(LDRLD), a novel method that captures fine-grained logit
relationships more effectively and enhances inter-class
discriminability.

• We introduce the Adaptive Decay Weight (ADW) strat-
egy, which comprises Inverse Rank Weighting (IRW) and
Exponential Rank Decay (ERD). ADW can dynamically
adjust the weights of ranked category pairs, thus enabling
the student to more effectively optimize the classification
of challenging categories.

• Extensive experimental results on diverse datasets, in-
cluding CIFAR-100, ImageNet-1K, and Tiny-ImageNet,
consistently show that our method outperforms existing
state-of-the-art logit-based KD methods, and justify its
ability to capture and transfer critical inter-class relation-
ships.

2. Related Work

In this section, we will review existing works that relate to
feature-based and logit-based knowledge distillation (KD).

2.1. Feature-based Knowledge Distillation
Extensive works [3, 11, 22, 26, 27, 37, 51, 62, 65, 72–75,
79, 86] have shown that the intermediate features contain
rich and diverse information, which helps students in ac-
quiring and mastering knowledge more effectively. Specifi-
cally, FitNets [51] uses mean squared error (MSE) between
the teacher’s and student’s intermediate features to guide the
student training. AT [27] adopts activation maps as atten-
tion mechanisms to replicate the teacher’s intermediate fea-
tures more accurately. VID [1] boosts information transfer
between the teacher and the student by increasing the mu-
tual information (MI) of intermediate features. CRD [62]
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proposes using contrastive learning for knowledge distil-
lation, where contrastive targets are employed to enhance
the transfer of the teacher’s representations to the stu-
dent. ReviewKD [3] treats shallow knowledge as old knowl-
edge and guides the student’s learning through repeated
review. FCFD [37] optimizes the functional similarity be-
tween teacher and student features, thereby improving the
student’s mimicry efficiency. CAT-KD [11] facilitates the
student’s learning via the transfer of the teacher’s class acti-
vation maps. Although feature-based KD methods provide
rich information, their high computational and memory de-
mands have shifted research towards using logit knowledge
as a more efficient distillation objective.

2.2. Logit-based Knowledge Distillation

Understanding the Role of Knowledge Distillation. Early
research explores the underlying mechanisms of KD, for
the purpose of seeking deeper insights [4, 8, 9, 16, 41, 42,
48, 55, 59, 61, 71, 77, 81, 83, 85, 90]. For instance, Tang
et al. [61] theoretically demonstrate the potential of the la-
bel smoothing (LS) technique for improving student perfor-
mance. Muller et al. [42] discover that LS can reduce intra-
class variations and result in more compact feature repre-
sentations. Furthermore, Shen et al. [55] show that tight
clustering enhances the separability of similar semantic rep-
resentations across categories. Despite these advancements,
the performance of vanilla KD methods, such as deep mu-
tual learning [83], teacher assistants [41, 57], BAN [9], and
early stopping [4], may still fall short of practical applica-
tion demands.
Refining Logit Knowledge for Improving Distillation
Performance. Recent studies have achieved better perfor-
mance by focusing on dynamic temperature and decoupling
the logit knowledge to streamline distillation.

1) Dynamic temperature. Vanilla KD methods use a fixed
temperature, which can limit the effectiveness of trans-
ferring logit knowledge. To overcome this limitation, dy-
namic temperature techniques have been proposed to im-
prove the efficiency of logit knowledge transfer [24, 32,
60, 87]. For example, CTKD [32] adopts an adaptable
temperature to modulate task difficulty. MLKD [24] em-
ploys Gram matrix distillation with varying temperatures
to reduce prediction biases. LSKD [60] proposes adjust-
ing the temperature based on the weighted standard devi-
ation of logits and seamlessly integrates Zero-Score nor-
malization. WTTM [87] uses transformed teacher matching
to highlight temperature scaling in knowledge refinement
while omitting it on the student side.

