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Knowledge Distillation (KD) transfers knowledge from a large teacher model to a smaller student
model. While contrastive objectives have proven effective for learning structured representations
in self-supervised settings, their use in distillation is hindered by two practical shortcomings: the
reliance on large external memory banks for negative sampling, and the class-collision problem, in
which semantically similar instances are pushed apart due to uniform negative treatment. To address
these limitations, we propose Discriminative and Consistent Distillation (DCD), a framework that
combines contrastive instance discrimination with a consistency regularization term based on KL
divergence over pairwise similarity distributions. This dual objective ensures the student captures
fine-grained instance-level features while preserving the teacher’s relational structure. Our method
further introduces an efficient in-batch sampling strategy that removes the need for external memory
banks, and learnable temperature and bias parameters that adapt during training to control the
sharpness and scale of the distillation signal. The resulting method matches the training speed
of standard KD while introducing only 66K additional parameters, compared to 12.8M for prior
contrastive approaches. Through extensive experiments on CIFAR-100, ImageNet, and MS-COCO
across 13 teacher-student pairs, we show that our approach achieves state-of-the-art performance
in classification, object detection, and cross-dataset transfer, while substantially reducing memory
consumption and training time compared to existing distillation methods.
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1 Introduction

Figure 1 Overview of DCD. (left) Discriminative learning
through contrastive distillation encourages student features
(solid blue) to differentiate between instances by pulling
them closer to their corresponding teacher features (trans-
parent blue) while pushing away from other instances as
negative samples (black dots). (right) Structural consis-
tency through consistency regularization preserves the dis-
tributional relationship patterns captured by the teacher
model by aligning the student and teacher feature similar-
ities (represented by dotted lines) through KL divergence
minimization.

Knowledge Distillation (KD) enables the trans-
fer of knowledge from large, high-capacity teacher
models to compact student models [1]. As state-of-
the-art vision models for image classification [2; 3],
object detection [4; 5], and semantic segmenta-
tion [6; 7] continue to grow in size and computa-
tional cost [8; 9], efficient model compression has
become a practical necessity [10; 11]. The founda-
tional works of Buciluǎ et al. [10] and Hinton et al.
[1] formulated distillation as minimizing the KL
divergence between teacher and student output dis-
tributions. While this is natural when the output
is a categorical distribution over classes, it does
not capture the richer internal knowledge encoded
in intermediate representations, including visual
semantics and inter-class relations.

Representational knowledge is inherently struc-
tured : feature dimensions exhibit non-trivial cor-
relations and higher-order dependencies that logit
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matching alone cannot preserve. To address this, feature-based methods [12; 13; 14; 15] extend distillation
to intermediate layers. However, Tian et al. [16] demonstrated that such approaches still fail to capture
the full structural knowledge in the teacher’s representations. Building on this observation, contrastive
objectives [17; 18; 19] have been adapted for distilling structured knowledge between teacher and student
networks [16; 20]. By treating each instance as its own class and learning to discriminate between them,
contrastive distillation can transfer fine-grained representational information that goes beyond what logit-based
or feature-matching methods capture.

However, contrastive distillation in its current form faces notable limitations. First, instance-discrimination
objectives inevitably introduce a class-collision problem, formally identified by Giakoumoglou and Stathaki
[21]: because negative samples are drawn uniformly, semantically similar instances are pushed apart just as
aggressively as dissimilar ones [22; 23; 24]. In the distillation context, this weakens the alignment between
teacher and student relational structures, preventing the student from learning a coherent semantic geometry.
Second, existing contrastive distillation methods such as CRD [16] require large external memory banks
to store negative representations, introducing significant memory overhead and implementation complexity.
Third, fixed temperature hyperparameters limit the adaptability of the contrastive objective across different
training stages and teacher-student pairs [25].

To overcome these limitations, we propose Discriminative and Consistent Distillation (DCD), a method
that combines contrastive instance discrimination with a consistency regularization term. The contrastive
component aligns teacher and student representations at the instance level, while the consistency term,
formulated as KL divergence over pairwise similarity distributions, ensures that the student preserves the
teacher’s global relational structure. This dual objective mitigates the class-collision problem by explicitly
encouraging the student to maintain the relative similarity patterns observed by the teacher. Furthermore, our
method replaces external memory banks with an efficient in-batch sampling strategy, using only the negative
samples that naturally co-exist within each mini-batch, reducing the additional parameter count from 12.8M
to just 66K while matching the training speed of standard KD at 8ms per batch. We also introduce learnable
temperature and bias parameters that adapt during training, automatically adjusting the sharpness and scale
of the distillation signal rather than relying on fixed hyperparameters.

Our main contributions are as follows: (i) We propose a unified distillation framework (Section 3) that combines
contrastive instance discrimination (Section 3.2.1) with a KL divergence-based consistency regularization
(Section 3.2.2), enabling the student to learn representations that are both discriminative and structurally
aligned with the teacher. (ii) We introduce an efficient in-batch sampling strategy that eliminates the need for
large external memory banks, reducing additional parameters by 195� compared to CRD [16] and matching
the training throughput of simple logit-based methods (Section 3.3 and Table 5). (iii) We employ learnable
temperature and bias parameters that dynamically adapt during training, providing flexible control over
the distillation objective without manual tuning (Section 3.3 and Figure 4). (iv) We validate our method
through extensive experiments on CIFAR-100 (Table 1), ImageNet (Table 2), and MS-COCO (Table 3)
across 13 teacher-student pairs, demonstrating state-of-the-art results in classification, object detection, and
cross-dataset transferability (Table 4).

2 RelatedWork

2.1 Knowledge Distillation

The original formulation of knowledge distillation [1] transfers knowledge through softened logit outputs
using temperature scaling in the softmax function. Subsequent work has developed along two main branches:
logit-based distillation, which operates on the output distributions of the network, and feature-based distillation,
which leverages intermediate representations.

2.1.1 Logit-basedMethods

Logit-based methods transfer knowledge by aligning the output distributions of the teacher and student
networks. Several directions have been explored to improve upon the original KL divergence formulation.
One line of work focuses on restructuring the distillation objective itself, including decoupling the KL

2



divergence into target-class and non-target-class components [26], reweighting soft labels from a bias-variance
perspective [27], addressing the transfer gap through probability reweighting [28], and normalizing logits
before applying softmax and KL divergence to improve gradient behavior [29]. Another direction explores
adaptive temperature control, through �xed schedules with auxiliary networks [30] or relaxed distribution
matching that accounts for teacher-student capacity di�erences [31]. Further e�orts include test-time memory
mechanisms that re�ne distillation at inference [32] and softmax regression-based representation learning [33].
Our method shares the use of temperature scaling with [1], but di�ers in that our temperature is a learnable
parameter optimized jointly with the network, rather than a �xed or scheduled hyperparameter, closely
following Radford et al. [25].

2.1.2 Feature-based Methods

Feature-based methods transfer knowledge from intermediate representations rather than output logits,
allowing the student to learn richer structural information from the teacher's internal layers. Early work
introduced intermediate feature hints [12] and spatial attention alignment [13] to guide student training. A
substantial body of work has since focused on preserving structural relationships, including geometric relations
between sample pairs such as distances and angles [34], correlation matrices across feature dimensions [15],
pairwise similarity structures [35], and probabilistic embeddings [36]. Other approaches include factor transfer
through paraphrasing [37], activation boundary transfer [38], �ow of solution procedures [14], neuron selectivity
transfer [39], variational information distillation [40], and comprehensive feature overhaul [41].

