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Abstract

The demands for increasingly large-scale datasets pose
substantial storage and computation challenges to build-
ing deep learning models. Dataset distillation methods,
especially those via sample generation techniques, rise in
response to condensing large original datasets into small
synthetic ones while preserving critical information. Exist-
ing subset synthesis methods simply minimize the homoge-
neous distance where uniform contributions from all real
instances are allocated to shaping each synthetic sample.
We demonstrate that such equal allocation fails to consider
the instance-level relationship between each real-synthetic
pair and gives rise to insufficient modeling of geometric
structural nuances between the distilled and original sets.
In this paper, we propose a novel framework named OP-
TICAL to reformulate the homogeneous distance minimiza-
tion into a bi-level optimization problem via matching-and-
approximating. In the matching step, we leverage optimal
transport matrix to dynamically allocate contributions from
real instances. Subsequently, we polish the generated sam-
ples in accordance with the established allocation scheme
for approximating the real ones. Such a strategy better mea-
sures intricate geometric characteristics and handles intra-
class variations for high fidelity of data distillation. Ex-
tensive experiments across seven datasets and three model
architectures demonstrate our method’s versatility and ef-
fectiveness. Its plug-and-play characteristic makes it com-
patible with a wide range of distillation frameworks.

1. Introduction

Deep learning has achieved remarkable success across com-
puter vision tasks, largely due to the availability of extensive
annotated datasets with millions of examples [5, 9, 35, 52].
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Figure 1. Pitfalls of the existing dataset distillation methods due
to homogeneous distance minimization. We visualize two kinds
of real data (gray) with the same equivalent center (green) but of
distinct geometric structures. The initialized synthetic data (red)
all shift towards the same equivalent center (orange) upon conver-
gence (blue). Since contributions from real data are uniformly al-
located to synthetic ones, two synthetic sets converge nearly iden-
tically, regardless of the structures of the underlying real sets.

However, such reliance on massive datasets brings signif-
icant challenges, particularly in storage and computational
expenses [29, 46, 48]. To alleviate these burdens, dataset
distillation has emerged as a promising solution by con-
densing large datasets into much smaller versions that still
retain essential information [2, 12, 26, 37, 42]. The distilled
dataset enables efficient storage and training, making the
advanced models more accessible and cost-effective.

Dataset distillation approaches typically fall into two cat-
egories: 1) subset selection from real samples and 2) sub-
set synthesis for generated samples. The subset selection
methods [16, 38, 39, 45] leverage coreset-based techniques
to heuristically select representative real samples from the
original dataset for a compact subset. Despite its simplicity,
the selected subset fails to capture the characteristics of the
entire dataset by nature, resulting in suboptimal compres-
sion. Recent studies opt to generate synthetic data for loss-
less distillation. All these methods measure the difference
and divergence between the synthetic and the real datasets
for minimization either in terms of gradients or represen-
tations. For the former of gradient, optimization-oriented
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methods [3, 19, 27, 55, 57] develop bi-level frameworks to
align the performance or parameters of models respectively
trained on the generated and the original data. Despite their
effectiveness, such alternative nested optimization of mod-
els and data results in high computation costs until con-
vergence. For the latter of representations, distribution-
matching (DM)-based methods [41, 50, 51, 56, 58] directly
approximate the full dataset in the embedding space while
downplaying the model-level matching.

However, most existing subset synthesis methods merely
focus on matching the overall statistics (e.g., the equivalent
center of all instances) while neglecting the pairwise rela-
tionship between instances from the synthetic and real sets
for precise establishment of correspondence. Such limita-
tion arises from the uniform allocation strategy where each
real instance contributes equally in shaping the generated
ones. Equal weights are assigned to real-synthetic pairs
and therefore homogeneous divergence is minimized at the
instance-level. Our demonstrative experiments, as shown in
Fig. 1, illustrate that the distilled dataset obtained by min-
imizing the homogeneous distance with uniform contribu-
tion (as seen in (b) and (d) of Fig. 1) suffers from capturing
the geometric structure of the original full dataset. Although
the distilled instances share the equivalent center with the
original ones, they converge regardless of the underlying
distributions. The homogeneous minimization encourages
a shortcut where the averaged representations are employed
as a proxy for approximation, failing to take the intra-class
variety into consideration.

