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Abstract

Logit Knowledge Distillation has gained substantial research
interest in recent years due to its simplicity and lack of re-
quirement for intermediate feature alignment; however, it
suffers from limited interpretability in its decision-making
process. To address this, we propose implicit Clustering
Distillation (iCD): a simple and effective method that mines
and transfers interpretable structural knowledge from logits,
without requiring ground-truth labels or feature-space align-
ment. iCD leverages Gram matrices over decoupled local
logit representations to enable student models to learn la-
tent semantic structural patterns. Extensive experiments on
benchmark datasets demonstrate the effectiveness of iCD
across diverse teacher-student architectures, with particu-
larly strong performance in fine-grained classification tasks—
achieving a peak improvement of +5.08% over the baseline.

Code — https://github.com/maomaochongaa/iCD

Introduction
Knowledge distillation has become a crucial technique in
model compression by transferring implicit knowledge em-
bedded in pre-trained teacher models to enhance student net-
works’ generalization performance (Gou et al. 2021; Gao
et al. 2025). Among these, logit-level knowledge transfer has
gained widespread attention in heterogeneous model com-
pression tasks due to its low computational overhead and
capacity for cross-architecture learning without requiring in-
termediate structural alignment.

Although existing logit distillation methods have achieved
certain effectiveness in knowledge transfer, they solely rely
on the global logit knowledge of inputs and struggle to fully
transmit fine-grained semantic information, which may lead
to suboptimal performance. To address this, SDD (Wei, Luo,
and Luo 2024) attempts to refine knowledge through scale-
level logit decoupling, but remains confined to the “learning-
to-predict” paradigm in the output space and fails to model
semantic structures in the representation space. To target this
limitation, this paper proposes the iCD method, which aims
to leverage scale-level decoupled logit outputs to further
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learn and transfer the teacher model’s semantic structure-
level knowledge, thereby enhancing the student model’s dis-
criminative capability and overall performance.

Methodology
Notation. Given an input image x, let T and S denote the
teacher network and student network, respectively. We di-
vide these networks into two components: (i) A convolu-
tional feature extractor fNet where Net = {T, S}. The
feature map from the penultimate layer is represented as
fNet(x) ∈ RcNet×hNet×wNet , where cNet is the number
of feature channels, and hNet × wNet denotes the spatial
dimensions. (ii) A projection matrix WNet(x) ∈ RcNet×K

that maps the feature vectors extracted from fNet(x) to log-
its zlNet (l = 1, 2, . . . ,K) corresponding to K categories.
Let fNet(i, j) = fNet(x)(: j, k) ∈ RcNet×1×1 denote the
feature vector at spatial position (j, k) in fNet(x). Accord-
ing to the receptive field theory, fNet(j, k) corresponds to
the representation of the region (tx, ty, tx + d, ty + d) in x,
where tx = d · j, ty = d · k, and d is the downsampling
factor between the input and the final feature map. Define
all scales m in the set M = {1, 2, 4, . . . , w}, where each
scale m partitions the feature map into Nm = m2 non-
overlapping cells. Let C(m,n) denote the n-th spatial cell
at scale m, where n ∈ {1, 2, . . . , Nm}.

Distillation. As shown in Figure 1, the proposed iCD con-
sists of two key components: structured clustering and in-
formation weighting. Specifically, given feature maps fT (x)
and fS(x) extracted from the penultimate layers of the
teacher and student models, respectively, our method forms
logit pairs over corresponding spatial regions C(m,n) and
computes the similarity of their internal fine-grained repre-
sentations. This helps students learn fine-grained logits with
structured spatial distributions. Subsequently, we establish
distillation pipelines for logits at each scale m ∈ M . Finally,
information weighting reassigns weights across different
scales, as the logits at larger m contain richer fine-grained
information whose proportion increases accordingly. This
guides the student network to focus precisely on local dis-
criminative features.

In our method, Z(m,n) represents the corresponding in-
put region, and π(m,n) ∈ RK×1×1 denotes its logit output.
We construct the structural matrix G(m,n) by computing the
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Figure 1: Visualization of Knowledge Distillation and Implicit Clustering Distillation.

Gram matrix of π(m,n)T and π(m,n)S across all scales,
which captures the internal relational structure among log-
its. For each pair G(m,n)

T and G(m,n)
S at the same scale

m, we compute the KL divergence loss between student and
teacher models. Since logit outputs across scales vary in
fine-grained knowledge content, applying uniform weights
is suboptimal. We assign higher weights to finer-grained
scales, encouraging the student to learn more discriminative
local representations.

Experiments
Datasets and Implementation Details. Our experiments
utilize the CIFAR-100 and CUB-200-2011 datasets. CIFAR-
100 is adopted for evaluating standard image classification
tasks, while CUB-200 is used for fine-grained image classi-
fication evaluation, which contains 200 bird species across

Teacher ResNet32x4 ResNet32x4 VGG13
Acc 66.17 66.17 70.19

Student MobileNetV2 ShuffleNetV1 VGG8
Acc 40.23 37.28 46.32
SP 48.49 61.83 54.78

CRD 57.45 62.28 66.10
LDRLD 60.99 65.19 68.27

KD 56.09 61.68 64.18
SD-KD 60.51 65.46 67.32
iCD-KD 61.17 65.88 68.52

DKD 59.94 64.51 67.20
SD-DKD 62.97 65.58 68.67
iCD-DKD 63.51 65.95 68.31

NKD 59.81 64.00 67.16
SD-NKD 62.69 65.50 68.37
iCD-NKD 63.55 67.10 68.95

Table 1: Performance on the CUB-200 Dataset.

distinct categories. For implementation details, we mostly
follow the SDD (Wei, Luo, and Luo 2024) configuration.

Results. As shown in Table 1, the proposed iCD method
achieves strong performance across diverse teacher-student
model combinations. Particularly in the most challenging
cross-architecture distillation scenarios, the performance
gains are notably pronounced: when transferring from
ResNet32x4 to MobileNetV2, iCD-KD achieves a +5.08%
improvement over KD. Notably, iCD-NKD outperforms the
teacher model in the transfer from ResNet32x4 to Shuf-
fleNetV1. These results conclusively validate that the pro-
posed iCD method effectively mines and transfers refined
structural knowledge from the teacher, significantly enhanc-
ing the capacity of the student model to assimilate complex,
architecture-agnostic knowledge representations.

Conclusion
This paper proposes iCD, a novel knowledge distillation
method designed to provide student models with an inter-
pretable form of structured guidance. While SDD delivers
decoupled logit supervision, iCD further mines the latent
semantic structures within teacher and student logits. By en-
couraging student models to implicitly mimic the teacher’s
semantic structures (without relying on explicit class labels),
iCD achieves more structure-aware knowledge transfer.
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