Recent methods introduced cross-stage review mechanisms [42], reuse of the teacher's classi�er head [43],
cross-layer semantic calibration [44], many-to-one representation matching [45], feature correlation-based
distillation [ 46], and category-aligned attention transfer [47]. Of particular relevance to our work, CRD [16]
adapted contrastive objectives to maximize mutual information between teacher and student representations,
showing that feature-matching methods alone fail to capture the full structural knowledge in the teacher.
However, CRD requires a large external memory bank (16k features per class) and relies on �xed hyperparam-
eters. Extensions include Wasserstein-based contrastive distillation [48], complementary relational contrastive
distillation [49], feature kernel distillation [50], and information-theoretic representation distillation [51].

Our method falls within the feature-based family but addresses the key limitations of existing contrastive
approaches: we replace external memory banks with in-batch sampling, introduce learnable temperature and
bias parameters, and augment instance-level contrastive alignment with a distributional consistency term that
preserves the teacher's relational structure.

2.2 Instance Discrimination

Instance discrimination methods in self-supervised learning learn representations by treating each individual
sample as its own class [52; 53], building on foundations in metric learning [54; 55] and noise contrastive
estimation (NCE) [ 17]. These methods transform unsupervised learning into a classi�cation problem, and
theoretical analysis has shown that such objectives maximize a lower bound on mutual information between
views [18; 22; 19]. Recent advances include momentum-based encoders [56], large-batch contrastive learning
with stronger augmentations [57], and methods that eliminate explicit negative samples entirely through
asymmetric architectures [58; 59; 60], redundancy reduction [61], or variance-covariance regularization [62].
Some approaches further explore invariance regularizers [63] or rethink the role of the momentum encoder
itself [64]. Our method combines instance-level discrimination [52; 53] with a consistency regularization term
that explicitly aligns pairwise similarity distributions between teacher and student, preserving relational
structure while retaining the discriminative bene�ts of instance-level learning. Our approach avoids �xed
negative samples or momentum encoders [64], using dynamic adaptation during training.

3 Methodology

Here, we introduce our objective which transfers knowledge from a pre-trained teacher network to a student
network by combining instance-level contrastive alignment with distributional consistency regularization.
Section 3.1 outlines the fundamental principles of knowledge distillation, Section 3.2 details the formulation of
our dual objective, and Section 3.3 describes the implementation details.
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3.1 Preliminaries on Knowledge Distillation

Knowledge distillation involves transferring knowledge from a high-capacity teacher neural networkf T
� to

a more compact student neural networkf S
� [1; 10]. Consider xi as the input to these networks, typically

an image. We represent the outputs at the penultimate layer (just before the �nal classi�cation layer) as
zT

i = f T
� (x i ) and zS

i = f S
� (x i ) for the teacher and student models, respectively. The primary objective of

knowledge distillation is to enable the student model to approximate the performance of the teacher model.
The overall distillation process can be mathematically expressed as:

�̂ S = arg min
� S

NX

i=1

(L sup (x i ; � S ; yi ) + � � L distill (x i ; � S ; � T )) ; (1)

where yi represents the true label for the input xi , � S and � T are the parameter sets for the student and
teacher networks, and� is a hyperparameter that balances the supervised loss and the distillation loss. The
supervised lossL sup is the task-speci�c alignment error between the network prediction and annotation. For
image classi�cation [65; 66; 11; 67], this is typically cross-entropy loss, while for object detection [68; 69],
it includes bounding box regression. The distillation lossL distill is the mimic error of the student network
towards the teacher network, typically implemented as KL divergence between student and teacher outputs [1].

3.2 Discriminative and Consistent Distillation

Our method extends Equation (1) with an additional feature-based distillation term L kd :

�̂ S = arg min
� S

NX

i=1

(L sup (x i ; � S ; yi ) + � � L distill (x i ; � S ; � T ) + � � L kd (x i ; � S ; � T )) ; (2)

where � weights our proposed loss Lkd , which consists of two complementary terms:

L kd = L ctr + � � L cst ; (3)

where L ctr is a contrastive objective (Section 3.2.1) for instance-level discrimination,L cst is a consistency
regularization term (Section 3.2.2) for preserving relational structure, and� balances the two components (cf.
Section 4.4). The combination provides complementary supervision: KL divergence o�ers direct class-level
guidance through logit-space alignment, while our proposed loss ensures feature-space consistency.

3.2.1 Contrastive Objective

We employ contrastive learning to align teacher and student representations at the instance level. For a
mini-batch of N samples, each student representation zSi must identify its corresponding teacher representation
zT

i among all N teacher representations. This is formulated as anN -way classi�cation problem using noise
contrastive estimation [17]:

L ctr = �
1
N

NX

i=1

log
exp(` ii )

P N
j=1 exp(` ij )

; (4)

where ` ij = z S
i � zT

j � exp(� ) + b is the scaled similarity between the i -th student feature and the j -th
teacher feature, and� and b are learnable temperature and bias parameters described in Section 3.3.2. The
negative samples are all other teacher representations within the same mini-batch, eliminating the need
for external memory banks. This formulation e�ectively transforms into a cross-entropy loss, where each
student representation zS

i must identify its corresponding teacher representation zTi among all other teacher
representations in the batch. The objective essentially becomes a classi�cation task: student embeddings must
�classify� their matching teacher embeddings correctly, with the normalized similarities acting as logits and

4



positive pair indices as class labels. The parameters� and b provide �ne-grained control over this classi�cation
process, determining its sharpness and scale respectively.

3.2.2 Consistency Objective

The contrastive objective aligns individual instances but does not explicitly preserve the relational structure
of the teacher's representation space. To address this, we introduce a consistency regularization term that
enforces agreement between two complementary perspectives of the cross-model similarity. Given the similarity
matrix ` ij = z S

i � zT
j �exp(� )+ b from the contrastive objective, we de�ne two distributions by normalizing along

di�erent axes. The student perspective pS
i = [ pS

i (1); : : : ; pS
i (N )] captures, for each student representation

i , its relative a�nity to all teacher representations, while the teacher perspective p T
j = [ pT

j (1); : : : ; pT
j (N )]

captures, for each teacher representation j, the relative a�nity of all student representations towards it:

pS
i (j) =

exp(` ij )
P N

k=1 exp(` ik )
; pT

j (i) =
exp(` ij )

P N
k=1 exp(`kj )

: (5)

Intuitively, p S
i answers �which teacher representation best matches studenti?�, while pT

j answers �which
student representation best matches teacherj ?�. For a well-aligned student, these two perspectives should
agree: if student i strongly selects teacherj , then teacher j should also strongly select studenti . The
consistency objective enforces this by minimizing the KL divergence between the two views:

L cst =
1
N

NX

i=1

DKL (p S
i kpT

i ) =
1
N

NX

i=1

NX

j=1

pS
i (j) log

pS
i (j)

pT
j (i)

: (6)

This term encourages the similarity matrix to be structurally consistent across both perspectives, promoting a
coherent bidirectional matching between student and teacher representations. Unlike relational methods such
as RKD [34] that preserve geometric relations between sample pairs, or CC [15] that maintains correlation
matrices, our approach aligns complementary views of the same cross-model similarity structure, providing
a softer and more informative supervisory signal. While RRD [21] also aligns similarity distributions via
cross-entropy, it relies on an external memory bank with dual temperatures (� t , � s) and uses only the
distributional objective.

3.2.3 Relation to InfoNCE

Our contrastive objective in Equation (4) is closely related to the InfoNCE loss [18]. InfoNCE implements
instance discrimination through N -way classi�cation, separating di�erent instances while enforcing similar
representations for matching pairs. Our formulation extends this by sharing the learnable temperature and
bias parameters with the consistency objective (Equation (6)), coupling the two terms through a common
similarity scale. When � = 0, our method reduces to a contrastive distillation objective with learnable
temperature (cf. Section 4.4 for the � = 0 case).