In this paper, we introduce the OPTImal transport for
Contribution ALlocation (OPTICAL), a plug-and-play ap-
proach grounded in Optimal Transport (OT) that measures
pairwise relationship and adaptively adjusts the influence
of real instances on each synthetic one, ensuring a fine-
grained, context-aware contribution allocation scheme. We
reformulate the homogeneous distance minimization prob-
lem into a bi-level optimization problem via Matching-and-
Approximating. In the matching step, our OPTICAL uses
the OT matrix to serve as a cost-efficient mapping tool for
divergence measurement. It matches the most relevant real-
synthetic pairs by determining an optimal plan to transform
the distribution of the synthetic set into that of the real
set. In the subsequent approximating step, we follow the
contribution allocation scheme defined by OT and perform
distance minimization either with optimization-oriented or
with DM-based methods. Such mechanism of contribution
allocation allows each synthetic sample to learn distinct,
customized knowledge from matched real ones. It guaran-
tees that the instance-level correspondence is considered to
handle the intra-class variety for a high level of geometric
resemblance between the distilled and the original sets.

To further refine the representation capacity for percep-
tion of distribution nuances, we project the gradients and

representations into a Reproducing kernel Hilbert space
that offers a more expressive cost matrix for optimal trans-
port. This transformation leverages kernel evaluations as
distances to better capture high-order distribution proper-
ties. Given the computation overhead of directly solving
the OT matrix, we propose to employ Sinkhorn normaliza-
tion as an efficient-yet-accurate approximation towards the
regularized OT matrix. To sum up, our contributions are:
(1) We offer an in-depth mathematically rigorous analysis
on the limitations behind homogeneous distance minimiza-
tion for dataset distillation. The equal allocation of contri-
butions from real instances is the fundamental problem.
(2) We propose the OPTICAL to reformulate the subop-
timal homogeneous distance minimization into a bi-level
optimization problem via matching-and-approximating. A
novel contribution allocation mechanism is developed to
first match real-synthetic pairs via OT and then adjust real
instances in shaping synthetic ones during distillation.
(3) OPTICAL is a plug-and-play method that can be gen-
erally applied to most of the dataset distillation methods,
without introducing significant computation overhead.

We validate the versatility and effectiveness of our OPTI-
CAL through extensive experiments across seven datasets.
Notably, our cross-architecture distillation exhibit even
greater gains when the network used for evaluation differs
from the proxy network used for matching, underscoring
the robustness and generalizability of our approach.

2. Related Works

2.1. Dataset Distillation
Dataset distillation, also known as (a.k.a.) dataset conden-
sation, creates a much smaller dataset that delivers simi-
lar effect of model training with the full set. Existing ap-
proaches can be mainly categorized as follows.
Real Subset Selection. Coreset selection techniques are
often leveraged to choose a subset from the full dataset
as the distilled dataset. Herding [45] prioritize samples
close to class centers. Forgetting [39] prefers samples that
exhibit forgetting characteristics as informative ones. K-
center methods [16, 38] aim to minimize the maximum dis-
tance between the selected samples and their nearest class
centers. The effectiveness of these methods depends heav-
ily on the quality of the original dataset and the rationality
of the heuristically designed criteria. Consequently, robust-
ness is not promised across domains and tasks.

In this paper, we focus on the synthesis-based dataset
distillation where the smaller dataset is newly generated,
which permits higher flexibility and generalization poten-
tials than the data selection methods for real subsets.
Synthetic Set Generation. Distance between the real and
the generated sets are measured on either gradients or rep-
resentations, leading to two different types of methods.

