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Abstract. Knowledge distillation (KD) transfers knowledge from a large,
well-trained teacher network to a smaller student network, improving
student’s performance without extra computational costs. Traditional
KD methods usually focus on the logits or intermediate features. How-
ever, they might overlook the inherent correlation and suffer from ca-
pacity gaps due to the distinct architectures of the student and teacher.
Relation-based distillation methods try to bridge these correlation but
usually require a large memory bank for loss computation, being less
efficient. To overcome those limitations, we propose a novel and efficient
Optimal Transport-based Graph Distillation (OTGD) method. First,
OTGD constructs attributed graphs for the teacher and student respec-
tively, which are then utilized to capture both individual and relational
knowledge through graph neural networks (GNNs). Then, we devise an
innovative differentiable optimal transport objective to distill the teacher
knowledge before and after GNNs learning, effectively incorporating both
the feature-level and correlation-level knowledge. Specifically, our opti-
mal transport objective is solved by the Sinkhorn algorithm without
relying on an extra memory bank. This design makes our method effi-
cient and numerically stable. Comprehensive experiments conducted on
two benchmark datasets with diverse network architectures, and demon-
strate that OTGD outperforms the state-of-the-art methods.

Keywords: Knowledge distillation - Graph neural network - Optimal
transport.

1 Introduction

Deep Neural Networks (DNNs) have achieved remarkable success in a wide range
of applications, including computer vision, natural language processing, and
speech recognition. However, the increasing model size and computational cost
associated with the high-capacity networks pose challenges for deployment in
resource-constrained environments like mobile devices and embedded systems.
To address this challenge, Knowledge Distillation (KD) [5] has emerged as a
promising technique that transfers knowledge from a large, well-trained teacher
network to a smaller, more efficient student network, thereby improving the
student model’s performance without incurring additional computational costs.
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Distillation methods based on predicted logits and intermediate features have
recently garnered widespread attention and achieved notable performance im-
provements. Logits-based distillation transfers information through the soft la-
bels provided by the teacher model, with recent research focusing on temperature
scaling on the student side [ITJ20] and exploring various KD variants [2829]. In
contrast, feature-based distillation aligns the feature activations between the
teacher and student networks by extracting deep features from intermediate
layers [2/T3]. These intermediate features offer a rich source of information, fa-
cilitating more effective learning. Despite their achievements, these distillation
methods typically extract knowledge independently, leading to two main issues.
First, they overlook the inherent correlation between logits and features. This is
particularly problematic when the teacher and student have different network ar-
chitectures, as feature-based methods often suffer significant performance degra-
dation. Second, the scale difference between teacher and student models results
in a capacity gap, hindering the student network’s ability to learn effectively.

To address these issues, relation-based distillation methods [I5] have been
proposed to achieve better knowledge transfer. For example, some studies [1723]
extract relationships from instances, and then keep the information derived from
these instances to be consistent, regardless of the architectural differences be-
tween teacher and student networks. Although the relational information from
instances provides additional structural knowledge, these methods still neglect
the interaction between features and relationships, i.e., the features and struc-
ture relations can affect each other during student learning.

Graphs, as natural carriers of information, capture both feature and struc-
tural information along with their intrinsic connections, which are crucial for
student learning. Existing graph-based distillation methods utilize graph embed-
dings [IJI0] or integrate additional graph neural networks (GNNs) to effectively
capture and transfer relational knowledge. For example, IGR [12] constructs
multi-level relational graphs from instances, aiding the student model in learn-
ing more comprehensive feature representations. HKD [30] further introduces
GNNs into their method using features as nodes and instances as edges, captur-
ing a broader scope of the teacher network’s knowledge. Then HKD maximizes
the mutual information (MI) between the graph representations of the teacher
and student networks, which is implemented with an InfoNCE estimator [I4] for
contrastive learning. However, HKD adopts a large memory bank (e.g., 16,384)
to estimate the InfoNCE, increasing the training cost and complexity.

To overcome these limitations, we propose a novel and efficient Optimal
Transport-based Graph Distillation (OTGD) method. At first, OTGD con-
structs attribute graphs for the teacher and student models respectively, where
each node represents an instance and node attributes correspond to the learned
features and predicted logits. Specifically, graph edges are generated using the k-
nearest neighbors (k-NN) algorithm to filter out irrelevant instances and reduce
noise from the fully connected graph. Then, with attribute graphs, we adopt
GNNs to create unified graph-based representations by aggregating node at-
tributes from nearby instances on the graph. This way, both the individual and
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relational knowledge from the graph are effectively extracted, thereby enhancing
the learning process of the student network.

