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Abstract

The ever-growing size of datasets in deep learning presents a significant challenge
in terms of training efficiency and computational cost. Dataset distillation (DD) has
emerged as a promising approach to address this challenge by generating compact syn-
thetic datasets that retain the essential information of the original data. However, exist-
ing DD methods often suffer from performance degradation when transferring distilled
datasets across different network architectures (i.e. the model utilizing distilled dataset
for further training is different from the one used in dataset distillation). To overcome
this limitation, we propose a novel mixture-of-experts framework for dataset distillation.
Our goal focuses on promoting diversity within the distilled dataset by distributing the
distillation tasks to multiple expert models. Each expert specializes in distilling a dis-
tinct subset of the dataset, encouraging them to capture different aspects of the original
data distribution. To further enhance diversity, we introduce a distance correlation min-
imization strategy to encourage the experts to learn distinct representations. Moreover,
during the testing stage (where the distilled dataset is used for training a new model),
the mixup-based fusion strategy is applied to better leverage the complementary infor-
mation captured by each expert. Through extensive experiments, we demonstrate that
our framework effectively mitigates the issue of cross-architecture performance degrada-
tion in dataset distillation, particularly in low-data regimes, leading to more efficient and
versatile deep learning models while being trained upon the distilled dataset.

1 Introduction

While large datasets like ImageNet [4] have demonstrably fueled the success of deep learn-
ing models, their sheer size presents a significant challenge in terms of training efficiency.
The computational resources required to train models on these massive datasets can be pro-
hibitively expensive, both in terms of time and financial cost. This burden is further amplified
in scenarios like continual learning, hyperparameter optimization, and architecture search,
where iterative training processes are essential. As the demand for data in deep learning
continues to escalate, finding innovative solutions to mitigate the associated training costs
becomes increasingly critical.
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Two primary approaches have emerged to tackle the challenge associated with large
datasets in deep learning: dataset distillation (DD) [1, 9, 15, 21, 22] and coreset selection [3].
Coreset selection focuses on identifying a highly representative subset of the original data,
known as a coreset. However, due to storage constraints, this subset may only capture a
limited amount of information, potentially failing to well represent the complexities of the
entire dataset. DD offers an alternative solution by generating a synthetic dataset optimized
to preserve model performance (i.e. the model trained upon original dataset and the one
trained upon distilled dataset ideally should perform similarly). While both DD and coreset
selection operate under the same storage limitations, DD has the advantage of encoding a
richer set of information and details compared to a coreset, thus benefiting the downstream
tasks such as image classification, continual learning [16, 18], and federated learning [17].

Since its inception by [15], dataset distillation has witnessed a surge in research efforts,
with various approaches exploring different facets of the technique. These approaches can
be broadly categorized into three main streams: 1) Gradient Matching which basically
aims to align the gradients generated from synthetic and real data for guiding the distillation
process [9, 21]; 2) Trajectory Matching which attempts to align the training trajectories of
synthetic and real datasets, ensuring that the optimization path of the model learnt from the
distilled data closely resembles that of the original data [1]; 3) Distribution Matching which
focuses on matching the latent distribution of features extracted from real and synthetic data,
encouraging the distilled data to capture the underlying statistical properties of the original
data. These diverse approaches highlight the ongoing efforts to refine and optimize DD
techniques, facilitating the generation of more compact and informative synthetic training
datasets to fuel the deep model training.

While the conventional wisdom in deep learning suggests that larger models generally
outperform smaller models when being trained on a given dataset, dataset distillation (DD)
presents a contrasting scenario. Synthetic datasets generated through DD often exhibit a
tendency to overfit to the specific neural network architecture used during the distillation
process. This phenomenon explains the prevalent use of small architectures like ConvNet-
3 in DD research for performance comparison. However, when these distilled datasets are
transferred to larger and more complex architectures, such as ResNet-18 [7], AlexNet [11],
or VGG-11 [12], a significant degradation in classification performance is often observed.
This limitation poses a significant challenge to the broader applicability of DD, as it restricts
the transferability of distilled knowledge across diverse model architectures. Consequently,
there is a pressing need for novel DD methods that explicitly address this issue and promote
generalizability across a wider range of network architectures.