15246



Cost Matrix

Sinkhorn
Normalization

Optimal
Transport Matrix

Gradient or 
Embedding

Space 
Projection

Kernel
Hilbert
Space

Conversion

Update

Real
Synthetic

Real
Synthetic

Real

Synthetic Distance Measure

𝜃𝜃

Figure 2. Illustration of the proposed pipeline. We first map the matching objective into the Hilbert space to compute the cost matrix, and
then apply the Sinkhorn normalization to derive the optimal transport matrix. Such an optimal transport matrix is subsequently used to
re-allocate contributions of the real instances for polishing the synthetic ones in distance measurement and minimization.

Optimization-oriented methods [3, 19, 42, 50, 57] match
gradients through a bi-level framework. Models are updated
in the outer loop and synthetic instances are refined in the
inner loop. DM-based methods [13, 41, 50, 51, 56, 58],
on the other hand, focus on feature alignment which by-
passes alternative optimization by directly matching the
distributions of real and synthetic instances. Despite the
broad applicability of these synthetic methods, they all
suffer from the homogeneous distance minimization prob-
lem where each real instance contributes equally to deliver
knowledge to the synthetic ones. Such an equal allocation
scheme neglects the fact that instances within the same class
can vary greatly (e.g., fine-grained patterns) and the rela-
tionship (e.g., resemblance) between real and synthetic in-
stances should be considered. Its insufficient perception of
instance-wise distinctive features and class-wise geometric
structures leads to inadequate penalty on feature alignment.

This paper targets at the homogeneous distance mini-
mization problem that exists in both optimization-oriented
and DM-based methods. We propose a bi-level optimiza-
tion solution of matching-and-approximating, which adap-
tively allocates contributions from real to synthetic in-
stances via efficient OT process. It is compatible with any
synthesis distillation method in a plug-and-play manner.

2.2. Optimal Transport
The OT theory provides a mathematical framework for
comparing probability distributions by calculating the min-
imal cost required to transform one distribution into the
other. It excels at capturing the geometric structure of distri-
butions [40, 53]. Previous methods primarily utilize the OT
distance (a.k.a., Wasserstein distance) for measuring distri-
bution differences. Such a metric has been employed across
various domains including causal discovery [43, 44], image
generation [1, 17, 34], unsupervised learning [4, 18, 23],
and reinforcement learning [14, 20, 22, 54]. Due to the

computationally intensity of the Wasserstein distance in
most scenarios, the Sinkhorn distance has been proposed as
a tractable approximation, which introduces an entropy reg-
ularization term to the OT problem [10]. Its success in quan-
tifying divergences between any two distributions allows
applications ranging from from domain adaptation [33, 49]
to classification [28] and distillation [6–8].

In contrast with methods that directly use the OT dis-
tance as the minimization objective, we leverage the OT ma-
trix for contribution allocation under our bi-level pipeline.
This allows us to simultaneously retain the advantages of
OT in divergence measurement and enjoy a high level of
compatibility with existing dataset distillation frameworks.

3. Method

3.1. Problem Statement
Dataset distillation aims to create a small synthetic dataset
S = {(xi

s, y
i
s)}

|S|
i=1 from a large-scale full dataset T =

{(xi
t, y

i
t)}

|T |
i=1, |S| ≪ |T |, such that neural models trained

on S perform comparably to those trained on T . The syn-
thetic S is initialized with randomly chosen real instances
from T , and then iteratively refined to simulate T .

3.2. Sub-optimal Dataset Distillation via Homoge-
neous Distance Minimization

One fundamental limitation behind synthesis-based distilla-
tion lies in the homogeneous distance minimization, where
equal contributions from real data are devoted to polishing
all synthetic samples. Such instance-irrelevant uniform al-
location disregards the varying importance and learning ne-
cessity of real instances. Without instance-level constraints
on matching pairs, the synthetic data merely capture the
overall distribution nuances using the averaged representa-
tions as proxies. It performs a uniform shift from the equiv-
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Table 1. Representative synthesis-based dataset distillation meth-
ods with their mapping functions F . The ϕθ denotes the encoder
of the model fθ parameterized by θ. The L(·) refers to the train-
ing loss, and the K is a kernel function. The ϕexpert represents an
expert encoder and β denotes a combination coefficient.