To facilitate effective knowledge distillation, we devise an innovative differ-
entiable optimal transport objective to distill the teacher knowledge for student
learning. While existing methods leverage a contrastive learning framework that
requires large negative samples or memory bank, our objective formulates KD as
an optimal feature matching problem. Specifically, the student features in each
mini-batch are enforced to match their corresponding teacher features through a
well-formulated optimal transport objective. The expected ideal matching, which
is an identity matrix, serves as the ground-truth for model training. Our objective
is applied to features before and after GNNs learning, enabling both feature-level
and correlation-level knowlege transfer. Moreover, the optimal transport objec-
tive can be efficiently solved with the Sinkhorn algorithm without relying on any
extra memory bank as negative samples, making our method efficient and nu-
merically stable. Sinkhorn algorithm can be easily differentiated through tracing
the Sinkhorn iteration for efficient backpropagation.

In the following sections, we first review the related work on KD and Graph-
based KD methods. We then present our OTGD method, including the con-
struction of attribute graphs and the differentiable optimal transport objective.
Finally, we provide experimental results and ablation studies to validate the
effectiveness of our approach, followed by concluding remarks. We conduct ex-
periments on two benchmark datasets (CIFAR-100 and TinylmageNet) across
diverse teacher and student architectures, verifying the effectiveness and effi-
ciency of our OTGD method. Our key contributions are summarized as follows:

— We propose a novel Optimal Transport-based Graph Distillation (OTGD)
method that incorporates both feature and graph-based representations, en-
suring a comprehensive and flexible knowledge transfer from the teacher to
the student network.

— We devise an innovative differentiable optimal transport objective in OTGD
to distill teacher knowledge at both the feature-level and correlation-level.
Our objective is efficient, stable and free from any large extra memory bank.

— Comprehensive experiments are performed on two benchmark datasets, us-
ing diverse architecture configurations between the teacher and student net-
works. The results demonstrate that our OTGD method outperforms exist-
ing state-of-the-art methods while also gains better efficiency.

2 Related Work

Knowledge Distillation Knowledge distillation (KD), introduced by Hinton et
al. [5], is a neural network compression technique that transfers knowledge from
a large teacher model to a smaller student model by aligning their output dis-
tributions. This process minimizes the Kullback-Leibler divergence between the
teacher and student outputs, capturing semantic similarities among categories.
To improve distillation, various methods have extended KD by incorporating
regularization on logits [28I11] , intermediate layers [2I27], and the distillation
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process [0126]. However, feature-based distillation methods often encounter chal-
lenges due to feature misalignment caused by the size difference between the
teacher and student models. Moreover, these methods typically ignore the rela-
tion among instances, which are crucial for developing a robust student model.

Relation-based knowledge distillation addresses this issue by considering in-
stance relations. RKD [I5] pioneers the concept of relation-based distillation.
SP [23] focuses on preserving pairwise similarity, while CC [I7] incorporates
instance-level information and correlations. Recent contrastive learning methods,
such as CRD [22], maximize mutual information between teacher and student
networks. CRCD [31] leverages both feature and gradient information. However,
these methods depend on a memory bank to manage negative samples, resulting
in additional memory and computational costs. Our method avoids these costs
by eliminating the need for a memory bank, enhancing efficiency.

Graph-based Distillation Graphs effectively capture and represent complex
relationships, making them invaluable across various domains. To leverage this,
Graph Neural Networks (GNNs) [7] have been developed to learn node repre-
sentations by aggregating information from neighboring instances within graph-
structured data. By capturing both individual features and inter-instance rela-
tionships, these representations have enabled GNNs to achieve significant ad-
vancements in various learning tasks.