2) Decoupling the logit knowledge. Recent studies have
focused on decoupling logit knowledge to develop more ef-
fective KD methods [31, 47, 66, 69, 76, 84]. For example,
ATS [31] enhances performance by decomposing the KL
divergence into correction guidance, label smoothing, and

class distinguishability. DKD [84] proposes decoupling the
KL divergence into target and non-target class knowledge
distillation, better exploiting information to improve per-
formance. NKD [76] presents normalizing non-target log-
its to enhance the utilization of soft labels in distillation.
ReKD [69] divides logit knowledge into head and tail cate-
gories to facilitate knowledge transfer. SDD [66] decouples
global and local logit outputs into consistent and comple-
mentary terms to enhance the student’s ability to acquire
precise logit knowledge. These methods improve student’s
performance by absorbing knowledge more efficiently.

3. Method
In this section, we first review the vanilla knowledge distil-
lation (KD) and then introduce our proposed Local Dense
Relational Logit Distillation (LDRLD) method. After that,
we present the optimization objective of the LDRLD.
Notations. For convenience, we consider the n-th training
sample xn with label yn. Let C denote the number of cate-
gories. The ordered logit value vectors for the teacher and
the student are defined as Zt = [Zt

1,Z
t
2, . . . ,Z

t
C ] ∈ R1×C

and Zs = [Zs
1,Z

s
2, . . . ,Z

s
C ] ∈ R1×C , respectively. Here,

Zt
j and Zs

j , where j ̸= k, represent the logits for the non-
target classes,and k is the index of yn, as discussed in [84].

3.1. Vanilla Knowledge Distillation
In KD [18], knowledge is transferred by minimizing the
Kullback-Leibler (KL) divergence LKD between the stu-
dent’s and teacher’s output probability distributions. The
output probability distributions for the teacher and the stu-
dent are represented as P t = [pt1, p

t
2, . . . , p

t
C ] ∈ R1×C and

P s = [ps1, p
s
2, . . . , p

s
C ] ∈ R1×C , respectively. Here, ptj and

psj represent the predicted probabilities for the j-th class of
the teacher and the student, respectively, computed as:

ptj = exp
(
Zt

j

)
/St, psj = exp

(
Zs

j

)
/Ss, (1)

where St and Ss are normalization factors computed as
St =

∑C
i=1 exp(Z

t
i) and Ss =

∑C
i=1 exp(Z

s
i ), respec-

tively, with temperature omitted for simplicity. Addition-
ally, cross-entropy is taken as incorporate the task loss
LTask to ensure accurate predictions. The total loss is thus
formulated as:

LTotal = LTask + γLKD

= −
C∑

j=1

yj log p
s
j + γ

C∑
j=1

ptj log(p
t
j/p

s
j),

(2)

where γ serves as the weight to balance the two losses.

3.2. Local Dense Relational Logit Distillation
To provide richer information for student learning, we pro-
pose the LDRLD method shown in Fig. 2(a). Our method
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Figure 2. Overview of the proposed LDRLD framework, which includes the three key loss functions: Lw, LRNTK , and LLLKI

recursively decouples and recombines logit knowledge,
capturing fine-grained logit relationships with greater inter-
class distinction. Specifically, we define the recursion depth
d by selecting the top-d logits according to student’s logit
arrange for a given sample, with d ≤ C. The selected log-
its for the teacher and the student are denoted as Ht =
[Zt

1,Z
t
2, . . . ,Z

t
d] ⊆ Zt and Hs = [Zs

1,Z
s
2, . . . ,Z

s
d] ⊆ Zs,

respectively, with each sequence arranged in descending or-
der. Additionally, the argmax is used to identify the index of
the maximum logit from the student’s output, Zs. To ensure
consistent alignment, a mask is applied to both the student’s
and teacher’s outputs. The mask vector M ∈ RC in the d-th
iteration is defined as:

Mπ(d) =

{
−∞ if π(d) = imax,

1 otherwise,
(3)

where imax = argmaxi Z
s
i (i = 1, ..., d) and π(d) denotes

the index of the d-th largest student’s logit output. The pro-
posed LDRLD method works as follows:

Step 1: Extraction of the Maximum Logit and the
Masking Operation. The maximum logit is extracted from
the vectors Zt and Zs as follows:

Zt
1 = Zt

π(1), Zs
1 = Zs

π(1). (4)

Based on Eq. (3), the mask Mπ(1) is then applied to up-
date the teacher’s and student’s logit vectors as follows:

Zt ←Mπ(1) ⊙ Zt, Zs ←Mπ(1) ⊙ Zs, (5)

where ⊙ denotes the Hadamard product. The resulting log-
its are used in Step 2.