Method F (S)

Optimization-oriented Methods

DC [57], DREAM [27] ∇θL (fθ(S))

DM-based Methods

DM [56], IDM [58] ϕθ(S)
M3D [51] K(ϕθ(S), ·)
DANCE [50] βϕθ(S) + (1− β)ϕexpert(S)

alent center of initialized synthetic samples towards that of
real ones, failing to harness the rich geometric structures.
Preliminaries. The common objective of dataset distilla-
tion is to minimize the distance between the real T and the
synthetic datasets S via the mapping function F (·):

S∗ = argmin
S

D (F (S), F (T )) , (1)

where D represents the metric used to measure the distri-
butional distance between T and S . The function F (·) can
take various forms, and we can unify both the optimization-
oriented methods and the DM-based methods into Eq. (1)
by different F (·) (see Table 1). For optimization of D,
most existing approaches decompose the overall distribu-
tion measurement into two parts, with one part for measur-
ing the internal structure of S as Ds(·) and the other for
quantifying the interaction between T and S:

D (F (T ), F (S)) = Ds (F (S))−α
∑
i,j

F (xi
t)F (xj

s), (2)

where α is a normalizing factor. We disregard terms unre-
lated to S as they do not contribute to the overall gradients.
Pitfalls. The formulation of Eq. (2) implies that each syn-
thetic point xj

s is equally affected by all real samples xi
t,

which has two noteworthy problems: 1) The lack of impor-
tance discrimination among real samples leads to inefficient
convergence as those difficult real ones of high intra-class
diversity are assigned the same weights with easy ones; 2)
The relevance between current synthetic samples and real
ones, namely the necessity of mimicking each real sample,
is not considered for dynamic adjustment. As a result, there
exists a tendency of taking a short-cut path for the synthetic
samples to simply approximate the averaged real instances
in the embedding space. In this case, the entire optimization
of dataset distillation can be viewed as shifting the equiva-
lent class centers of the synthetic set towards those of the
real set, neglecting the pairwise instance matching based on
individual resemblance. To make it clearer, we present the

most commonly used D [37, 56] for explanations:

D (F (T ), F (S)) = ∥
∑
j∈S

F (xj
s)

|S|
−

∑
j∈T

F (xj
t )

|T |
∥2. (3)

The Eq. (3) encourages the S to be identical to T on aver-
age. It exerts no explicit constraints on approximation be-
tween paired instances. From the perspective of gradients,
each synthetic sample receives supervisions as:

∂D

∂F (xi
s)

=
2

|S|2
∑
j∈S

F (xj
s)−

2

|S||T |
∑
j∈T

F (xj
t ). (4)

The gradients are identical for polishing each xi
s in S. Such

neglect of instance-wise customization and adjustment trig-
gers off sub-optimal distillation fundamentally.

3.3. Distance Minimization with Dynamic Alloca-
tion of Real to Synthetic Instances

To address the drawbacks of homogeneous distance min-
imization, we propose the OPTICAL (see Fig. 2) to dy-
namically adjust the contributions from real instances to
supervise synthesis. We leverage the OT theory to form
a non-uniform contribution matrix in consideration of the
relevance between real and synthetic pairs.
Reformulation of the Distance Minimization as the Bi-
level Optimization via Matching-and-Approximating.
We formulate the distance minimization as a bi-level opti-
mization problem. An instance-wise scheme of contribution
assignment is first estimated in the first stage, guiding syn-
thetic samples to learn from real ones in the second stage:

D (F (T ), F (S)) = Ds (F (S))− α
∑
i,j

PijF (xi
t)F (xj

s),

(5)
where Pij represents the contribution matrix, indicating the
level of contribution from each real instance F (xi

t) to shap-
ing each synthetic instance F (xj

s). Such a reformulation in-
troduces a weighted contribution mechanism, enabling dy-
namic adjustment of emphasis in matching the most promis-
ing real-synthetic pairs for approximation. In accordance
with the sizes of the original and the distilled dataset, the
matrix P is subject to the marginal constraints on quantity:∑

j

Pij = |S|,
∑
i

Pij = |T |. (6)

It ensures that the total contributions from real to synthetic
data are optimized via the strategy of assignment, where
the influence of each real instance gets distributed across
the synthetic set in a pairwise manner. We demonstrate that
such a reformulation still guarantees the alignment of mean
values upon convergence, where the average representation
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of all synthetic instances approximates that of real ones:∑
i

∂D

∂F (xi
s)

= 0 ⇐⇒
∑
j∈S

F (xj
s)

|S|
=

∑
j∈T

F (xj
t )

|T |
. (7)

Therefore, our reformulation not only preserves the advan-
tages of previous methods but also introduces instance-wise
flexibility and explicit supervision on the overall structure.
Revisiting the Optimal Transport for Estimation of the
Contribution Assignment. The problem of finding the op-
timal P can be implemented via an OT process. Specifi-
cally, we aim to determine P that minimizes the transport
cost between real and synthetic distributions:

U = {P ∈ R|T |×|S|
+ |P1|S| = |S|1|T |,P

T1|T | = |T |1|S|},
(8)

The optimal P can be efficiently approximated as:

Pλ = argmin
P∈U

∑
i,j

PijC(F (xi
t), F (xj

s))− λH(P), (9)

where C(F (T ), F (S)) denotes the cost matrix that mea-
sures the “distance” between the real F (xi

t) and synthetic
F (xj

s) instances. The entropic regularization H(P) is bal-
anced by the hyper-parameter λ for smoothness.
Improving Perception of Distribution Nuances via
Hilbert Space Conversion. Most existing dataset distil-
lation methods simply use the low-order term of distance
measurement for instance representations either in the gra-
dient or the embedding space, neglecting the high-order
terms that indicate the subtle nuances for a high level of
alignment. To effectively capture the distribution structures
of T and S, we propose to map their representations into the
“infinite-dimensional” Hilbert space via Gaussian kernels.

Kσk
(F (xi

t), F (xj
s)) = e

− ∥F (xi
t)−F (x

j
s)∥2

2σk
2 , (10)

where σk controls the scale of the kernel’s sensitivity to dif-
ferences. By leveraging multiple σk, the complex relation-
ship between (xi

t,x
j
s) pairs can be perceived properly:

Rij =
1

n

n∑
k=1

Kσk
(F (xi

t), F (xj
s)), (11)

where n is the number of kernels and Rij denotes the en-
try of i-th row and j-th column of the relevance matrix R.
Compared with the vanilla measurement like cosine or Eu-
clidean distance, the intricate pairwise discrepancy between
T and S is comprehensively identified in our Hilbert space.
Cost Matrix Computation. The cost matrix C is imple-
mented to be negatively associated with R, implying that
any pair of instances that share a high relevance Rij should
be assigned low cost for distributional “movement”:

C = J−R, (12)

Figure 3. Accuracy progression over iteration.

where J ∈ R|T |×|S| is the all-ones matrix, Jij = 1,∀i, j.
Sinkhorn Normalization. To efficiently solve the OT prob-
lem, we use the Sinkhorn algorithm to iteratively normalize
a candidate transport matrix Kt to satisfy the marginal con-
straints [7]. It applies entropy regularization to efficiently
approximate the OT matrix without sacrificing precision.
We initialize K0 ∈ R|T |×|S| at t = 0 as:

K0 = exp(−C

λ
). (13)

Then, Sinkhorn normalization is performed by:

K̂t ← diag
(
Kt−11|S| ⊘ (|S|1|T |)

)−1
Kt−1,

Kt ← K̂tdiag

((
K̂t

)T
1|T | ⊘ (|T |1|S|))