Several studies have explored the use of graphs to represent and transfer re-
lational knowledge in the context of knowledge distillation. IRG [12] is the first
to employ instance-wise graph structures to capture relational knowledge from
the teacher model by introducing feature space transformation across layers.
Building on this, MHGD [10] employs multi-head attention networks to create
graph-based representations, capturing relational and intra-data information to
enable effective knowledge transfer. GKD [9] constructs a KNN-based graph
using cosine similarity of internal representations, but it requires teacher and
student networks to have the same number of layers, which is not always fea-
sible. More recently, HKD [30] employs GNNs to integrate both individual and
relational knowledge into a unified graph-based representation. This method
enhances knowledge transfer by maximizing mutual information between the
representations of the teacher and student networks.

Optimal Transport Optimal transport distance [24], also known as Wasser-
stein distance or Earth Mover’s distance, has a long-standing history in mathe-
matics and has been widely applied to various tasks such as sequence-to-sequence
learning [3], entity alignment [21I], and graph matching [25]. Cuturi [4] initially
proposed the Sinkhorn algorithm for computing an entropically regularized opti-
mal transport distance. Peyré et al. [I8] later utilized this algorithm to propose
a fast Sinkhorn projection-based method for computing Gromov-Wasserstein
discrepancy. Due to the Envelope Theorem, the Sinkhorn algorithm can be effi-
ciently computed and easily integrated into neural networks.

Given the suitability of optimal transport for solving matching problems
like shape and object matching, as well as its successful application in various
domains like unsupervised machine translation and weighted directed network
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matching, we extend its use to match teacher and student representation distri-
butions in knowledge distillation.

3 Preliminaries

3.1 Knowledge Distillation

Vanilla knowledge distillation (KD) aims to transfer knowledge from a pre-
trained teacher model to a smaller student model by leveraging the soft outputs
produced by the teacher [5]. In particular, the soft outputs are generated using
a temperature-scaled Softmax function, as following:

exp(z4/7) 1
S/ W

where z; is the logit for the i-th class and 7 is typically set to 1 by default.
Higher values of 7 lead to a softer probability distribution. A larger 7 results in a
softer probability distribution across the classes, while smaller leads to a sharper
distribution. The student model is optimized by minimizing the Kullback-Leibler
(KL) divergence between the soft targets p? = {p(x;,7)}Y, from the teacher
and the predicted probabilities p° = {p*(x;,7)}Y, from the student model:

pi(z;7) =

Lip (p°,p" NZKL (i, 7), ' (%5, 7)) - (2)

Here, N is the number of examples, the superscripts 9, s, T, t indicate the student
and teacher models. Originally, the student model is trained with the Cross-
Entropy (CE) loss Lcog on the labeled pairs {(x;, v;)}X . Finally, the total loss
for the student model is a weighted sum of the KL divergence and the CE loss:

Liotal = Loe (0°,y) + Mo (p°,0") , (3)

where A is a trade-off weight for the two losses.

3.2 Optimal Transport

Optimal Transport (OT) provides a framework to determine a minimal cost
transportation plan between a source distribution p® and a target distribution
ut. Specifically, we focus on the discrete problem with p® and ' being discrete
empirical distributions, i.e., p* = 371 pio,,, p* = 3701, pho,,; . Here, §(-) de-
notes the Dirac function, ns and n; are the number of samples, and pj and p§ are
the probability masses of the examples x; and y;, belonging to the probability
simplex, i.e., Y .o pf = E;”Zl pg- =1.

To formulate the optimal transport problem, we define a cost matrix C with
C;; representing the distance between x; and y;. Then the transport problem is:

ng
T* = argmin ZZT’JC“ st. T1,, =p’, TTlns = u, (4)
TERL*™™ j=1 j=1
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Fig. 1: An overview of the proposed OTGD. The features f°, f7 and logits 2, 2T
are extracted from the teacher and student networks. Then, attribute graphs are
constructed by using features as the nodes, whose edges are calculated from the
logits with the KNN strategy. Graph Neural Networks are applied to generate the
relational features g°, g”. Finally, the Optimal Transport objective is enforced
on different levels of features: (%, f1), (f%,97), (¢°, fT) and (g°, g7) to distill
the comprehensive knowledge.

T* is the optimal transport plan or transport matrix, where T;; denotes the
optimal amount of mass to move from z; to y; to achieve the minimum cost.