Step 2: Recursive Decoupling and Combination Op-
eration. We define the concatenation function ϕ : R⊎R→
R1×2, where ⊎ denotes an operation that combines two log-
its into a pair. Similar to Step 1, we use Eqs. (3) and (4) to

extract the second-largest student’s logit when d = 2, de-
noted as Zt

2 and Zs
2, respectively. The mask Mπ(2) based

on Eq. (3) is then applied to update these logit vectors:

Zt ←Mπ(2) ⊙ Zt, Zs ←Mπ(2) ⊙ Zs. (6)

After that, the combination generation proceeds recur-
sively as described below:

Base Case. For depth d = 2, the first set of combinations
is generated for the teacher and the student:

Ct
1 = ϕ(Zt

1,Z
t
2), Cs

1 = ϕ(Zs
1,Z

s
2), (7)

where the symbol C represents the result of the combina-
tion, and C0 = ∅. Ct

1 and Cs
1 denote the recursive exit.

Recursive Step. We repeat Steps 1 and 2 as follows:
• (1) Extraction: Select the d-th largest logit:

Zt
d = Zt

π(d), Zs
d = Zs

π(d), (8)

where π(d) is the index of the d-th largest student’s logit
output, Zs.

• (2) Masking: Apply the mask Mπ(d) based on Eq. (3) to
update the teacher’s and student’s logit vectors:

Zt ←Mπ(d) ⊙ Zt, Zs ←Mπ(d) ⊙ Zs. (9)

• (3) Combination Generation: For any recursion depth d ≥
2, new sets of combinations are generated by applying ϕ
to the newly extracted logit Zt

d and Zs
d, and all previously

extracted logits (∀i, 2 ≤ i ≤ d−1). The combination sets
Ct
d−1 and Cs

d−1 are defined as follows:

Ct
d−1 =

{
Ct
d−2 ∪

d−1⋃
i=1

{
ϕ(Zt

i,Z
t
d)
}}
∈ R

d(d−1)
2 ×2, (10)

Cs
d−1 =

{
Cs
d−2 ∪

d−1⋃
i=1

{ϕ (Zs
i ,Z

s
d)}

}
∈ R

d(d−1)
2 ×2, (11)

where
⋃

represents the union operation.
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Step 3: Normalization. To ensure that the combinations
in C satisfy the properties of a probability distribution, we
normalize them using the softmax function σ. Let (pti, p

t
j)

denote the teacher’s logit pair, and let (psi , p
s
j) denote the

student’s logit pair. The probabilities pti, p
t
j , p

s
i , and psj are

computed as follows via σ:{
pti = exp (Zt

i/τ) /S
t
ij , p

t
j = exp

(
Zt

j/τ
)
/St

ij ,

psi = exp (Zs
i/τ) /S

s
ij , p

s
j = exp

(
Zs

j/τ
)
/Ss

ij ,
(12)

where St
ij and Ss

ij are the normalization factors for the
teacher and student, respectively. Here, St

ij = exp (Zt
i/τ)+

exp
(
Zt

j/τ
)

and Ss
ij = exp (Zs

i/τ) + exp
(
Zs

j/τ
)
. τ rep-

resents the temperature coefficient that controls the softness
of the output probability distribution.

Building upon Steps 1 to 3, we transfer the teacher’s lo-
cal dense relational logit knowledge to the student using the
loss defined as follows:

L =
d−1∑
i=1

KL
(
Ct
i,C

s
i

)
=

d−1∑
i=1

d∑
j=i+1

KL
(
σ(ϕ(Zt

i,Z
t
j), τ), σ(ϕ(Z

s
i ,Z

s
j), τ)

)
=

d−1∑
i=1

d∑
j=i+1

[
pti log(p

t
i/p

s
i ) + ptj log(p

t
j/p

s
j)
]
.