To address this challenge, we propose a novel mixture-of-experts (MoE) framework for
dataset distillation. The MoE framework, drawing inspiration from [24] and [25], enhances
representation diversity by distilling disjoint subsets using different distillation algorithms,
thus reducing overfitting and improving cross-architecture transferability. In particularly, un-
like alternative strategies such as meta learning or data augmentation, MoE explicitly encour-
ages diverse representations by distributing the distillation task among specialized experts,
where each expert captures distinct aspects of data distribution, and our distance correlation
minimization further ensures that representations remain diverse rather than redundant.

Our approach leverages the concept of dividing the distillation task among multiple ex-
pert models, each focusing on a distinct subset of the original data. This division of labor
encourages specialization within each expert, potentially capturing different aspects of the
data distribution and leading to a more diverse and informative distilled dataset, in which
the enhanced diversity results to benefit the cross-architecture generalizability. For instance,
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under the constraint upon Image Per Classes (IPC), we split the distillation process into two
parallel paths (two experts), with having each expert model responsible for distilling the
original dataset into half of the allocated storage budget (noting that overall storage budget,
i.e. the number of distilled images, hence is kept the same as the original dataset distil-
lation method which does not have multiple experts). To further promote diversity within
the synthetic dataset, we introduce a distance correlation minimization strategy: during each
iteration of the distillation process, the distance correlation between the expert models is
calculated and subsequently minimized. This step encourages the experts to generate syn-
thetic data that is dissimilar across experts, thereby enriching the overall information content
captured by the entire distilled dataset.

Finally, while one attempts to leverage the distilled dataset to train a new model, the
fusion strategy based on Mixup [19] can be seamlessly introduced to combine the synthetic
images from each expert, thanks to the complementary information captured across individ-
ual experts, leading to a more comprehensive and generalizable representation of the original
data. To evaluate the effectiveness of our proposed framework, we conducted experiments
with various IPC settings as well as adopting different dataset distillation methods to be ex-
perts, comparing the performance of single-expert and multiple-expert distillations. Notably,
we observed a significant improvement in average cross-architecture performance with mul-
tiple experts, particularly in lower IPC conditions (e.g. < 25). This finding suggests that our
approach effectively mitigates the transferability issue by promoting diversity and generaliz-
ability within the distilled dataset.

In summary, our work makes the following key contributions:

¢ We introduce a novel mixture-of-experts framework for dataset distillation that ad-
dresses the challenge of cross-architecture performance degradation.

* Our approach leverages distance correlation minimization and a fusion strategy to pro-
mote diversity and enhance the generalizability of the distilled dataset.

* We demonstrate the effectiveness of our framework by evaluating its performance with
popular surrogate distillation methods, including MTT [1], IDC [9], and IDM [23].

2 Related Work

Dataset Distillation. Pioneered by [15], dataset distillation (DD) is a method that aims
to condense large training datasets into a compact and informative synthetic set, enabling
models trained on this distilled data to achieve comparable performance to those trained on
the full dataset. The core of DD lies in a bilevel optimization framework. The inner loop
minimizes the training loss of a model using distilled data, while the outer loop optimizes
the distilled data based on the matching objective. Several studies have explored various
objectives to enhance DD performance: 1) Gradient Matching — DC [21] optimizes syn-
thetic images by matching gradients of neural networks’ weights that are trained on real and
distilled data, while DSA [20] incorporating differentiable data augmentation to synthesize
more informative images. IDC [9] follows DC but particularly starts the iterative procedure
of dataset distillation via training the networks with real data (instead of the synthetic ones)
to ensure the quality of gradients. Moreover, under limited storage constraints, IDC stores
synthetic images in a low-resolution format, which will be up-sampled before being used
to train a new network; 2) Trajectory Matching — MTT [1] starts from training a set of
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classification models on real data, recording their optimization trajectories. Subsequently,
the distillation process focuses on aligning the training trajectories of models trained on the
distilled data with those obtained from real data. Due to the reduced size of the distilled
dataset, the training steps for synthetic data are typically larger (approximately 10x to 30x)
than those used for real data. FTD [5] further refines MTT by addressing its issue of having
interrupted trajectories between iterations, promoting a smoother and flatter trajectory for
enhanced performance; 3) Distribution Matching — DM [22] and IDM [23] aim to align
the feature representations learned from real and synthetic datasets, while IDM enhances
the classification ability of distilled images by incorporating an additional cross-entropy
loss into the objective function. Furthermore, IDM introduces a mechanism of construct-
ing a model pool to maintain diversity among the models used for distillation, alleviating
the potential issue of overfitting to specific features or representations. Mixture-of-Experts.
Building upon multiple expert sub-networks in which each focuses on its specific sub-task
or sub-domain within the overall problem space, the Mixture-of-Experts (MoE) architecture
[8, 25] presents a compelling approach to leverage the specialized knowledge from these
sub-networks within a single and unified model, where a gating module dynamically routes
input data to the most relevant expert based on its characteristics, allowing the model to
adapt to diverse inputs and learn distinct representations. In this paper, we adapt the core
idea of MoE analogously to the problem of dataset distillation, where multiple experts of
dataset distillation are encouraged to capture the characteristics of the original dataset from
diverse perspectives, making the resultant distilled dataset more generalizable for further use
of training models of various network architectures.