It is time-consuming to directly solve the original optimal transport prob-
lem {4l Therefore, [4] introduced an entropy regularization term to enhance the
computational efficiency, which converted the original problem [ to:

T = argmin ZTZ-J-C’Z-J— —eH(T), (5)

Tel(pus,pnt) i.j
where IT(p®, u') denotes the probability constraints same as the constraints in
Eq. 4l H(T) = —>_, . T;;(log Ti; — 1) is the entropy regularization of T, and €
is the weight of regularization. After introducing the entropy term, this problem
can be efficiently solved with a Sinkhorn iteration algorithm. We will describe
the detailed algorithm and the differentiation in Sec.

4 Methodology

Fig. [1] shows the architecture of OTGD. Specifically, both the features f9, fT
and logits 2%, 27 from the teacher and student networks are used in our method.
Leveraging the logits similarities with the KNN strategy, we can calculate the
graph edges for the feature nodes. With this graphs structure, GNNs are adopted
to aggregate and extract the relational features from both the student and
teacher models. To facilitate knowledge transfer for both features and rela-
tions, we propose a differentiable optimal transport objective for optimal fea-
ture matching on different levels of features: (f°, f7), (f%,47), (¢°, fF) and
(g°,g7). This way, different levels of knowledge can be effectively incorporated
for comprehensive knowledge distillation.
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4.1 Attribute Graph and Graph Neural Networks

While most existing works only focus on either the features or logits for the
knowledge distillation tasks and ignore their interactions, we leverage both fea-
tures and logits for effective distillation. In particular, we build two graphs G =
(V9,ES) and GT = (VT, ET), where V¥ VT represent the nodes (i.e., the fea-
tures f7 or f7) and E°, ET are the set of edges constructed from the logits z° or
2T Concretely, A denotes the student adjacent matrix and A;gj = sim(z?, 27),
where sim is the similarity function. After that, we apply the KNN processing
on AS to only keep the top-k similarities. This way, the irrelevant and noisy
correlations can be filtered out. AT can be obtained in a similar way.

With the graphs, we adopt the graph neural networks for relational fea-
ture extraction. Specifically, we adopt the graph convolutional networks (GCNs)
structure. The degree matrix D;; = Zj A;j, then A is normalized as A =

D~Y2AD~1/2, Tnitially, the node features of the first layer H' is set to f°
or fT. Then this can be computed layerwisely:

HHY — g(AHOWW) 1=1,2,... L. (6)

Here, o is the activation function such as ReLU and W) is the learnable weights.
Finally, we take the last layer features as the graph representation: g = H*). The
student and teacher encounter two different GCNs with the above computation
to obtain the graph representations as gS and g7.

We take the logits 2z° and 27 to construct the graph edges instead of the
features f° and f7 for two reasons: (1) the logits contain useful semantic infor-
mation and (2) this can avoid potential collapse since the features are already
used as node representations.

4.2 Differentiable Optimal Transport Objective

After obtaining the features and graph representations, a straightforward way
is to directly apply distance function to transfer knowledge from teacher to
student, e.g., mutual information, InfoNCE or KL divergence. We adopt optimal
transport as the loss objective due to its good mathematical property.

Pre-processing. Taking ¢° € RV*? and g7 € RV*? as an example, we
first compute the cost matrix C = cos_similarity(g”,¢7) € RV*Y which
measures the difficulty of matching student representation and teacher represen-
tation. Since C' might vary significantly for different mini-batch examples, we
further apply the z-score normalization to reduce the variance and improve the
training stability, i.e., C;; = %{iﬁg, where mean and std_dev denote the
mean value and standard deviation.

Optimal Transport Objective. The entropy optimal transport problem
(Eq. ) can be efficiently solved with the Sinkhorn Algorithm (Alg. . Then, the
optimal matching between the teacher and student features can be calculated

T* = Sinkorn(C, ¢, timaz), (7)
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where € is the same weight as Eq. |4 and Algorithm 1: Sinkhorn algorithm
tmao is the maximum iteration number. 1. Input: p, pt, C, €, tmae

Ideally, the N student features should 2. Initialize K = e /¢ b+ 1,i+ 0
match the teacher features one-by-one,  while i < ¢,,4, and not converge do

i.e., T* is expected to be a diagonal ma- 3. a= ut/(Kb)

trix. As T* is a 2D probability, we nor- 4.b=pt/(KTa)

malize the rows and columns to make it  end while

comparable with an identity matrix: 5. Output: T* = diag(a)Kdiag(b)
T m, and T* « ﬁ;nn:o) Then, we calculate the loss as

L=|T" = 1. (8)