(13)

Local Logit Knowledge Integrity. Additionally, when the
recursion depth d is reached, the d logits are generatd se-
quentially to capture hierarchical relationships, thereby pre-
serving local logit knowledge integrity (LLKI). The result-
ing teacher’s and student’s logits,Ht andHs, are presented
in Fig. 2(b). The loss LLLKI is defined as follows:

LLLKI = KL(Ht,Hs) =

d∑
i=1

pti log
(
pti/p

s
i

)
, (14)

where the probabilities of the teacher and the student are
denoted as pti = σ(Zt

i/τ), and psi = σ(Zs
i/τ), respectively.

Adaptive Decay Weight strategy. So far, we have uni-
formly assigned weights to all category pairs. However, this
may hinder the optimization of visually complex or critical
categories and lead to network performance degradation. To
address this, we propose an Adaptive Decay Weight (ADW)
strategy based on human perception of category similar-
ity. The ADW integrates Inverse Rank Weighting and Ex-
ponential Rank Decay. It dynamically adjusts weights to en-
hance discrimination by assigning greater weights to cate-
gory pairs that are more difficult for the model to distinguish
(e.g., [Zt

1,Z
t
2]), and smaller weights to less related category

pairs (e.g., [Zt
1,Z

t
4]). This targeted weighting sharpens the

student’s focus on key categories while reducing attention
to others. Details of the two key components of the ADW
strategy are described below:

(1) Inverse Rank Weighting. To emphasize the impor-
tance of closely ranked category pairs, we introduce Inverse
Rank Weighting (IRW), which is defined as:

ΓIRW (R′, R) = Inv(|R−R′|+ ϵ), (15)

where Inv(x) denotes the inverse of x. R′ and R are the
rankings of categories i and j in the pair [Zi,Zj ], respec-
tively. The term |R−R′| represents the difference in cate-
gory rankings, and ϵ = 1.50 prevents division by zero.

IRW assigns larger weights to pairs with smaller ranking
differences and smaller weights to those with larger differ-
ences. Thus, IRW directs the student’s focus toward opti-
mizing more similar category pairs.

(2) Exponential Rank Decay. When calculating the
pairwise weights according to Eq. (15), note that the pairs
[Zt

1,Z
t
2] and [Zt

12,Z
t
13] receive the same weight. However,

intuitively, distinguishing between [Zt
1,Z

t
2] is more difficult

due to highly semantic similarity, so the weight for the for-
mer should be greater than that for the latter. Based on this
understanding, we propose an Exponential Ranking Decay
(ERD) that dynamically adjusts weight decay according to
the sum of the rankings, defined as:

ΦERD(R′, R) = δ × exp(−λ(R+R′)), (16)

where δ, the weight, is set to 2.0, and λ, the decay rate,
is set to 0.05 in our experiments. The decay rate controls
how quickly the weight decreases as the sum of rankings
(R′ + R) increase, and a larger value of λ results in faster
weight decay.

With IRW and ERD, our ADW strategy is defined as fol-
lows:

ΩADW (R′, R) = ΓIRW (R′, R)× ΦERD(R′, R). (17)

By combining Eq. (13) and Eq. (17), we formulate the
loss of Lw to facilitate the transfer of local dense relational
logit knowledge, defined as follows:

Lw =
d−1∑
i=1

d∑
j=i+1

ΩADW (i, j)
[
pti log(p

t
i/p

s
i ) + ptj log(p

t
j/p

s
j)
]
.

(18)
The complete local logit knowledge LLocal is defined as

follows:
LLocal = Lw + LLLKI . (19)

Remaining Non-Target Knowledge. Inspired by the ef-
fectiveness of non-target knowledge in previous studies [6,
31, 76, 84], we leverage the remaining non-target classes to
ensure comprehensive knowledge transfer and improve stu-
dent performance. We denote the remaining logits for the
teacher and student as H̄t = [Zt

d+1,Z
t
d+2, . . . ,Z

t
C ], and

H̄s = [Zs
d+1,Z

s
d+2, . . . ,Z

s
C ], respectively, in Fig. 2(c). The

knowledge is distilled using LRNTK , defined as follows:

LRNTK = KL(H̄t, H̄s) =

C∑
i=d+1

p̄ti log
(
p̄ti/p̄

s
i

)
, (20)
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where the probabilities of the teacher and the student are
p̄ti = σ(Zt

i/τ) and p̄si = σ(Zs
i/τ), where d + 1 ≤ i ≤ C,

respectively.