)−1

,
(14)

where⊘ denotes element-wise division. These iterative up-
dates can be simplified into the following component-wise
forms that are well-suited for efficient processing:

K̂t
ij =

|S|Kt−1
ij∑

j K
t−1
ij

, Kt
ij =

|T |K̂t
ij∑

i K̂
t
ij

. (15)

After T iterations, we obtain the contribution matrix:

Pλ = KT . (16)

Boosting Synthesis-Based Distillation in a Plug-and-
Play Manner. During the first-level optimization, we com-
plete “matching” to explicitly quantify the contributions
Pλ. In the subsequent second-level “approximating”, we
perform the actual minimization of divergence between real
and synthetic sets for authentic, informative data synthesis.

Specifically, Eq. (5) is minimized strictly following
the batch-wise allocation scheme. By altering F (·) (see
Table 1), we can flexibly incorporate both optimization-
oriented and DM-based methods. It is noted that our refor-
mulated distance is consistently updated batch-by-batch to
ensure dynamic adjustment to the latest generated samples.

4. Experiments
4.1. Experimental Settings
Datasets. Our evaluation encompasses datasets of low
(MNIST [25], FashionMNIST [47], SVHN [30], CIFAR-
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Table 2. Top-1 accuracy of test models trained on distilled synthetic images. We use † to denote the results reproduced by us. The
distillation is conducted with ConvNet-3. We apply our OPTICAL to existing synthesis-based distillation methods and respectively show
its slight (blue) and non-trivial (red) performance gains (∆). The best results are emphasized in bold.

Dataset MNIST FashionMNIST SVHN CIFAR-10 CIFAR-100
IPC 1 10 50 1 10 50 1 10 50 1 10 50 1 10 50
Ratio (%) 0.017 0.17 0.83 0.017 0.17 0.83 0.014 0.14 0.7 0.02 0.2 1 0.2 2 10

DD [42] - 79.5 - - - - - - - - 36.8 - - - -
LD [2] 60.9 87.3 93.3 - - - - - - 25.7 38.3 42.5 11.5 - -
DC [57] 91.7 97.4 98.8 70.5 82.3 83.6 31.2 76.1 82.3 28.3 44.9 53.9 12.8 25.2 -
KIP [31, 32] 90.1 97.5 98.3 73.5 86.8 88.0 57.3 75.0 80.5 49.9 62.7 68.6 15.7 28.3 -
DSA [55] 88.7 97.8 99.2 70.6 84.6 88.7 27.5 79.2 84.4 28.8 52.1 60.6 13.9 32.3 42.8
IDC [19] 94.2 98.4 99.1 81.0 86.0 86.2 68.5 87.5 90.1 50.6 67.5 74.5 - 45.1 -
MTT [3] - - - - - - - - - 46.3 65.3 71.6 24.3 40.1 47.7
FTD [15] - - - - - - - - - 46.8 66.6 73.8 25.2 43.4 50.7
ATT [26] - - - - - - - - - 48.3 67.7 74.5 26.1 44.2 51.2
DREAM [27] 95.7 98.6 99.2 81.3 86.4 86.8 69.8 87.9 90.5 51.1 69.4 74.8 29.5 46.8 52.6
DREAM+Ours 96.0 98.8 99.3 81.7 86.7 87.4 70.7 88.2 90.8 52.0 69.7 75.0 29.7 47.1 52.9
∆ +0.3 +0.2 +0.1 +0.4 +0.3 +0.6 +0.9 +0.3 +0.3 +0.9 +.0.3 +0.2 +0.2 +0.3 +0.3