3.2.4 Relation to KL Divergence Distillation

The standard KL divergence distillation loss [1] aligns softmax distributions over C class logits, while our
consistency objective (Equation (6)) aligns softmax distributions over N pairwise similarity scores. Both
use KL divergence to transfer distributional knowledge, but operate in complementary spaces: the former
captures class-level predictions, while the latter captures relational structure in the feature space.

3.3 Implementation Details

We implement the objective using mini-batch stochastic gradient descent. The representations zTi = f T
� (x i )

and zS
i = f S

� (x i ) are obtained from the last layer of the teacher and student models, respectively. We further
encode zTi and zS

i using a projection head to match the dimensions. The projection head is trained using
stochastic gradient descent as well, ensuring that the representations from both models are compatible for
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comparison and alignment. Additionally, we `2-normalize the outputs zT
i and zS

i before computing the loss,
so that the representations lie on a unit hypersphere.

3.3.1 Memory-efficient In-batch Sampling

Instead of maintaining a large memory bu�er for negative sampling as in CRD [16] or RRD [21], we use the
negative samples that naturally co-exist within the mini-batch. This approach signi�cantly reduces memory
requirements: while CRD's memory bank on ImageNet requires approximately 8MB per class (16k features�
128 dimensions� 4 bytes), our in-batch sampling requires only 0.13MB total (256� 128� 4 bytes for a batch
size of 256). This also eliminates the complexity of memory bank management, including challenges related to
feature staleness and queue maintenance [56], and ensures that all negative representations are up-to-date
within the current training iteration. This e�ciency extends to training time, i.e., on a 4-GPU machine, our
method completes ImageNet training in approximately 72 hours compared to CRD's 88 hours, representing
an 18% reduction in training time.

3.3.2 Learnable Temperature and Bias

Unlike contrastive learning objectives that use a �xed temperature parameter, we parameterize the temperature
using exp(� ) where � is a learnable parameter, along with a learnable biasb, closely following Radford et al.[25].
For a batch of normalized embeddings zSi and zT

i , the similarity matrix is computed as ` ij = z S
i � zT

j � exp(� )+ b,
implemented e�ciently as a scaled matrix multiplication. The exponential parameterization ensures the
e�ective temperature remains positive while allowing unconstrained optimization of � , which is clamped to
[0; � max ] for numerical stability. The learnable bias b provides an additive degree of freedom that adjusts
the logit scale. Both � and b are shared across the contrastive and consistency objectives (Equations (4)
and (6)), coupling the two terms through a common similarity parameterization. This adaptive approach
allows the model to automatically tune the contrast level and logit scaling during training, leading to more
robust knowledge transfer compared to �xed hyperparameter approaches. We ablate the learnable� and b in
Section 4.4.

4 Experiments

We evaluate our method1 on both image classi�cation and object detection tasks across multiple benchmarks
and teacher-student con�gurations. Section 4.1 outlines the experimental setup, Section 4.2 presents quantita-
tive results across benchmarks, and Section 4.3 analyzes the learned representations and structural properties.
Ablations are discussed in Section 4.4.

4.1 Experimental Setup

We evaluate the proposed framework on both image classi�cation and object detection tasks using �ve
standard benchmarks: CIFAR-100 [70], ImageNet ILSVRC-2012 [71], STL-10 [72], Tiny ImageNet [71], and
MS-COCO [73]. Following prior work [ 16], we experiment with 13 teacher-student combinations of varying
capacity using ResNet [74], Wide ResNet (WRN) [75], VGG [76], MobileNet (MN) [ 77], and Shu�eNet
(SN) [78] architectures. We follow the implementation protocol of [16] for image classi�cation and [26; 42] for
object detection. Both student and teacher outputs are projected to a 128-dimensional space using a projection
head consisting of a single linear layer, followed bỳ2 normalization. We set � = 0 :5, � = 1, and � max = 10:0.
The hyperparameter � is set to 1:0 for the KL divergence loss to maintain consistency with [16; 44; 43],
while we provide ablations in Section 4.4. We compare against a wide range of distillation methods spanning
logit-based, feature-based, and contrastive approaches, including KD [1], FitNet [ 12], AT [ 13], SP [35], CC [15],
VID [ 40], RKD [ 34], PKT [ 36], AB [38], FT [ 37], FSP [14], CRD [16], OFD [41], WSLD [27], IPWD [ 28], and
CTKD [30], with more methods in Section B.1. Full implementation details are provided in Section B.

1Following standard practice, we denote our method as �DCD� when using only supervised and proposed losses ( � = 0), and
�DCD+KD� when incorporating all objectives (� 6= 0).
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Table 1 Main results on CIFAR-100. Test top-1 accuracy (%) for various teacher-student architecture combinations.
Results for our method and those adapted from [16] are averaged over �ve independent runs. Architecture abbreviations:
W: WideResNet, RN: ResNet, rn: resnet, MN: MobileNet, SN: Shu�eNet. See Section B.3 for details.

Same architecture Di�erent architecture

Teacher WRN-40-2 WRN-40-2 rn-56 rn-110 rn-110 rn-32x4 VGG-13 VGG-13 RN-50 RN-50 RN-32x4 RN-32x4 WRN-40-2
Student WRN-16-2 WRN-40-1 rn-20 rn-20 rn-32 rn-8x4 VGG-8 MN-v2 MN-v2 VGG-8 SN-v1 SN-v2 SN-v1

Teacher 75.61 75.61 72.34 74.31 74.31 79.42 74.64 74.64 79.34 79.34 79.42 79.42 75.61
Student 73.26 71.98 69.06 69.06 71.14 72.50 70.36 64.60 64.60 70.36 70.50 71.82 70.50
KD [1] 74.92 73.54 70.66 70.67 73.08 73.33 72.98 67.37 67.35 73.81 74.07 74.45 74.83
FitNet [12] 73.58 72.24 69.21 68.99 71.06 73.50 71.02 64.14 63.16 70.69 73.59 73.54 73.73
AT [13] 74.08 72.77 70.55 70.22 72.31 73.44 71.43 59.40 58.58 71.84 71.73 72.73 73.32
SP [35] 73.83 72.43 69.67 70.04 72.69 72.94 72.68 66.30 68.08 73.34 73.48 74.56 74.52
CC [15] 73.56 72.21 69.63 69.48 71.48 72.97 70.81 64.86 65.43 70.25 71.14 71.29 71.38
VID [40] 74.11 73.30 70.38 70.16 72.61 73.09 71.23 65.56 67.57 70.30 73.38 73.40 73.61
RKD [34] 73.35 72.22 69.61 69.25 71.82 71.90 71.48 64.52 64.43 71.50 72.28 73.21 72.21
PKT [36] 74.54 73.45 70.34 70.25 72.61 73.64 72.88 67.13 66.52 73.01 74.10 74.69 73.89
AB [38] 72.50 72.38 69.47 69.53 70.98 73.17 70.94 66.06 67.20 70.65 73.55 74.31 73.34
FT [37] 73.25 71.59 69.84 70.22 72.37 72.86 70.58 61.78 60.99 70.29 71.75 72.50 72.03
FSP [14] 72.91 n/a 69.95 70.11 71.89 72.62 70.33 58.16 64.96 71.28 74.12 74.68 76.09
CRD [16] 75.48 74.14 71.16 71.46 73.48 75.5173.94 69.73 69.11 74.30 75.11 75.65 76.05
CRD+KD [16] 75.64 74.38 71.6371.56 73.75 75.46 74.29 69.94 69.54 74.58 75.12 76.05 76.27
OFD [41] 75.24 74.33 70.38 n/a 73.23 74.95 73.95 69.48 69.04 n/a 75.98 76.82 75.8
WSLD [27] n/a 73.74 71.53 n/a 73.36 74.79 n/a n/a 68.79 73.80 75.09 n/a 75.23
IPWD [28] n/a 74.64 71.32 n/a 73.91 76.03 n/a n/a 70.25 74.97 76.03 n/a 76.44
CTKD [30] 75.45 73.93 71.19 70.99 73.52 n/a 73.52 68.46 68.47 n/a 74.78 75.31 75.78
DCD (ours) 74.99 73.69 71.18 71.00 73.12 74.23 73.22 68.35 67.39 73.85 74.26 75.26 74.98
DCD+KD (ours) 76.06 74.76 71.81 72.03 73.62 75.09 73.95 69.77 70.03 74.08 76.01 76.95 76.51

Table 2 Main results on ImageNet. Test top-1 accuracy (%) on the ILSVRC-2012 validation set across diverse distillation
methods. We report results from a single run across representative teacher-student pairs.