3 Methodology
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Figure 1: The overall workflow of our proposed Mixture-of-Experts framework for Dataset
Distillation. Initially, we pretrain and store multiple model parameters. Then each expert
initializes its synthetic data from the original full dataset. During the distillation stage, each
expert updates synthetic data by minimizing distance correlation between experts to promote
diversity within whole synthetic data. Finally, after the distillation is finished, we apply
mixup-based fusion among experts to enhance the transferability and performance of the
distilled dataset when training a new model for further applications.
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3.1 Preliminary

Dataset Distillation. Given a dataset 7 = {(x,-,y,-)}g1 composed of |7 real images x and
their corresponding labels y, the main goal of data distillation is to compress 7 into a learn-
able synthetic dataset S = {(x/, yg)}l.i‘l with |S| < |T |, while attempting to encapsulate the
knowledge of 7 in S. With taking a model parameterized by 6 as the bridge, the learning
of such synthetic dataset is typically realized by minimizing the discrepancy between the
model’s behavior when being trained on 7 and S (i.e. the model trained on S ideally should
have comparable performance with the one trained on 7") and can be generally written as:

S = argmin£(S,7), D

where £ can follow various forms according to the particular designs in different distillation
approaches. As described in previous sections, there are three major categories of dataset
distillation methods where in this paper we adopt one representative approach per category
to conduct our experiments and studies, i.e. IDC [9] for gradient matching, MTT [1] for
trajectory matching, and IDM [23] for distribution matching, respectively. Here we briefly
review their core designs for building L.

IDC [9] aims to match the gradients produced by real data or distilled synthetic data with
respect to the model parameters. Basically, given a model ¢ parameterized by 8 which has
been trained on the original dataset for a limited number of epochs, with denoting the real
data samples and synthetic data samples of the same class ¢ as Q] and QY respectively, IDC
realizes the gradient matching via the following objective:

C

Lipc =Y ((

et

Y. Vol(ge(xi),yi)

xi.yi)€QT

Y Vol(9e(x),3))%)?

1081y eos

where C denotes the number of classes and ¢ denotes the cross-entropy loss function.

MTT [1] aims to match the long-range trajectories of updating model parameters between
using real data or distilled synthetic data to train the model. Basically, with the same initial
model parameters 6, the model variant which is trained upon synthetic data for N steps (re-
sulting to have model parameter Oy) is encouraged to match another variant which is trained
upon real data for M steps (resulting to have model parameter 6)/) in terms of parameters,
where N < M. The objective is formulated as:

|6y — Oy ||
E e~ a—
M 60— 6y |

where the denominator is independent to the distilled data and serves as a normalized term.
IDM [23] aims to match the feature distribution of real dataset and the one of the distilled
synthetic data (where the feature is extracted by a model ¢ parameterized by 6 which has
been trained on the original dataset) in which the metric for measuring the distance be-
tween two distributions is maximum mean discrepancy (MMD [6]). Moreover, IDM has an
additional regularization term for encouraging the distilled synthetic data to have minimal
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classification error. The overall objective for IDM is hence formulated as:

SRS |
EIDM:Z”W Y 9o(xi)— IQS Y oe(x
e=1 1*2c lyeQl er¢

+A ), U(9e(xi).¥h)

(i) €S

where A is to balance the distribution matching term and the regularization term.