To make the best use of the teacher network for knowledge distillation, we
apply the loss to different levels of the architecture. Formally, we have (¢°, g7) —
C, = T, — L,. Similarly, we can obtain L. To increase diversity and avoid
trivial solutions, we further apply (f°,g7) — C;, — T}, = Lfg. The OT loss
is Lot = Lf+Lg+ Lsg+ Lyy. And, the final loss for KD is

L=Lcr~+ BLo, 9)

where (3 is the weight to balance two losses.
Differentiation. For end-to-end training, we formulate the chain rule for
the Sinkhorn algorithm (an example of g, g7):

0L 0T 9T* 9T* 0K 9C OC
oT* 0K’ da’ 0b oC " 9g5’ agT

iterate from t,,4. to 0

(10)

Each step only involves matrix-vector multiplications, so the gradient calculation
can be efficiently implemented.

5 Experiment

5.1 Experimental Settings

Datasets We conduct experiments on two well-established benchmarks for KD:
CIFAR-100 [8] and Tiny-ImageNet [19]. CIFAR-100 consists of 60,000 images,
each sized 32 x 32, divided into 100 classes. Tiny-ImageNet, a subset of ImageNet,
has 200 classes with 500 training and 50 validation images per class, totaling
100K training images and 10K validation images.

Baseline We compare with strong baselines and state-of-the-art KD methods,
which can be divided into three categories:

— Individual Distillation includes KD [5], AT [27], SemCKD [2], DKD [28]
and TTM [29], focusing on knowledge from individual instances.

— Relation-based Distillation includes SP [23], PKT [I6], RKD [I5], and
CRD [22], capturing pairwise relational knowledge.
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— Graph-based Distillation includes IRG [12] and HKD [30], utilizing graph
structures for knowledge distillation.

Training Details For training, we adopt the SGD optimizer with 0.9 momen-
tum. The mini-batch is set to 64 and the weight decay to 5 x 10™%. We set
the initial learning rate to 0.01 for MobileNetV2 and ShuffleNet, and at 0.05
for other networks. The learning rate is scheduled to decay by a factor of 10 at
epochs 150, 180, and 210, with a max ecpoch of 240. The regularization e is set
to 1 x 107°, max iteration t,,q4 is set to 2 in our experiments for Algorithm
For consistency with conventional KD methods, the temperature parameter 7 is
set to 4. All results are reported as means + standard deviations over 3 trials.

5.2 Comparison with State-of-the-Art (SoTA) Methods

We experiment with two scenarios to evaluate the effectiveness of our OTGD
method: same architecture and heterogeneous architecture, i.e., if the stu-
dent and teacher network come from the same network family such as ResNet).
Results of CIFAR-100 are shown in Table[I]and [2} and TinyImageNet in Table

The plain version of our method (“OTGD”) achieves better or comparable
results without the KD loss. When KD loss is added, our method (“OTGD+KD”)
can be further improved and beats most of the baseline results, demonstrating
the effectiveness of our optimal transport objective. Note that we do not rely on
any extra memory bank as negative samples, which is more efficient.

To study the comparability of our method and existing SoTA (i.e., HKD), we
combine our objective with the InfoNCE loss of HKD. “OTGD+HKD?” refers to
combining the OTGD loss with the HKD. The performance of “OTGD+HKD”
can outperform the original HKD results, verifying the complementary potential
of our method with existing KD methods. Comparing Table [I] and Table [2 we
find that our method works extremely well for the heterogeneous teacher-student
architectures. For example, “OTGD+KD?” generally outperforms “IRG+KD” by
approximately 2% and outperforms “HKD+KD” by around 1%.

5.3 Ablation Studies

Batch Size Fig.[2| (a) presents the results of varying batch sizes, ranging from
32 to 512. For two network settings, peak accuracy is observed at 64. However,
as the batch size increases beyond 128, there is a clear decline. This suggests
that large batch sizes hinder the distillation process, likely due to the difficulty
in capturing relationships among a larger number of nodes, emphasizing the
importance of selecting an appropriate batch size for optimal performance. We
also ablated € and t,,4,, but the variation is small due to the numerical stability
of Sinkhorn algorithm. Here, we omit those results due to space limitation.