3.3. Optimization Objective
The proposed method integrates task loss, local relational
information, and knowledge from non-target classes. This
integration enables precise adjustment of the student’s pa-
rameters through the following optimization function:

LLDRLD = LTask + αLLocal + βLRNTK (21)

where α and β are weighting factors that balance the con-
tributions of these losses.

To facilitate the understanding and implementation of
our method, we provide a detailed algorithm and specific
descriptions in the Supplementary Material.

4. Experiments
4.1. Comparison with State-of-the-Art Methods
Image Classification Results on CIFAR-100. We evalu-
ated our method across various network architectures. As
shown in Table 1, we first employed an experimental setup
where the teacher and the student share the same type of
architecture. In contrast, in Table 2, the teacher and the stu-
dent use different-architectures. Experimental results show
that our proposed method outperforms existing state-of-
the-art logit-based KD methods, such as SDD, WTTM,
and TeKAP. Specifically, in the same-architecture exper-
iment, our method improves performance by 1.08% to
3.87%. In the different-architecture experiment, the im-
provement ranges from 1.68% to 3.39%. These improve-
ments are mainly due to LDRLD’s ability to extract fine-
grained inter-class knowledge from the teacher. While cur-
rent logit-based KD methods utilize global softmax to cap-
ture inter-class relationships, they may obscure subtle dif-
ferences among categories, thus impairing targeted learn-
ing enhancements. Furthermore, the global softmax mech-
anism often neglects low-probability categories, limiting
performance. These differences highlight LDRLD’s effec-
tiveness, which leverages local logit relational techniques
to overcome these limitations, enhance inter-class discrim-
inability and ensure better recognition.

Image Classification Results on ImageNet-1K. The re-
sults on ImageNet-1K are shown in Table 3. Using the same
type of architecture, our method outperforms the vanilla
KD by 1.22% in top-1 accuracy. Additionally, when us-
ing ResNet50 as the teacher and MobileNetV1 as the stu-
dent, experimental results show that our method achieves
improvements of 2.63% in top-1 and 1.51% in top-5 accu-
racy. These results further confirm the effectiveness and po-
tential of LDRLD. However, when comparing LDRLD with
WTTM using the same architecture, LDRLD’s performance

is slightly lower. This is probably because WTTM trains
the student to approximate smoother soft targets rather than
peaked soft targets, which helps it absorb more knowledge.
In contrast, LDRLD faces challenges caused by the com-
plex category structure in the ImageNet-1K and the limited
capacity of the student, which make it less effective in cap-
turing relationships between categories.

Image Classification Results on CIFAR-100 using
ViT-based Architectures. Classical KD methods are typ-
ically validated within CNN-based frameworks, but their
performance in ViT-based frameworks has been shown to be
limited, indicating that their generalization ability remains
uncertain. To justify the generalization ability of LDRLD,
we conducted ViT-based experiments and employed differ-
ent architectures for distillation, using students based on
CNN, ViT, and MLP, and state-of-the-art results were ob-
tained, and demonstrating the effectiveness of LDRLD, as
shown in Table 4. Evaluating LDRLD on ViT-based mod-
els provides additional insights into the method’s versatility
and robustness across different model paradigms.

4.2. Ablation Studies
To ensure a fair comparison and validate the effectiveness of
component, we conducted ablation experiments on various
teacher-student pairs. For more ablation experiments, see
the supplementary materials.

Impact of the recursion depth d. We studied the im-
pact of the recursion depth d on student performance. When
the depth d is small, the limited number of category pairs
hinders the student from capturing sufficient inter-class dis-
tinctions. Conversely, a large depth d may introduce signif-
icant noise, interfere with the learning process, and lead to
information redundancy due to the large distances between
categories. Thus, excessive recursion depth increases opti-
mization complexity without improving performance. Our
findings indicate that a moderate recursion depth, particu-
larly the depth d = 7 in Fig. 3, achieves the optimal per-
formance across homogeneous and heterogeneous architec-
tures.