3.2 Dataset Distillation with Multiple Experts

As motivated previously, the existing dataset distillation methods often suffers from poor
cross-architecture generalization (i.e. when the distilled dataset is adopted to train a model
that has different network architecture from the one used in the distillation process, the per-
formance of the resultant model degrades significantly) and we attribute such problem to
their relying on a “single” distillation process for encapsulating the entire original dataset,
where the distilled dataset might not have sufficient diversity to support various architec-
tures. To this end, we propose to leverage the mixture-of-experts idea for having multiple
distillation processes (as experts) in a unified framework and particularly encourage them to
capture distinct characteristics of the original data thus enriching the diversity of the resultant
distilled dataset as well as improving the cross-architecture generalizability.

In detail, we introduce K experts E = {&],&, ...,Ek }, where each expert &; is tasked to
produce a specific subset S; of synthetic dataset S, derived from its corresponding subset 7;
of real data 7. Noting that S =S USU---USk and T = T UTp U---U Tk with setting
TiNT; =@, Vi# j(for simplicity, we assume |7 | is divisible by K). Particularly, in addi-
tion to having each expert independently perform dataset distillation on its assigned subset,
we advance to introduce a loss function based on distance correlation [14, 24] which min-
imizes the dependency between the feature representations of synthetic subsets distilled by
different experts, thus preventing the experts from converging towards the similar synthetic
subsets (in terms of feature representations) as well as prompting the diversity in the distilled
dataset. Noting that the distance correlation was proposed by [14] almost two decades ago
but is recently revisited by [24] to highlight its advantages and general uses in deep learning
as a measure for comparing two feature representations/spaces or the functional behavior
between two networks. In implementation, once every few iterations during the distillation
process, we randomly select pairs of synthetic subsets (e.g. S; and S; distilled by two distinct
experts & and &; respectively) and for each pair we compute its distance correlation. For a
pair of synthetic subsets (S; and S;), our loss based on distance correlation is written as:

ACCorr: dcor2(¢(8i)ﬂ¢(8/)) (2)

where ¢ is a model which has been pretrained on real data and used for feature extraction,
and dCor?(-,-) is the squared sample distance covariance [24].

The overall objective combines the individual distillation losses of each expert (e.g.
Lipc, Lmrr, or LipMm, depending on which distillation methods are used to construct our
experts) and the loss based on distance correlation:

L= ZEDD SuT +ZZ£CUVV SlaSj’¢) (3)
i=1 j#i
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where Lpp(S;;T;) represents the distillation loss (which could be Lyrr, Lipc or Lipm)
according to the distillation method used for the expert &;, operating on its assigned real data
subset 7; and generating the synthetic subset S;.

3.3 Mixup-based Fusion

While the distilled images can be directly utilized for downstream tasks, this approach may
compromise overall accuracy due to the potential for specialized representations learned
by individual expert models. Although minimizing distance correlation promotes diversity
within the distilled dataset, it may inadvertently lead to experts focusing on limited aspects
of the original data distribution. To address this challenge and encourage a more holistic rep-
resentation, we incorporate a fusion strategy inspired by Mixup [19]. During the evaluation,
we combine synthetic images from different expert subsets using a weighted sum:

= A+ (1- )X, @)

where x), € Si,x; €S, p=1,...,[Si[,g=1,...,|S;| and Vi # j. Here, A is a scalar value sam-
pled from a Beta distribution, following the principles outlined in the original Mixup [19] ap-
proach. This Mixup-based fusion encourages the model to learn from the combined knowl-
edge of different experts, effectively leveraging their specialized representations to create a
more generalizable and comprehensive representation of the original data. This approach
aims to improve both the accuracy of downstream tasks and the model’s ability to adapt to
diverse network architectures.