Teacher Student KD [1] AT [13] SP [35] CC [15] RKD [34] CRD [16] DCD DCD+KD

RN-34!RN-18 73.31 69.75 70.67 71.03 70.62 69.96 70.40 71.17 71.10 71.71
RN-50!RN-18 76.16 69.75 71.29 71.18 71.08 n/a n/a 71.25 71.38 71.65
RN-50!MN-v2 76.16 69.63 70.49 70.18 n/a n/a 68.50 69.07 70.51 71.55

4.2 Main Results

We benchmark our method on image classi�cation and object detection tasks. Comprehensive comparisons
with additional methods are provided in Section C.

4.2.1 Results on CIFAR-100

We evaluate top-1 classi�cation accuracy on CIFAR-100 across 13 teacher-student pairs covering both same-
architecture and cross-architecture con�gurations. Table 1 compares our method against existing distillation
approaches. DCD combined with KD achieves superior performance, surpassing the teacher network by +0.45%
in the same-architecture setting (WRN-40-2 to WRN-16-2) and by +0.90% in the cross-architecture setting
(WRN-40-2 to Shu�eNet-v1). Over baseline students, the improvements reach +2.82% for same-architecture
and +5.25% for cross-architecture pairs, outperforming CRD. DCD alone performs slightly below CRD, which
relies on a large 16k-feature memory bank. However, combining DCD with KD yields stronger results, as the
two objectives are complementary: KL divergence provides direct class-level supervision through logit-space
alignment, while our proposed loss ensures feature-space consistency.

4.2.2 Results on ImageNet

We evaluate top-1 classi�cation accuracy on ImageNet ILSVRC-2012 across multiple teacher-student con-
�gurations. Table 2 presents the results. Our method consistently surpasses baselines [1; 13; 35; 15; 34; 16]
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Table 3 Object detection performance on MS-COCO. Evaluation using Faster R-CNN with an FPN backbone on the val2017
set. We report mean Average Precision (AP) and AP at IoU thresholds of 0.5 and 0.75 for single-run experiments.

Method
RN-101 ! RN-18 RN-101 ! RN-50 RN-50 ! MN-v2

AP AP 50 AP75 AP AP 50 AP75 AP AP 50 AP75

Teacher 42.04 62.48 45.88 42.04 62.48 45.88 40.22 61.02 43.81
Student 33.26 53.61 35.26 37.93 58.84 41.05 29.47 48.87 30.90
KD [1] 33.97 54.66 36.62 38.35 59.41 41.71 30.13 50.28 31.35
FitNet [12] 34.13 54.16 36.71 38.76 59.62 41.80 30.20 49.80 31.69
ReviewKD [42] 36.75 56.72 39.00 40.36 60.97 44.08 33.71 53.15 36.13
DKD [26] 35.05 56.60 37.54 39.25 60.90 42.73 32.34 53.77 34.01
DCD (ours) 37.12 57.58 39.93 40.48 61.14 44.21 33.89 53.84 36.28

Table 4 Cross-dataset generalization performance. Test top-1 accuracy (%) of a WRN-16-2 student distilled from a
WRN-40-2 teacher. Representations learned on CIFAR-100 are transferred and evaluated on the STL-10 and Tiny
ImageNet datasets. Abbreviations: C: CIFAR, TIN: Tiny ImageNet.

Teacher Student KD [1] AT [13] FitNet [12] CRD [16] CRD+KD [16] DCD DCD+KD

C-100!STL-10 68.6 69.7 70.9 70.7 70.3 71.6 72.2 71.2 72.5
C-100!TIN 31.5 33.7 33.9 34.2 33.5 35.6 35.5 35.0 36.2

Table 5 Efficiency analysis on CIFAR-100. Comparison of training latency (ms per batch) and parameter counts (in
millions, M) for di�erent distillation frameworks. We use a ResNet-32x4 teacher and ResNet-8x4 student within the
MDistiller framework [26] on an NVIDIA RTX 6000 GPU.

KD [1] FitNet [12] AT [13] RKD [34] CRD [16] OFD [41] RewiewKD [42] DKD [26] DCD

Time (ms) 8 8 10 17 19 20 14 9 8
Params (M) 0 0.017 0 0 12.866 0.087 1.809 0 0.066

and achieves competitive performance across di�erent architectures, including challenging cross-architecture
transfer scenarios. These results con�rm that the gains observed on CIFAR-100 extend to large-scale settings.

4.2.3 Results on COCO

We evaluate object detection performance on MS-COCO using Faster R-CNN [4] with Feature Pyramid
Network (FPN) [ 5] as the detection framework, following [26]. We report AP, AP 50, and AP75 across three
teacher-student scenarios: ResNet-101 to ResNet-18, ResNet-101 to ResNet-50, and ResNet-50 to MobileNet-
V2. Table 3 presents the results. Our method consistently surpasses baselines [1; 26; 12; 42] across all three
settings. These results demonstrate that the gains of our approach extend beyond classi�cation to the more
challenging object detection task, including cross-architecture transfer scenarios.

4.2.4 Transferability of Representations

We evaluate the cross-dataset transferability of distilled representations by training a WRN-16-2 student
(distilled from WRN-40-2 teacher) on CIFAR-100, then using it as a frozen feature extractor with a linear
classi�er on STL-10 and Tiny ImageNet. Table 4 reports the top-1 test accuracy for each distillation method.
Our method, both standalone and combined with KD, consistently improves transferability over baselines
[1; 13; 12; 16], indicating that the learned representations capture generalizable features rather than over�tting
to the training distribution.
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(a) Vanilla
Mean: 0.24
Max: 1.66

(b) KD [1]
Mean: 0.09
Max: 0.49

(c) CRD [16]
Mean: 0.23
Max: 1.56

(d) CRD+KD [16]
Mean: 0.10
Max: 0.57

(e) DCD
Mean: 0.22
Max: 1.59

(f) DCD+KD
Mean: 0.09
Max: 0.51

Figure 2 Logit correlation analysis. Matrix of the average logit di�erence between teacher and student outputs on
CIFAR-100 (lower values indicate higher similarity). Results are based on a WRN-40-2 teacher and a WRN-40-1
student.

(a) Teacher (b) Vanilla (c) KD [1] (d) CRD [16] (e) DCD (f) DCD+KD

Figure 3 t-SNE visualization of embedding spaces. Comparison of feature distributions from the teacher and student
networks for the �rst 20 classes of CIFAR-100. We use a WRN-40-2 teacher and a WRN-40-1 student.