CAFE [41] 93.1 97.2 98.6 77.1 83.0 84.8 42.6 75.9 81.3 30.3 46.3 55.5 12.9 27.8 37.9
CAFE+DSA - - - 73.7 83.0 88.2 - - - 31.6 50.9 62.3 14.0 31.5 42.9
DataDAM [37] - - - - - - - - - 32.0 54.2 67.0 14.5 34.8 49.4
DM [56] 89.7 97.5 98.6 70.7 83.5 88.1 30.3 73.5 82.0 26.0 48.9 63.0 11.4 29.7 43.6
DM+Ours - 97.9 98.8 - 85.0 88.9 - 75.2 84.8 - 50.2 63.4 - 30.8 44.5
∆ - +0.4 +0.2 - +1.5 +0.8 - +1.7 +2.8 - +1.3 +0.4 - +1.1 +0.9
IDM [58] - - - - - - - - - 45.6 58.6 67.5 20.1 45.1 50.0
IDM+Ours - - - - - - - - - 46.3 59.1 67.8 24.4 45.8 50.4
∆ - - - - - - - - - +0.7 +0.5 +0.3 +4.3 +0.7 +0.4
M3D [51] 94.4 97.6 98.2 80.7 85.0 86.2 58.1† 82.5† 89.0 45.3 63.5 69.9 26.2 42.4 50.9
M3D+Ours 95.9 97.9 98.7 81.8 86.0 86.3 59.9 83.5 89.6 46.1 64.0 71.0 26.8 42.9 53.0
∆ +1.5 +0.3 +0.5 +1.1 +1.0 +0.1 +1.8 +1.0 +0.6 +0.8 +0.5 +1.1 +0.6 +0.5 +2.1
DANCE [50] 94.5† 96.2† 96.5† 81.5 86.3 86.9 65.8† 86.6† 90.2† 47.1 70.8 76.1 27.9 49.8 52.8
DANCE+Ours 95.4 97.5 97.8 82.0 86.9 87.7 67.3 88.1 91.1 48.0 71.1 76.5 28.3 50.7 53.5
∆ +0.9 +1.3 +1.3 +0.5 +0.6 +0.8 +1.5 +1.5 +0.9 +0.9 +0.3 +0.4 +0.4 +0.9 +0.7

Full Dataset 99.6 93.5 95.4 84.8 56.2

10 [21], CIFAR-100 [21]), medium (TinyImageNet [24]),
and high (ImageNet subsets [11]) resolutions.
Network Architectures. Following previous works, we use
a depth-3 ConvNet [36] for the low-resolution datasets, a
depth-4 ConvNet for TinyImageNet [24], and a ResNetAP-
10 [19] for the high-resolution ImageNet subsets.
Baselines. We evaluate the impact of incorporating our OP-
TICAL into multiple approaches, including DREAM [27],
DM [56], IDM [58], M3D [51] and DANCE [50]. We
also compare our results against various methods including
DD [42], LD [2], DC [57], KIP [32], DSA [55], MTT [3],
FTD [15], ATT [26], CAFE, and CAFE+DSA [41].
Metric. Following previous works [50, 51], we employ
the test accuracy of networks trained on the distilled exam-
ples as the evaluation metric. Each network is trained from
scratch multiple times: 10 times for low-resolution datasets
and TinyImageNet, and 3 times for the ImageNet subsets.
Implementation Details. We follow the same experimental
settings (e.g., α) as previous works for comparability. As
for the OT, we set σk

2 = [0.1, 1, 5] and T = 20. Our 1/λ is
optimized via grid search in {1.0, 1.1, 1.2, 1.3}.

4.2. Results and Discussions

Results on Low-Resolution Datasets. As shown in Table
2, we apply the OPTICAL framework to one optimization-
oriented method and four DM-based methods. Results in-
dicate that OPTICAL consistently improves performance
across various datasets and image-per-class (IPC) settings.
This enhancement stems from our OT matrix that cap-
tures the geometric structures of the real data distribu-
tion. It leverages intra-class relationship for more effec-
tive alignment between real and synthetic data. Notably,
due to the factor and up-sampling techniques in prior meth-
ods [27, 50, 51, 58], the synthetic set typically contains
more images than the IPC, further amplifying the benefits
of the OT matrix. The greatest performance gains are ob-
served with DM [56], which employs a basic form of Ds

and suffers from instance-wise homogeneity (Sec. 3.2). For
other methods that adopt more complex forms of Ds to
convey category-specific knowledge, the limitation of uni-
form contribution still remains. In this case, our method
introduces adaptive non-uniform contributions in return for
more representative synthesis. Even state-of-the-art ap-
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Table 3. Performance on TinyImageNet with ConvNet-4.