4 Experimental Results

4.1 Experimental Setup

Datasets. To comprehensively evaluate our multi-expert DD framework, we employed
a diverse set of datasets with varying image resolutions and complexities. Our benchmark
for low-resolution datasets was CIFAR-10/100 [10], each containing 60,000 color images
(32 x 32) across 10 and 100 classes respectively. For higher resolutions, we utilized Im-
ageNette, a 10-class subset of ImageNet [4], ImageWoof, focusing on 10 dog breeds, and
STL-10 [2], a 10-class dataset with labeled and unlabeled images. By evaluating our frame-
work across these datasets (all resized to 64 x 64), we demonstrate its efficacy and robustness
for addressing the challenge of cross-architecture generalizability in dataset distillation task.

Baselines. To showcase the versatility of our proposed framework, we integrate it with
three prominent surrogate objectives for dataset distillation: IDC [9], IDM [23], and MTT
[1], representing gradient matching, distribution matching, and trajectory matching, respec-
tively. We conduct a comparative analysis of these distillation methods under equivalent
storage budget, which means the same images-per-class times the number-of-experts (IPC x
NoE), constraining and reporting their respective cross-architecture performance.

4.2 Comparison between Single Expert and Multiple Experts

We conducted an experiment to evaluate the impact of multiple experts using three different
distillation methods: IDC, IDM, and MTT, under two storage budgets: 10 and 20. To com-
pare the effects of multiple experts, we established two scenarios for each storage budget:
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Table 1: Distillation and cross-architecture performance on CIFAR-10/100 datasets.

Target \ CIFAR-10 \ CIFAR-100

Budget | 10 | 20 | 10 | 20

IPCxNoE | 5x2 | 10x1 | 10x2 | 20x1 | 5x2 | 10x1 | 10x2 | 20x1
IDC [9]

ConvNet-3 | 5332 5273 | 5552 54.05 | 3144 31.03 | 36.03 3533

VGGI1 5141 49.70 | 53.37 51.74 | 29.62 2738 | 34.53 31.25

ResNet18 51.56 47.51 | 54.06 50.06 | 30.74 28.59 | 36.08 34.09
AlexNet 46.34 40.69 | 52.01 44.04 | 26.45 20.05 | 33.84 25.76

IDM [23]
ConvNet-3 | 49.04 47.61 | 52.31 50.48 | 26.87 27.45 | 3238 31.67
VGG11 4453 44.65 | 4831 47770 | 23.06 22.90 | 28.57 28.84

ResNet18 4505 4284 | 4952 46.02 | 24.29 2535 | 32.08 32.04
AlexNet 37.19 3496 | 4432 41.71 | 1949 17.07 | 27.16 22.59

MTT [1]
ConvNet-3 | 53.82 5617 | 60.14 60.82 | 30.00 29.53 | 28.50 29.80
VGG11 49.86 4659 | 52.04 47.27 | 29.23 27.99 | 27.80 27.72

ResNet18 52.14 46.17 | 58.13 5394 | 30.19 27.81 | 27.55 26.05
AlexNet 44.16 3297 | 52.11 50.01 | 25.27 23.88 | 28.10 27.67

Full Dataset | 84.80 | 56.20

allocating the entire budget to a single expert and equally dividing the budget between two
experts. Specifically, for a storage budget of 10, we set the number of experts (NoE) to 1 with
images per class (IPC) being 10, denoted by IPC x NoE = 10 x 1, and to 2 with IPC being
5 for each expert, denoted by IPC x NoE =5 x 2. Similarly, for a storage budget of 20, we
set IPC x NoE to 20 x 1 and 10 x 2. The distillation process was performed on ConvNet-3.
After completing the distillation, we trained new networks, including ConvNet-3, VGG11,
ResNet18, and AlexNet, on the distilled dataset to measure the performance of the distil-
lation methods. Table 1 presents the results on CIFAR-10 and CIFAR-100. We observed
consistent improvements in multi-experts (i.e. NoE equals to 2) built by IDC over single-
expert (i.e. NoE equals to 1) baselines, and most of the multi-expert results built by IDM
and MTT outperformed the single-expert baselines. This suggests that the distilled datasets
generated by our multi-expert framework are more generalizable for new architectures.