4.2.5 Efficiency

We compare the computational cost of our method against existing approaches in terms of training latency
and parameter overhead. Table 5 presents the results using a ResNet-32x4 teacher and ResNet-8x4 student on
CIFAR-100. Our method matches KD and FitNet as the fastest approach at 8ms per batch, while requiring
only 65,794 additional parameters attributed solely to the projection heads. By contrast, CRD requires
12.87M parameters to maintain its external memory bank and runs at 19ms per batch, making our method
over 2� faster with 195� fewer parameters. Compared to other feature-based methods such as ReviewKD
[42] (1.81M parameters, 14ms) and OFD [41] (0.087M parameters, 20ms), our approach is both lighter and
faster. Our method achieves the e�ciency of simple logit-based methods like KD and DKD while retaining
the accuracy gains of contrastive feature-based distillation.

4.3 Visualizations

We analyze the learned representations through qualitative visualizations that illustrate the knowledge transfer
patterns of di�erent distillation approaches. Additional �gures are provided in Section C.

4.3.1 Inter-class Correlations

We visualize the logit correlation matrices [16] on CIFAR-100 using WRN-40-2 (teacher) and WRN-40-1
(student). Figure 2 shows the di�erence between teacher and student correlation structures for various
distillation methods. Compared to vanilla training and standard KD, our method substantially reduces the
discrepancy between teacher and student correlations, demonstrating stronger and more consistent alignment
in logit space.

4.3.2 t-SNE Visualization

We visualize the feature embeddings on CIFAR-100 using t-SNE [79] for the same teacher-student pair.
Figure 3 shows that our method achieves closer alignment of student features with the teacher while preserving
meaningful semantic class structure across clusters, outperforming standard training, KD, and several strong
contrastive distillation baselines.
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(a) WRN-16-2 to
WRN-40-2

(b) MobileNet-v2
to ResNet-50

(c) E�ect of
varying �

(d) E�ect of
varying �

(e) E�ect of
varying �

(f) E�ect of
varying N

Figure 4 Ablation study on CIFAR-100. (a�b) Component analysis across architecture pairs. (c�f) Sensitivity to
hyperparameters � , � , � , and batch size. All results are averaged over �ve runs. Curves in (c�f) are smoothed with
Savitzky�Golay �ltering.

4.4 Ablation Study

We analyze our method through ablation experiments on CIFAR-100, presented in Figure 4. We �rst study
the individual contributions of the consistency objective and learnable temperature (Figures 4a and 4b), then
investigate the sensitivity to the loss coe�cients � , � , � in Equations (2) and (3) and to batch size (Figures 4c
to 4f).

4.4.1 Objective Analysis

We evaluate the individual contributions of the consistency regularization L cst and the learnable temperature
� across di�erent network architectures (Figures 4a and 4b). Starting from a purely contrastive variant (� = 0,
�xed temperature), we incrementally add each component. Adding consistency regularization with �xed
temperature improves performance across all tested architecture pairs: +0.62% without KD and +0.55% with
KD for WRN-40-2 to WRN-16-2 transfers, and +1.87% without KD and +0.94% with KD for cross-architecture
transfers from ResNet-50 to MobileNet-v2. Enabling the learnable temperature further improves results by
up to +1.69% without KD and +2.21% with KD, con�rming that both consistency regularization L cst and
the learnable temperature � contribute to the overall performance.

4.4.2 Hyperparameter Sensitivity

We study the sensitivity to each loss coe�cient in Equations (2) and (3) using WRN-40-2 to WRN-16-2
transfers. The coe�cient � balancesL ctr and L cst within the proposed objective (Equation (3)). Testing
� 2 f 0:01; 0:1; 0:3; 0:5; 0:7; 1; 2; 5g with � = 1 and � = 0, Figure 4c shows stable performance across the entire
range with no signi�cant di�erences between low and high values. This robustness stems from the learnable
temperature, which automatically adjusts contrast levels regardless of the chosen �.

The coe�cient � weights the proposed objectiveL kd relative to the supervised loss in Equation (2). Varying
� from 0.1 to 100 with � = 0 :5 and � = 0, Figure 4d shows that extremely high values cause performance
degradation as the proposed loss overwhelms the supervised term, while very low values slightly decrease
performance. The optimal range lies between � = 0:5 and � = 10.

The coe�cient � weights the standard KL divergence distillation loss L distill in Equation (2). Testing
� 2 f 0:1; 0:5; 1; 2; 5; 10g with � = 0 :5 and � = 1, Figure 4e shows stable performance across all tested values,
with the best results at � = 1 :0. Higher values (� = 50, � = 100) lead to training collapse, con�rming that
� = 1:0 as used in prior work [16; 44; 43] is also optimal for our method.

Finally, Figure 4f shows the e�ect of batch size on performance. Since our method relies on in-batch negative
sampling, the batch size directly determines the number of negatives available for contrastive learning.
Optimal results occur at batch size 64, with degradation at smaller sizes (insu�cient negatives) and larger
sizes (diminishing returns from a diluted learning signal).
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5 Conclusion & Discussion

We presented an objective that improves knowledge transfer by combining instance-level contrastive alignment
with distributional consistency regularization. The contrastive objective provides �ne-grained instance
discrimination, while the consistency term preserves the teacher's relational geometry through KL divergence
over pairwise similarity distributions. By incorporating learnable temperature and bias parameters, the
distillation process adapts its sharpness and scale during training without manual tuning. Replacing external
memory banks with in-batch negative sampling reduces the additional parameter count from 12.8M (CRD [16])
to just 66K, while matching the training speed of simple logit-based methods at 8ms per batch, making our
approach the fastest among all feature-based distillation methods we evaluated. Experiments across various
datasets validate that our method achieves state-of-the-art results in classi�cation, object detection, and
cross-dataset transfer, providing a practical and e�cient alternative to existing distillation techniques.

Our method di�ers from prior work in several ways. Unlike CRD [ 16], which requires a large memory bank and
�xed hyperparameters, our approach operates entirely within the mini-batch and uses learnable parameters for
adaptive control. Compared to relational methods such as RKD [34] that preserve geometric relations between
sample pairs, or CC [15] that maintains correlation matrices, our consistency objective aligns full similarity
distributions, providing a softer supervisory signal. While RRD [21] also aligns similarity distributions, it
relies on an external memory bank with dual temperatures and lacks an explicit contrastive term; our method
replaces the memory bank with in-batch sampling, uses a single shared learnable temperature, and adds
direct instance-level supervision through the contrastive objective. Attention-based methods like AT [13] and
feature-matching approaches like FitNets [12] each target speci�c aspects of the teacher's knowledge, whereas
our framework provides a uni�ed objective that captures both discriminative and structural information.
Methods such as ReviewKD [42] and SimKD [43] achieve strong results through architectural innovations
(cross-stage review paths and classi�er reuse), while our gains come from algorithmic re�nements that require
no architectural modi�cations and add minimal overhead.
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Appendix

A Algorithm

Algorithm 1 provides the pseudo-code of DCD.

Algorithm 1 Pseudocode of DCD in a PyTorch-like style.