Hyperparameters We further ablate the loss weight 8 on CIFAR-100 dataset
to study the effect of the OTGD loss. The highest accuracy for ResNet8x4 is
75.95 with 5 = 1.0, while for ShuffleV1, it peaks at 76.76 with 8 = 3.5 (but
B = 1.0 is also reasonably good). This suggest that although it is overall stable,
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Table 1: Same architecture comparison with the state-of-the-art methods on
CIFAR-100. Top-1 test accuracy (%) is reported with standard deviation over 3 re-
peated experiments. Best results are in bold, and second best with underline.

Teacher ResNet32x4 ResNet110 ResNetb6 ~WRN-40-2 WRN-40-2
B Acc 79.42 74.31 73.44 76.31 76.31

Type Student ResNet8x4 ResNet20  ResNet20 WRN-40-1 WRN-16-2
Acc 72.63+.21 69.06+.27  69.06+.27 71.98+.17 73.26+.22

KD 73.55+.20 70.67+.27  70.66+.22  73.42+.22  74.924+.20

AT 74.57+.17 70.65+.17  71.16+.14  74.43+.11 74.28+.13

Individual SemCKD 75.58+.22 N/A 71.79+.21 T74.75+.21  75.42+.15
DKD 76.23+.12 71.284+.20 71.43+.13  74.54+.12  75.70%.06

TTM 76.17+.28 71.46+.16  71.65+.23  74.32+.31 76.23+.15

SP 74.69+.17 70.74+.23  70.84+.25 73.90+.17  74.88+.28

Relation PKT 73.64+.09 70.88+.16  70.85+.22  74.01+.23  74.82+.19
RKD 75.11+.13 69.25+.05  69.61+.06 72.224+.20 73.35+.09

CRD 75.59+.07 71.38+.04  71.69+.15 74.36+£.10  75.53%.10

IRG 72.69+.13 69.38+.19  70.13+.42  71.96+.16  73.74+.31

HKD 75.73+.07 70.56+.19  70.494.10 73.43+.24  75.424+.20

OTGD 75.95+.13 71.31+.15  70.92+.11 73.84+.13 75.27+.07

Graph IRG+KD 74.10+.28 71.32+.07  71.19+.14  T74.16+.24 75.53+.12
HKD-+KD 76.19+.14 71.624+.17  71.64+.23  74.66+.05  75.89%.14
OTGD+KD 76.24+.14  71.63x.07 71.22+.06 74.48+.08  75.45%.12
OTGD+HKD 76.094.05 71.95+.02 71.79+.03 75.00+t.14 75.93+.09

Table 2: Heterogeneous architecture comparison with state-of-the-art methods
on CIFAR-100. Top-1 test accuracy (%) is reported with standard deviation over 3
repeated experiments. Best results are in bold, and second best with underline.

Teacher ResNet32x4 ResNet32x4  VGG-13 ResNet50 WRN-40-2
B Acc 79.42 79.42 74.64 73.44 76.31

Type Student ShuffleV2 ShuffleV1 MobileV2 MobileV2  ShuffleV1
Acc 72.60+.12 70.49+ .25 64.60+.32 64.60+.32  70.49+.25

KD 75.60+.21 74.30+.16 67.37+t.22  67.35+.32 74.83+.13

AT 74.41+.10 71.93+.31 60.01+£.20  58.58+.54  73.32+.35

Individual | SemCKD 77.37%.31 75.41%.11 68.78+.22  68.73+.11  T4.81%.21
DKD 76.48+.08 75.44+ .20 69.71+£.22  69.11+£.19  76.70+.13

TTM 76.57+.26 74.18+.26 68.98+.85  69.244+.28  75.39+.33

SP 75.77+.08 73.48+.21 66.30+.13  68.08+.35  74.52+.37

Relation PKT 75.10+.11 74.39+.16 67.13+.30  66.52+.33  73.89+.16
RKD 73.21+.16 72.28+.39 64.52+.45  64.43+t.42 T72.21+.16