(a) Homogeneous architectures (b) Heterogeneous architectures

Figure 3. Impact of the depth d on the performance of the student
on CIFAR-100.

Impact of the ADW. We conducted an ablation study
to evaluate the impact of the component ΩADW on student
performance. As shown in Table 5, using L and LLLKI ,
the performance is quite favorable compared to training the
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Distillation Teacher Publication ResNet56 ResNet110 ResNet110 ResNet32×4 WRN-40-2 WRN-40-2 VGG13
Accuracy 72.34 74.31 74.31 79.42 75.61 75.61 74.64

Manner Student Year ResNet20 ResNet20 ResNet32 ResNet8×4 WRN-16-2 WRN-40-1 VGG8
Accuracy 69.06 69.06 71.14 72.50 73.26 71.98 70.36

FitNet [51] ICLR’15 69.21 68.99 71.06 73.50 73.58 72.24 71.02
RKD [44] CVPR’19 69.61 69.25 71.82 71.90 73.35 72.22 71.48
CRD [62] ICLR’20 71.16 71.46 73.48 75.51 75.48 74.14 73.94

Features ReviewKD [3] CVPR’21 71.89 71.85 73.89 75.63 76.12 75.09 74.84
CAT-KD [11] CVPR’23 71.62 71.14 73.62 76.91 75.60 74.82 74.65

FCFD [37] ICLR’23 71.68 - - 76.80 76.34 75.43 74.86
NORM [38] ICLR’23 71.35 71.55 73.67 76.49 75.65 74.82 73.95

KD [18] NeurIPS’14 70.66 70.67 73.08 73.33 74.92 73.54 72.98
DKD [84] CVPR’22 71.97 70.91 74.11 76.32 76.24 74.81 74.68

CTKD [32] AAAI’23 71.19 70.99 73.52 73.70 75.45 73.93 73.52
NKD [76] ICCV’23 71.18 71.26 73.50 76.35 75.43 74.25 74.86

LCKA [91] IJCAI’24 - 70.87 73.64 75.12 75.78 74.63 74.35
Logits LSKD [60] CVPR’24 71.24 71.61 73.76 76.16 76.22 74.43 74.23

SDD [66] CVPR’24 71.52 71.58 73.97 75.09 75.86 74.53 73.91
WTTM [87] ICLR’24 71.92 71.67 74.13 76.06 76.37 74.58 74.44
TeKAP [19] ICLR’25 71.32 71.24* 73.42* 74.79 75.21 73.80 74.00

LDRLD Ours 72.20 71.98 74.16 77.20 76.35 74.98 75.06
∆ Ours +1.54 +1.31 +1.08 +3.87 +1.43 +1.44 +2.08

Table 1. Evaluation of the top-1 accuracy (%) of student with the same architecture on the CIFAR-100 validation set. ∆ denotes the
improvement over the vanilla KD method. We report the average results of three runs for all tables. * represents our reproduced
results.

Distillation Teacher Publication ResNet32×4 WRN40-2 ResNet50 VGG13 ResNet32×4 ResNet50
Accuracy 79.42 75.61 79.34 74.64 79.42 79.34

Manner Student Year ShufleNetV1 ShufleNetV1 MobileNetV2 MobileNetV2 ShufleNetV2 VGG8
Accuracy 70.50 70.50 64.6 64.6 71.82 70.36

FitNet [51] ICLR’15 73.54 73.73 63.16 63.16 73.54 70.69
RKD [44] CVPR’19 72.28 72.21 64.43 64.43 73.21 71.50
CRD [62] ICLR’20 75.11 76.05 69.11 69.11 75.65 74.30

Features ReviewKD [3] CVPR’21 77.45 77.14 69.89 70.37 77.78 75.34
NORM [38] ICLR’23 77.42 77.06 70.56 68.94 78.07 75.17
FCFD [37] ICLR’23 78.12 77.81 71.07 70.67 78.20 -

CAT-KD [11] CVPR’23 78.26 77.35 71.36 69.13 78.41 75.39
KD [18] NeurIPS’14 74.07 74.83 67.35 67.37 74.45 73.81

DKD [84] CVPR’22 76.45 76.70 70.35 69.71 77.07 75.34
CTKD [32] AAAI’23 74.48 75.78 68.47 68.46 75.31 73.63
NKD [76] ICCV’23 76.31 76.46 70.22 70.67 76.92 74.01