# f_s, f_t: student and teacher networks
# t_s, t_t: temperature for student and teacher
# tau: learnable temperature parameter
# b: learnable bias parameter
# max_tau: maximum temperature value

for x in loader: # load a minibatch x with N samples
s = f_s.forward(x) # student embeddings: NxC
s = normalize(s, dim=1) # L2 normalization

with torch.no_grad(): # no gradients for teacher
t = f_t.forward(x) # teacher embeddings: NxC
t = normalize(t, dim=1) # L2 normalization

# bound temperature
tau = tau.exp().clamp(0, max_tau)

# contrastive loss
logits = torch.mm(f_s, f_t.t()) * tau + b
labels = torch.arange(N) # diagonal labels
contrastive_loss = cross_entropy(logits, labels)

# consistent loss
p1 = log_softmax(logits, dim=1)
p2 = softmax(logits, dim=0)
consistent_loss = kl_div(p1, p2)

# total loss
loss = contrastive_loss + 0.5 * consistent_loss

# SGD update: student network and parameters
loss.backward()
update(f_s.params)
update(tau) # update temperature
update(b) # update bias

mm: matrix multiplication; softmax : exponential normalization across dimensions; log_softmax : logarithm of softmax; cross_entropy :
negative log likelihood loss; kl_div: Kullback-Leibler divergence between distributions

B Implementation Details

We implement DCD in PyTorch following the protocol of [ 16]2. This protocol has become a common
standard and is widely used among many papers to demonstrate their knowledge distillation methods
[1; 12; 13; 35; 15; 40; 34; 36; 38; 37; 14; 39; 16]. This approach is consistent with the standard practice in the
�eld, allowing for fair comparison across methods. For visualization, we follow the implementation of [29]3.
For e�ciency we use the MDistiller framework [26] 4.

B.1 Baseline Methods

We compare our approach to the following state-of-the-art methods from the literature: (1) Knowledge
Distillation (KD) [ 1]; (2) FitNets: Hints for Thin Deep Nets [ 12]; (3) Attention Transfer (AT) [ 13]; (4)
Similarity-Preserving Knowledge Distillation (SP) [ 35]; (5) Correlation Congruence (CC) [15]; (6) Variational
Information Distillation for Knowledge Transfer (VID) [ 40]; (7) Relational Knowledge Distillation (RKD) [ 34];
(8) Learning Deep Representations with Probabilistic Knowledge Transfer (PKT) [36]; (9) Knowledge Transfer
via Distillation of Activation Boundaries Formed by Hidden Neurons (AB) [ 38]; (10) Paraphrasing Complex
Network: Network Compression via Factor Transfer (FT) [37]; (11) A Gift from Knowledge Distillation: Fast
Optimization, Network Minimization and Transfer Learning (FSP) [ 14]; (12) Like What You Like: Knowledge

2Available at: https://github.com/HobbitLong/RepDistiller.
3Available at: https://github.com/sunshangquan/logit-standardization-KD.
4Available at: https://github.com/megvii-research/mdistiller
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Distill via Neuron Selectivity Transfer (NST) [ 39]; (13) Contrastive Representation Distillation (CRD) [ 16];
(14) A Comprehensive Overhaul of Feature Distillation (OFD) [41]; (15) Rethinking Soft Labels for Knowledge
Distillation: A Bias-Variance Tradeo� Perspective (WSLD) [ 27]; (16) Respecting Transfer Gap in Knowledge
Distillation (IPWD) [ 28]; (17) Knowledge Distillation via Softmax Regression Representation Learning (SRRL)
[33]; (18) Cross-Layer Distillation with Semantic Calibration (SemCKD) [ 44]; (19) Distilling Knowledge
via Knowledge Review (ReviewKD) [42]; (20) Knowledge Distillation with the Reused Teacher Classi�er
(SimKD) [ 43]; (21) Searching A Fast Knowledge Distillation Process via Meta Optimization (DistPro) [80]; (22)
Knowledge Distillation via N-to-One Representation Matching (NORM) [ 45]; (23) Wasserstein Contrastive
Representation Distillation (WCoRD) [ 48]; (24) Complementary Relation Contrastive Distillation (CRCD)
[49]; (25) Feature Kernel Distillation (FKD) [ 50]; (26) Information Theoretic Representation (ITRD) [ 51];
(27) Test-Time Memory Distillation (TTM) [ 32]; (28) Weighted Test-Time Memory Distillation (WTTM)
[32]; (29) Decoupled Knowledge Distillation (DKD) [ 26]; (30) Feature Correlation-based Feature Distillation
(FCFD) [ 46]; (31) Category-aligned Knowledge Distillation (CAT-KD) [ 47]; (32) Distillation with Instance-wise
Selective Teaching (DIST) [31]; (33) Cross-layer Transfer Knowledge Distillation (CTKD) [30].

B.2 Datasets

We take �ve widely researched datasets: (1) CIFAR-100 [70] is a standard benchmark for knowledge distillation
and contains 50,000 training images of size 32� 32 with 500 images per class and 10,000 test images. (2)
ImageNet ILSVRC-2012 [71], which is more challenging that CIFAR, and includes 1.2 million images from
1,000 classes for training and 50,000 for validation. (3) STL-10 [72] consists of a training set of 5,000 labeled
images from 10 classes, and a test set of 8,000 images. (4) Tiny ImageNet [71] has 200 classes, each with
500 training images and 50 validation images. (5) MS-COCO [73] is an 80-category general object detection
dataset. The train2017 split contains 118,000 images, and the val2017 split contains 5,000 images.

B.3 Network Architectures

We use the following network architectures as described in [16]: (1) Wide Residual Network (WRN) [ 75],
where WRN-d-w represents a wide ResNet with depthd and width factor w; (2) ResNet (rn) [74], where rn-d
represents a CIFAR-style ResNet with 3 groups of basic blocks having 16, 32, and 64 channels, respectively,
and rn-8 � 4 and rn-32 � 4 indicate a 4-times wider network with 64, 128, and 256 channels; (3) ResNet
(RN) [ 74], where RN-d represents an ImageNet-style ResNet with Bottleneck blocks and more channels; (4)
MobileNet-v2 (MN-v2) [ 77], using a width multiplier of 0.5 in our experiments; (5) VGG [ 76], where the
VGG network used is adapted from its original ImageNet counterpart; and (6) Shu�eNet-v1 (SN-v1) [ 78]
and Shu�eNet-v2 (SN-v2) [ 81], which are adapted for e�cient training with input sizes of 32 � 32. To
ensure dimensional consistency and preserve relational information during feature alignment, both teacher
and student features are passed through lightweight projection heads�two-layer MLPs (512 hidden, 128
output)�that nonlinearly project intermediate representations into a shared embedding space for computing
relational similarity distributions, while being discarded after training to avoid any additional inference cost.
This projection head facilitates knowledge transfer by implicitly encoding relational information from previous
samples [82].

B.4 Optimization

We closely follow the protocol of [16]. All methods evaluated in our experiments use SGD with 0.9 Nesterov
momentum. For CIFAR-100, we initialize the learning rate as 0.05, and decay it by 0.1 every 30 epochs
after the �rst 150 epochs until the last 240 epoch. For MobileNet-v2, Shu�eNet-v1, and Shu�eNet-v2, we
use a learning rate of 0.01 as this learning rate is optimal for these models in a grid search, while 0.05 is
optimal for other models. The batch size is set to 64 for CIFAR-100, and the weight decay is set to 5� 10�4 .
For ImageNet5, the initial learning rate is set to 0.1 and then divided by 10 at the 30th, 60th, and 90th
epochs of the total 120 training epochs. The mini-batch size is set to 256, and the weight decay is set
to 1 � 10�4 . All results are reported as means over �ve trials, except for the results on ImageNet, which
are reported in a single trial. Our implementation for MS-COCO follows the settings in [26]. We use the
two-stage method Faster R-CNN [4] with Feature Pyramid Network (FPN) [ 5] as the detection framework. We

5Available at: https://www.image-net.org/.
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evaluate three teacher�student settings: ResNet-101 to ResNet-18, ResNet-101 to ResNet-50, and ResNet-50
to MobileNet-V2 [77]. All students are trained with the 1 � scheduler (schedulers and task-speci�c loss weights
follow Detectron2 [83]). We take one RTX 6000 GPU to train the model on CIFAR-100 and four L40 GPUs
on ImageNet and MS-COCO.