CRD 75.90+.15 75.13+.33 69.73+.42  69.11+£.28  76.05+.14

IRG 73.35%.09 71.50+.23 65.37+.07  65.27+.25  71.86+.34

HKD 76.19+.16 75.58+.13 69.88+.17  69.83+.15  76.22+.25

OTGD 76.87+.02 76.68+.04 70.37+.19  70.00+.39  76.31+.12

Graph IRG+KD 75.614.24 74.84+.24 66.62+.23 68.61+.32  75.03%+.14
HKD+KD 76.78+.07 75.93+.05 70.21+.09  70.72£.32  76.45+.20
OTGD+KD 77.63+.19 76.78+.15 70.58 £.34 70.82+56 76.76+.10
OTGD+HKD 77.14+.11 76.20%.05 70.56+.25  70.754.52 76.93+.14

the choice of § can influence the distillation process, highlighting the importance
of choosing a proper § to balance CE loss and OTGD loss. In our experiments,
we adopt 8 = 1 to keep consistency across student-teacher settings.
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Table 3: Comparison with state-of-the-art methods on TinyImageNet.Top-1 test accu-
racy (%) is reported with standard deviation over 3 repeated experiments. Best results
are in bold, and second best with underline.

Teacher ResNet32x4 ResNet32x4 VGG-13 VGG-13  ResNetb0 ResNetb50
Acc 57.92 57.92 52.02 52.02 55.44 55.44
Student ResNet8x4 ShuffleV1 MobileV2 VGG-8 MobileV2 VGG-8
Acc 49.91+.16 50.45+.33 44.20+.22  47.00+.17  44.20+.22 47.00+.17
KD 52.28+.07 56.98+.24  45.394+.59 51.34+.08 46.13£.26 51.50+.36
IRG 50.28+.05 50.43+.14 44.11+.31  46.31+.15 44.00d+.06 46.37%.10
HKD 55.53%.07 58.654.20 49.10+.21  51.97+.33 47.85+.06 52.20£.20
OTGD 55.51+.09 58.67+.18  49.304+.05 51.554+.22 49.00+.10 52.42+.05
IRG+KD 53.93+.11 57.16+.15 47.36+.36  50.77+.09 47.50+.22 50.83+£.03
HKD-+KD 56.18+.12 58.86+.08 49.56+.18 52.62+.03 49.33+.14 53.30£.33
OTGD+KD 56.01+.11 59.08+.14  49.61+.26 52.27+.12  49.58+.06 53.31+.28
OTGD-+HKD | 56.08%4.06 59.09+.11  50.06+.19 52.46+.09 49.93+.18 53.54+.14

T:ResNet32x4
SiResNet8x4

T:ResNet32x4

9 T:ResNet32x4 760 T:ResNet32x4
"~ s:Shufflev1

SiResNetsx4 S:ShuffleV1

s 7 7558
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Fig.2: (a) The effect of batch size on CIFAR-100. (b) The effect of the hyperpa-
rameter 8 (Eq. @ on CIFAR-100.

Different Losses We performed an additional ablation study on the proposed
loss terms using the CIFAR-100 dataset, and the results are in Table [@] The
baseline model, which only uses the primary cross-entropy loss, achieves an ac-
curacy of 72.51 on ResNet8x4 and 70.50 on ShuffleV1. The introduction of all
loss components (Liq, Ly, Ly, and Lgya = Lpg + Lg¢) in the OTGD+KD
configuration achieves the highest accuracy of 76.24 for ResNet8x4 and 76.78
for ShuffleV1. Specifically, the inclusion of L£4,,; improves accuracy by 0.08 and
0.29, respectively. This configuration provides the best performance across both
network architectures, with an improvement of 3.73 for ResNet8x4 and 6.28 for
ShuffleV1 compared to the baseline. These findings demonstrate that integrat-
ing the proposed loss components significantly enhances the knowledge transfer
process, with the OTGD+KD yielding the best performance on both networks.

5.4 Visualization

Training efficiency Fig. [3] presents the trade-off between accuracy and train-
ing time for various knowledge distillation methods, evaluated on two different
teacher-student pairs: (a) ResNet32x4 as the teacher and ResNet8x4 as the stu-
dent, and (b) ResNet32x4 as the teacher and ShuffleV1 as the student. In both
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Table 4: Ablation study on different loss components using the CIFAR-100
dataset (Layar = Lyg+ Lygy).