Logits LSKD [60] CVPR’24 - - 69.02 68.61 75.56 74.42
SDD [66] CVPR’24 76.30 76.65 69.55 68.79 76.67 74.89

WTTM [87] ICLR’24 74.37 75.42 69.59 69.16 76.55 74.82
TeKAP [19] ICLR’25 74.92 76.75 69.00* 67.39* 75.43 74.37*

LDRLD Ours 76.46 77.09 70.74 70.11 77.33 75.49
∆ Ours +2.39 +2.26 +3.39 +2.74 +2.88 +1.68

Table 2. Evaluation of the top-1 accuracy (%) of student with the different architecture on the CIFAR-100 validation set.

ResNet34 (teacher): 73.31% Top-1, 91.42% Top-5 accuracy. ResNet18 (student): 69.75% Top-1, 89.07% Top-5 accuracy.

FeaturesAT[27]CRD[62]ReviewKD[3]FCFD[37]CAT-KD[11]LogitsKD[18]CTKD[32]DKD[84]LSKD[60]SDD[66]WTTM[87]TeKAP[19]LDRLD ∆

Top-1 70.69 71.17 71.61 72.24 71.26 Top-1 70.66 71.32 71.70 71.42 71.44 72.19 71.35* 71.88 +1.22

Top-5 90.01 90.13 90.51 90.74 90.45 Top-5 89.88 90.27 90.31 90.29 90.05 - 90.54* 90.58 +0.70

ResNet50 (teacher): 76.16% Top-1, 92.87% Top-5 accuracy. MobileNetV1 (student): 68.87% Top-1, 88.76% Top-5 accuracy.

FeaturesAT[27]CRD[62]ReviewKD[3]FCFD[37]CAT-KD[11]LogitsKD[18] IPWD[43] DKD[84]LSKD[60]SDD[66]WTTM[87]TeKAP[19]LDRLD ∆

Top-1 70.18 71.32 72.56 73.37 72.24 Top-1 70.49 72.65 72.05 72.18 72.24 73.09 72.87* 73.12 +2.63

Top-5 89.68 90.41 91.00 91.35 91.13 Top-5 89.92 91.08 91.05 90.80 90.71 - 91.05* 91.43 +1.51

Table 3. Evaluate the top-1 and top-5 accuracy (%) of student using same and different architectures on the ImageNet-1K validation set.
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Teacher Student
From Scratch Feature-based Logit-based

T:Accuracy S:Accuracy FitNet [51] RKD [44] CRD [62] FOFA [34] KD [18] DKD [84] DIST [21] OFA [14] TeKAP [19] LDRLD ∆

Swin-T ResNet18 89.26 74.01 78.87 74.11 77.63 81.22 78.74 80.26 77.75 80.54 81.38* 82.17 +3.43
ViT-S ResNet18 92.04 74.01 77.71 73.72 76.60 80.11 77.26 78.10 76.49 80.15 79.06* 80.36 +3.10

Mixer-B/16 ResNet18 87.29 74.01 77.15 73.75 76.42 80.07 77.79 78.67 76.36 79.39 80.05* 80.69 +2.90
Swin-T MobileNetV2 89.26 73.68 74.28 69.00 79.80 78.78 74.68 71.07 72.89 80.98 80.23* 81.64 +6.96
ViT-S MobileNetV2 92.04 73.68 73.54 68.46 78.14 78.87 72.77 69.80 72.54 78.45 78.41* 79.21 +6.44

Mixer-B/16 MobileNetV2 87.29 73.68 73.78 68.95 78.15 78.62 73.33 70.20 73.26 78.78 79.89* 80.64 +7.31
ConvNeXt-T DeiT-T 88.41 68.00 60.78 69.79 65.94 79.59 72.99 74.60 73.55 75.76 76.32* 77.46 +4.47
Mixer-B/16 DeiT-T 87.29 68.00 71.05 69.89 65.35 74.66 71.36 73.44 71.67 73.90 74.83* 75.31 +3.95