4.3 The Comparison to Single Expert SOTA

We conducted an experiment comparing our framework with a generalization-focused method,
namely RDED [13]. To ensure a fair, same-budget (IPC=20) comparison: We created a hy-
brid MoE (“Ours + RDED”). One expert used IDM (IPC=10); the other directly incorporated
10 RDED-distilled images (IPC=10). We compared this hybrid to RDED distilling 20 images
(RDED (IPC=20)). In Table 2, the hybrid MoE outperforms RDED (IPC=20) on ConvNet-3,
VGG-11, and ResNet-18. RDED is slightly better on AlexNet. Overall, such preliminary
hybrid MoE shows competitive and superior generalization to the RDED, offering an encour-
aging evidence of our framework’s effectiveness. Moreover, our work is actually orthogonal
to RDED as it can be simply integrated as an expert in our framework.
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Table 2: RDED vs. Hybrid MoE Cross- ~ Table 3: Ablation study on using different mixup

Architecture Performance strategies.
Ours RDED ‘ Ours ‘ Mixup ‘ w/o Mixup
ConvNet-3  50.28 45.62 ConvNet-3 | 53.32 | 52.46 53.21
VGG-11 46.03 44.36 VGG11 5141 | 51.34 50.84
ResNet-18  46.79 45.54 ResNet18 | 51.56 | 50.20 50.11
AlexNet 41.94 43.02 AlexNet | 46.34 | 44.60 42.98

4.4 Evaluating the Impact of Mixup-Based Fusion.

Table 3 presents an ablation study investigating the efficacy of our proposed mixup-based
fusion in comparison to the vanilla mixup technique [19] within the context of dataset distil-
lation using IDC [9] as the surrogate method. The experiment is built using IDC on CIFAR-
10 with IPCxNoE =5 x 2. The results demonstrate that our strategy (““Ours”), which mixes
synthetic images from different expert models (c.f. Section 3.3), consistently outperforms
both the baseline without mixup (“w/o Mixup”) and the Vanilla Mixup (“Mixup”) approach
(mixing images from both the same expert and different experts) across all target architec-
tures. This suggests that leveraging the diverse representations learned by multiple experts
is crucial for enhancing the generalizability and performance of the distilled dataset. While
vanilla mixup also exhibits some performance improvement over the baseline, it falls short
of our proposed strategy, indicating that simply mixing images may not sufficiently capture
the full range of information required for effective distillation.

4.5 Ablation Studies

Table 4 presents the findings of an ablation study designed to evaluate the individual contri-
butions of two key components within our proposed framework: distance correlation mini-
mization and mixup-based fusion. We analyze their impact on performance using CIFAR-10
and employ IDM [23], IDC [9] and MTT [1] as the surrogate distillation methods and vary-
ing IPC settings. Incorporating distance correlation generally leads to an improvement in
performance across all three methods and IPC settings. This suggests that encouraging di-
versity among expert models through distance correlation helps capture a broader range of
information from the original data, leading to better generalizability. However, the magni-
tude of the improvement varies depending on the specific distillation method and IPC level.
The inclusion of the mixup-based fusion strategy improves performance across all distillation
methods and IPC settings. This highlights the effectiveness of combining complementary in-
formation learned by different experts. Finally, the combination of distance correlation and
mixup-based fusion results in the best overall performance using the MoE framework.

Table 4: Ablation study on our proposed distance correlation and fusion techniques on
CIFAR-10 with using different dataset distillation methods to build experts

Distillation Method | IDM[23] | IDC[9] | MTT[I]
IPCxNoE | 5%2 10x2 | 5x2  10x2 | 5x2  10x2
Baseline 46.35 49.50 | 5228 5347 | 51.02 58.08
+ Distance Correlation 47.55 51.81 | 5290 55.01 | 51.59 58.38

+ Distance Correlation & Mixup-based Fusion | 49.04 52.31 | 53.32 55.52 | 53.82 60.14
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5 Conclusion

This work has presented a novel approach to DD that addresses the challenge of cross-
architecture performance degradation by promoting diversity and generalizability within the
distilled dataset. Our framework leverages multiple expert models, each specializing in dis-
tilling a distinct subset of the data, and incorporates distance correlation minimization as well
as image fusion strategies to enhance the richness and informativeness of the distilled data.
Through extensive experiments, we have demonstrated the effectiveness of our approach in
mitigating the transferability issue and achieving improved performance across various tar-
get architectures, particularly in low-data regimes. Our findings highlight the importance of
diversity in DD and provide valuable insights for future research in this area.
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