L
Module 055e8 ResNet8x4  ShuffleVl
L Ly Ly Laual
Baseline - - - - 72.51 70.50
KD v - - - 73.55 74.30
OTGD - v - - 75.41 76.67
OTGD - - v - 75.36 76.08
OTGD - v v - 75.87 76.39
OTGD - v v v 75.95 76.68
OTGD+KD v v v v 76.24 76.78
77.0 77.0
*l)ln' oT1TGD
76.5 O TR 76.5
76.0 76.0 @ HKD
EE 755 @ CRD @ SemCKD g 755 ©CRD g SemCKD
- >
é 0 | top-1 _time § 750 |top-1_time @RG
E 73 oRKD RKgDKD ;fxii ::; g s RKg[‘)KD ;3:2 ﬁi m‘“' b
oIRG CRD ‘ KD | 7559 249 CRD+KD | 75.46 4;:4 ¢
0 SemCKD+KD| 75.58 34.7 74.0 SemCKD+KD| 75.41 47.2
KD IRG+KD 74.10 16.8 IRG+KD 7484 259
75 ¢ HKD+KD | 7619 306 7351 HKD+KD | 7593 414
0 OTGD+KD |76.24 23.4 33.2

10 20 30 40 50 30 40 50
Training Time (ms) Training Time (ms)
(a) T: ResNet32x4 S: ResNet8x4 (b) T: ResNet32x4 S: ShuffleV1

Fig.3: Top-1 Accuracy versus Training time (per batch) on CIFAR-100 with
both same architecture and heterogeneous architectures of the student-teacher.

settings, our OTGD achieves the highest accuracy of 76.24 and 76.78 with train-
ing time of 23.4ms 33.2ms, respectively, demonstrating a superior balance be-
tween performance and efficiency. Other methods like HKD, CRD and SemCKD
show competitive accuracy but require longer training times, while methods
like KD and IRG offer lower accuracy. To ensure a fair comparison, all methods
were evaluated under consistent conditions (using official implementations where
available), and trained with an NVIDIA RTX6000 GPU.

t-SNE Visualization We provide t-SNE visualizations for three graph-based
methods (IRG, HKD and our OTGD), evaluated on two different teacher-student
pairs. As shown in Fig. [d] our method achieves superior class separability com-
pared to the others especially on ShuffleV1. The t-SNE plot for OTGD demon-
strates distinct boundaries between different classes, indicating enhanced ro-
bustness and discernibility of feature representations. This improved separation
is likely to significantly benefit classification performance.

Transport plan change To understand the progression of the optimal trans-
port plan T*, we adopt ResNet-32x4 as the teacher as the teacher and ex-
periment two different student architectures: ResNet8x4 and ShuffleV1. Fig.
compares the transport plan T* from our OT objective at the beginning (epoch
0) and end (epoch 240) of training. The visualizations highlight the progression
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Fig.4: t-SNE visualization results of test images from CIFAR-100 with
ResNet32x4 as the teacher.

of an optimal transport plan, which ideally converges to the identity matrix
I. The evolution of T* demonstrates the effectiveness of our optimal transport
objective in achieving more accurate distribution matching over training epochs.

0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60

ooss [l
0040
B 0035
0030
0025
0025
0020
0015
0010
0.0

(a) T* change on ResNet8x4 (b) T* change on ShuffleV1

0 10 20 30 40 50 60

Fig.5: The variation of the Transport Plan T* of the Optimal Transport, from
the initial stage (epoch 0; (a) left and (b) left) to the final stage (epoch 240;
(a) right and (b) right). After training, the Transport Plan T* approaches the
expected ideal plan, i.e., an Identity matrix I, showing the effectiveness of the
optimal transport objective.

6 Conclusion

In this paper, we present Optimal Transport-based Graph Distillation (OTGD),
a new method for efficient knowledge distillation. By constructing attribute
graphs for both the teacher and student model, we adopt GNNs to generate
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graph-based representations for effective knowledge transfer. This manner, both
the individual and relational knowledge can be extracted and transferred from
the teacher graph to the student one. Different from existing methods which used
InfoNCE estimator as the objective, we propose an innovative differentiable op-
timal transport objective to train the model. This objective is implemented with
the Sinkhorn algorithm due to the good numerical stability and differentiable
ability. Comprehensive experiments conducted on benchmark datasets and di-
verse model architectures demonstrate that OTGD consistently outperforms ex-
isting state-of-the-art methods. The results validate the efficacy of our strategy
in achieving superior performance while reducing computational complexity. Our
findings suggest that OTGD is a promising direction for improving the efficiency
and effectiveness of knowledge distillation in resource-constrained environments.
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