ConvNeXt-T Swin-P 88.41 72.63 24.06 71.73 67.09 80.74 76.44 76.80 76.41 78.32 79.18* 80.71 +4.27
Mixer-B/16 Swin-P 87.29 72.63 75.20 70.82 67.03 78.44 75.93 76.39 75.85 78.93 78.97* 80.52 +4.59

ConvNeXt-T ResMLP-S12 88.41 66.56 45.47 65.82 63.35 83.50 72.25 73.22 71.93 75.21 81.14* 79.28 +7.03
Swin-T ResMLP-S12 89.26 66.56 63.12 64.66 61.72 80.94 71.89 72.82 11.05 73.58 80.22* 80.54 +8.65

Table 4. Evaluation of the top-1 accuracy (%) of student using ViT-based heterogeneous architectures on the CIFAR100 dataset.

student from scratch. After incorporating ΩADW , the per-
formance improves further. The results show that the com-
ponent ΩADW , which adjusts category pair weights, can
enhance discriminability and effectively improve the per-
formance of the student.

LLocal VGG13 VGG13 ResNet50 ResNet32×4

L ΩADW LLLKI VGG8 MobileNetV2 MobileNetV2 ShffleNetV2
- - - 70.50 64.60 64.60 71.82
✓ ✓ 74.25 (+3.75) 68.95 (+4.35) 69.23 (+4.63) 76.92 (+5.10)
✓ ✓ ✓ 74.46 (+3.96) 69.27 (+4.67) 69.52 (+4.92) 77.07 (+5.25)

Table 5. Impact of ADW on student’s performance on CIFAR100.

4.3. Generalization Performance Evaluation
To validate the generalization ability of our method, we ex-
tended the task to person Re-ID. As presented in Table 6,
the results indicate that our method exhibits superior per-
formance compared to other distillation methods, such as
AT and DKD, confirming its effectiveness.

Methods Rank@1 Rank@5 Rank@10 mAP
ResNet50(teacher) 88.03 95.01 96.67 71.77
ResNet18(student) 85.04 94.06 96.23 65.30
AT [27] 86.71 94.88 96.89 68.42
KD [18] 88.21 94.88 96.80 71.79
DKD [84] 87.50 94.74 96.71 71.83
LDRLD 88.31 95.05 97.03 72.13
∆ +3.27 +0.99 +0.80 +6.83

Table 6. Comparison with different methods on Market-1501.

4.4. Visualizations
We evaluate our experimental results using Grad-CAM [53]
and Correlation Matrices for visualization and the latter is
provided in the Supplementary Material.

Visualization of Grad-CAM. To demonstrate the effec-
tiveness of our proposed method, we use Grad-CAM to vi-
sualize the feature map. As shown in Figs. 4 (c) and (e),
our method accurately identifies target objects by focusing
on the detailed features of primary categories. In contrast,
Figs. 4 (b) and (d) reveal that vanilla KD tends to focus
on non-critical regions, causing it to overlook crucial infor-
mation, and leading to performance degradation. Instead,

Our method’s targeted attention can retain important details,
thereby enhancing overall performance.

Orignal

(a) Input

ResNet32×4

(b) KD

/ResNet8×4

(c) LDRLD

ResNet32×4

(d) KD

/ShuffleV2

(e) LDRLD

Figure 4. Feature map visualization of the student’s penultimate
layers on CIFAR-100 dataset using vanilla KD and LDRLD.

5. Conclusion

We propose the Local Dense Relational Logit Distillation
method and further incorporate the Adaptive Decay Weight
strategy, including Inverse Rank Weighting and Exponen-
tial Rank Decay, to effectively capture fine-grained features
within logit knowledge. Experimental results demonstrate
that our method outperforms state-of-the-art logit-based KD
methods on the CIFAR-100, Tiny-ImageNet, MSCOCO-
2017, and ImageNet-1K datasets, validating its effective-
ness.
Limitations and future work. Despite these achievements,
our method still requires manual selection of the recursion
depth d. Since the optimal choice of d depends on the num-
ber of classes and the complexity of the task, it is necessary
to adjust d accordingly. Therefore, future work will explore
adaptive approaches to address this limitation.
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