C Extended Results

C.1 CIFAR-100

Table 6 and Table 7 provide a comprehensive overview of the top-1 accuracies of student networks trained with
various state-of-the-art distillation techniques across a wide range of teacher-student architectural combinations.
Our method bene�ts from its simplicity, as it has no trainable parameters, and the only hyperparameters
involved are the loss coe�cients.

C.2 Inter-class Correlations

Figure 5 compares the correlation matrix di�erences between teacher (WRN-40-2) and student (WRN-40-1)
logits on CIFAR-100. Our method achieves better alignment of correlation structures compared to models
trained without distillation or with alternative methods.

C.3 t-SNE

Figures 6 and 7 presents t-SNE visualizations of embeddings from the teacher (WRN-40-2) and student
(WRN-40-1) networks on CIFAR-100. Speci�cally, Figure 6 shows t-SNE visualization focused on just the �rst
20 classes for clearer interpretation, and Figure 7 has the same t-SNE visualizations but for all 100 classes of
CIFAR-100.

D Broader Impact

The presented research should be categorized as research in the �eld of knowledge distillation. The primary
goal is to reduce computational demands, thereby lowering the energy requirements of AI systems and
contributing to more sustainable technology deployment. However, this technique also harbors risks, notably
the potential to perpetuate existing biases present in teacher models. Such biases could have profound ethical
implications, as in sensitive applications. Furthermore, the versatility of the algorithms developed here enables
their application across a broad spectrum of vision-related tasks, but this versatility also introduces the
dual-use dilemma, where the technology might yield both bene�cial and adverse impacts. Thus, careful
consideration is needed when deploying these methods to ensure they align with ethical guidelines and promote
fairness in AI applications.

E Reproducibility Statement

Our code is publicly available at https://github.com/giakoumoglou/rrd . The implementation builds on the
RepDistiller [16] codebase, a widely adopted standard for knowledge distillation evaluation, and follows its
experimental protocol to ensure fair comparison across all baselines. Pseudocode is provided in Algorithm 1
of Section A and all hyperparameters are reported in Section B.
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Table 6 Results on CIFAR-100 (same architecture). Test top-1 accuracy (%) of student networks for same-architecture
distillation. " and # denote performance relative to KD. Results for our method are averaged over �ve independent
runs. Abbreviations are de�ned in Section B.1.

Teacher WRN-40-2 WRN-40-2 rn-56 rn-110 rn-110 rn-32x4 VGG-13
Student WRN-16-2 WRN-40-1 rn-20 rn-20 rn-32 rn-8x4 VGG-8

Teacher 75.61 75.61 72.34 74.31 74.31 79.42 74.64
Student 73.26 71.98 69.06 69.06 71.14 72.50 70.36
KD [1] 74.92 73.54 70.66 70.67 73.08 73.33 72.98
FitNet [12] 73.58 (#) 72.24 (#) 69.21 (#) 68.99 (#) 71.06 (#) 73.50 (") 71.02 (#)
AT [13] 74.08 (#) 72.77 (#) 70.55 (#) 70.22 (#) 72.31 (#) 73.44 (") 71.43 (#)
SP [35] 73.83 (#) 72.43 (#) 69.67 (#) 70.04 (#) 72.69 (#) 72.94 (#) 72.68 (#)
CC [15] 73.56 (#) 72.21 (#) 69.63 (#) 69.48 (#) 71.48 (#) 72.97 (#) 70.81 (#)
VID [40] 74.11 (#) 73.30 (#) 70.38 (#) 70.16 (#) 72.61 (#) 73.09 (#) 71.23 (#)
RKD [34] 73.35 (#) 72.22 (#) 69.61 (#) 69.25 (#) 71.82 (#) 71.90 (#) 71.48 (#)
PKT [36] 74.54 (#) 73.45 (#) 70.34 (#) 70.25 (#) 72.61 (#) 73.64 (") 72.88 (#)
AB [38] 72.50 (#) 72.38 (#) 69.47 (#) 69.53 (#) 70.98 (#) 73.17 (#) 70.94 (#)
FT [37] 73.25 (#) 71.59 (#) 69.84 (#) 70.22 (#) 72.37 (#) 72.86 (#) 70.58 (#)
FSP [14] 72.91 (#) n/a 69.95 (#) 70.11 (#) 71.89 (#) 72.62 (#) 70.33 (#)
NST [39] 73.68 (#) 72.24 (#) 69.60 (#) 69.53 (#) 71.96 (#) 73.30 (#) 71.53 (#)
CRD [16] 75.48 (") 74.14 (") 71.16 (") 71.46 (") 73.48 (") 75.51 (") 73.94 (")
CRD+KD [16] 75.64 (") 74.38 (") 71.63 (") 71.56 (") 73.75 (") 75.46 (") 74.29 (")
OFD [41] 75.24 (") 74.33 (") 70.38 (#) n/a 73.23 (") 74.95 (") 73.95 (")
WSLD [27] n/a 73.74 (") 71.53 (") n/a 73.36 (") 74.79 (") n/a
IPWD [28] n/a 74.64 (") 71.32 (") n/a 73.91 (") 76.03 (") n/a
SRRL [33] n/a 74.64 (") n/a n/a n/a 75.39 (") n/a
SemCKD [44] n/a 74.41 (") n/a n/a n/a 76.23 (") n/a
ReviewKD [42] 76.12 (") 75.09 (") 71.89 (") n/a 73.89 (") 75.63 (") 74.84 (")
SimKD [43] n/a 75.56 (") n/a n/a n/a 78.08 (") n/a
DistPro [80] 76.36 (") n/a 72.03 (") n/a 73.74 (") n/a n/a
NORM [45] 75.65 (") 74.82 (") 71.35 (") 71.55 (") 73.67 (") 76.49 (") 73.95 (")
NORM+KD [45] 76.26 (") 75.42 (") 71.61 (") 72.00 (") 74.95 (") 76.98 (") 74.46 (")
NORM+CRD [45] 76.02 (") 75.37 (") 71.51 (") 71.90 (") 73.81 (") 76.49 (") 73.58 (")
WCoRD [48] 75.88 (") 74.73 (") 71.56 (") 71.57 (") 73.81 (") 75.95 (") 74.55 (")
WCoRD+KD [48] 76.11 (") 74.72 (") 71.92 (") 71.88 (") 74.20 (") 76.15 (") 74.72 (")
CRCD [49] 76.67 (") 75.95 (") 73.21 (") 72.33 (") 74.98 (") 76.42 (") 74.97 (")
FKD [50] n/a n/a n/a n/a n/a 75.57 (") 73.78 (")
ITRD (corr) [51] 75.85 (") 74.90 (") 71.45 (") 71.77 (") 74.02 (") 75.63 (") 74.70 (")
ITRD (corr+mi) [51] 76.12 (") 75.18 (") 71.47 (") 71.99 (") 74.26 (") 76.19 (") 74.93 (")
TTM [32] 76.23 (") 74.32 (") 71.83 (") 71.46 (") 73.97 (") 76.17 (") 74.33 (")
WTTM [32] 76.37 (") 74.58 (") 71.92 (") 71.67 (") 74.13 (") 76.06 (") 74.44 (")
WTTM+CRD [32] 76.61 (") 74.94 (") 72.20 (") 72.13 (") 74.52 (") 76.65 (") 74.71 (")
WTTM+ITRD [32] 76.65 (") 75.34 (") 72.16 (") 72.20 (") 74.36 (") 77.36 (") 75.13 (")
DKD [26] 76.24 (") 74.81 (") 71.97 (") n/a 74.11 (") 76.32 (") 74.68 (")
FCFD [46] 76.34 (") 75.43 (") 71.68 (") n/a n/a 76.80 (") 74.86 (")
FCFD+KD [46] 76.43 (") 75.46 (") 71.96 (") n/a n/a 76.62 (") 75.22 (")
CAT-KD [47] 75.60 (") 74.82 (") 71.62 (") n/a 73.62 (") 76.91 (") 74.65 (")
DIST [31] n/a 74.73 (") 71.75 (") n/a n/a 76.31 (") n/a
CTKD [30] 75.45 (") 73.93 (") 71.19 (") 70.99 (") 73.52 (") n/a 73.52 (")
DCD (ours) 74.99 (") 73.69 (") 71.18 (") 71.00 (") 73.12 (") 74.23 (") 73.22 (")
DCD+KD (ours) 76.06 (") 74.76 (") 71.81 (") 72.03 (") 73.62 (") 75.09 (") 73.95 (")
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Table 7 Results on CIFAR-100 (cross architecture). Test top-1 accuracy (%) for teacher-student pairs with di�erent
architectures. " and # denote performance relative to KD. Results for our method are averaged over �ve independent
runs. Abbreviations are de�ned in Section B.1.

Teacher VGG-13 RN-50 RN-50 RN-32x4 RN-32x4 WRN-40-2
Student MN-v2 MN-v2 VGG-8 SN-v1 SN-v2 SN-v1

Teacher 74.64 79.34 79.34 79.42 79.42 75.61
Student 64.60 64.60 70.36 70.5 71.82 70.5
KD [1] 67.37 67.35 73.81 74.07 74.45 74.83
FitNet [12] 64.14 (#) 63.16 (#) 70.69 (#) 73.59 (#) 73.54 (#) 73.73 (#)
AT [13] 59.40 (#) 58.58 (#) 71.84 (#) 71.73 (#) 72.73 (#) 73.32 (#)
SP [35] 66.30 (#) 68.08 (") 73.34 (#) 73.48 (#) 74.56 (") 74.52 (#)
CC [15] 64.86 (#) 65.43 (#) 70.25 (#) 71.14 (#) 71.29 (#) 71.38 (#)
VID [40] 65.56 (#) 67.57 (") 70.30 (#) 73.38 (#) 73.40 (#) 73.61 (#)
RKD [34] 64.52 (#) 64.43 (#) 71.50 (#) 72.28 (#) 73.21 (#) 72.21 (#)
PKT [36] 67.13 (#) 66.52 (#) 73.01 (#) 74.10 (") 74.69 (") 73.89 (#)
AB [38] 66.06 (#) 67.20 (#) 70.65 (#) 73.55 (#) 74.31 (#) 73.34 (#)
FT [37] 61.78 (#) 60.99 (#) 70.29 (#) 71.75 (#) 72.50 (#) 72.03 (#)
NST [39] 58.16 (#) 64.96 (#) 71.28 (#) 74.12 (") 74.68 (") 76.09 (")
CRD [16] 69.73 (") 69.11 (") 74.3 (") 75.11 (") 75.65 (") 76.05 (")
CRD+KD [16] 69.94 (") 69.54 (") 74.58 (") 75.12 (") 76.05 (") 76.27 (")
OFD [41] 69.48 (") 69.04 (") n/a 75.98 (") 76.82 (") 75.85 (")
WSLD [27] n/a 68.79 (") 73.80 (#) 75.09 (") n/a 75.23 (")
IPWD [28] n/a 70.25 (") 74.97 (") 76.03 (") n/a 76.44 (")
SRRL [33] n/a n/a n/a 75.18 (") n/a n/a
SemCKD [44] n/a n/a n/a n/a 77.62 (") n/a
ReviewKD [42] 70.37 (") 69.89 (") n/a 77.45 (") 77.78 (") 77.14 (")
SimKD [43] n/a n/a n/a 77.18 (") n/a n/a
DistPro [80] n/a n/a n/a 77.18 (") 77.54 (") 77.24 (")
NORM [45] 68.94 (") 70.56 (") 75.17 (") 77.42 (") 78.07 (") 77.06 (")
NORM+KD [45] 69.38 (") 71.17 (") 75.67 (") 77.79 (") 78.32 (") 77.63 (")
NORM+CRD [45] 69.17 (") 71.08 (") 75.51 (") 77.50 (") 77.96 (") 77.09 (")
WCoRD [48] 69.47 (") 70.45 (") 74.86 (") 75.40 (") 75.96 (") 76.32 (")
WCoRD+KD [48] 70.02 (") 70.12 (") 74.68 (") 75.77 (") 76.48 (") 76.68 (")
CRCD [49] n/a n/a n/a n/a n/a n/a
FKD [50] n/a n/a 74.61 (") 75 (") n/a n/a
ITRD (corr) [51] 69.97 (") 71.41 (") 75.71 (") 76.8 (") 77.27 (") 77.35 (")
ITRD (corr+mi) [51] 70.39 (") 71.34 (") 75.49 (") 76.91 (") 77.40 (") 77.09 (")
TTM [32] 68.98 (") 69.24 (") 74.87 (") 74.18 (") 76.57 (") 75.39 (")
WTTM [32] 69.16 (") 69.59 (") 74.82 (") 74.37 (") 76.55 (") 75.42 (")
WTTM+CRD [32] 70.30 (") 70.84 (") 75.30 (") 75.82 (") 77.04 (") 76.86 (")
WTTM+ITRD [32] 70.70 (") 71.56 (") 76.00 (") 77.03 (") 77.68 (") 77.44 (")
DKD [26] 69.71 (") 70.35 (") n/a 76.45 (") 77.07 (") 76.70 (")
FCFD [46] 70.67 (") 71.07 (") n/a 78.12 (") 78.20 (") 77.81 (")
FCFD+KD [46] 70.65 (") 71.00 (") n/a 78.12 (") 78.18 (") 77.99 (")
CAT-KD [47] 69.13 (") 71.36 (") n/a 78.26 (") 78.41 (") 77.35 (")
DIST [31] n/a 68.66 (") n/a 76.34 (") 77.35 (") n/a
CTKD [30] 68.46 (") 68.47 (") n/a 74.78 (") 75.31 (") 75.78 (")
DCD (ours) 68.35 (") 67.39 (") 73.85 (") 74.26 (") 75.26 (") 74.98 (")
DCD+KD (ours) 69.77 (") 70.03 (") 74.08 (") 76.01 (") 76.95 (") 76.51 (")
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(a) Vanilla
Mean: 0.24, Max: 1.66

(b) KD [1]
Mean: 0.09, Max: 0.49

(c) FitNets [12]
Mean: 0.25, Max: 1.38

(d) AT [13]
Mean: 0.26, Max: 1.43

(e) SP [35]
Mean: 0.25, Max: 1.57

(f) CC [15]
Mean: 0.234, Max: 1.37

(g) VID [40]
Mean: 0.23, Max: 1.46

(h) RKD [34]
Mean: 0.21, Max: 1.24

(i) PKT [36]
Mean: 0.19, Max: 1.14

(j) AB [38]
Mean: 0.24, Max: 1.49

(k) FT [37]
Mean: 0.26, Max: 1.76

(l) NST [39]
Mean: 0.28, Max: 1.65

(m) CRD [16]
Mean: 0.23, Max: 1.56

(n) CRD+KD [16]
Mean: 0.10, Max: 0.57

(o) DCD
Mean: 0.18, Max: 0.99

(p) DCD+KD
Mean: 0.07, Max: 0.55

Figure 5 Logit correlation analysis. Matrix of the average logit di�erence between teacher and student outputs on
CIFAR-100 (lower values indicate higher similarity). Results are based on a WRN-40-2 teacher and a WRN-40-1
student. The abbreviations are listed in Section B.1.
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