Type IPC 1 10 50
Ratio (%) 0.2 2 10

DC [57] 5.3±0.1 12.9±0.1 12.7±0.4

Optimization- DSA [55] 5.7±0.1 16.3±0.2 5.1±0.2

Oriented DREAM [27] 10.0±0.4 - 29.5±0.3

MTT [3] 6.2±0.4 17.3±0.2 26.5±0.3

DataDAM [37] 8.3±0.4 18.7±0.3 28.7±0.3

DM [56] 3.9±0.2 12.9±0.4 24.1±0.3

DM+Ours 4.7±0.3 13.8±0.3 25.1±0.2

Distribution- ∆ +0.8 +0.9 +1.0
Matching- IDM [58] 10.1±0.2 21.9±0.2 27.7±0.3

Based IDM+Ours 10.7±0.2 22.5±0.4 28.1±0.4

∆ +0.6 +0.6 +0.4
DANCE [50] 11.6±0.2 26.4±0.3 28.9±0.4

DANCE+Ours 12.3±0.2 26.9±0.4 29.6±0.4

∆ +0.7 +0.5 +0.7

Full Dataset 37.6±0.4

Synthetic Data (M3D)

Synthetic Data (M3D + Ours)

Initial
Real Data

Initial
Real Data

Figure 4. Visualization of the distilled set of CIFAR-100.

proaches, such as the optimization-oriented DREAM [27]
and the DM-based DANCE [50], benefit significantly from
our OPTICAL. DREAM selects representative original im-
ages, providing a strong initialization based on a fixed num-
ber of subclasses. However, as sample-to-subclass relation-
ships should ideally be dynamic, our adaptive contribution
allocation further enhances overall performance.

To further demonstrate our advantages, we present test
accuracy over training steps in Fig. 3. The baseline’s per-
formance plateaus around 700 steps, whereas our approach
continues to improve. This suggests that the baseline stucks
in a suboptimal convergence by solely matching the mean
statistics of real data. In contrast, OPTICAL exploits ge-
ometric information of the real data throughout training to
closely approximate their distributions.

We visualize synthesized images in Fig. 4. M3D pro-
duces over-smoothed synthetic data that lack fine-grained
details. It alters irrelevant attributes (e.g., background)
due to unintended distribution shifts. In contrast, our OP-
TICAL maintains category-irrelevant elements untouched
while highlighting category-specific main bodies, indicat-
ing improved retention of discriminative information.
Results on Higher-Resolution Datasets. Following

Table 4. Performance on ImageNet-subsets with ResNetAP-10.

ImageNet-10 ImageNet-100
IPC 10 20 10 20

Base Ours Base Ours Base Ours Base Ours

DM [56] 52.3 53.6 59.3 60.1 22.3 24.0 30.4 31.1
M3D [51] 73.4 74.7 76.8 78.5 46.9 48.1 55.5 56.4

Table 5. Performance on CIFAR-10 with the same architectures
for both dataset distillation and evaluation.

IPC Method ConvNet-3 ResNet-10 DenseNet-121

10

DM [56] 48.9±0.6 39.4±0.6 33.3±0.8

DM+Ours 50.2±0.7 40.8±0.7 36.5±0.6

∆ +1.3 +1.4 +3.2
M3D [51] 63.5±0.2 53.4±0.3 45.3±0.3

M3D+Ours 64.0±0.3 54.1±0.3 46.0±0.3

∆ +0.5 +0.7 +0.7
DANCE [50] 70.8±0.2 61.2±0.3 49.3±1.1

DANCE+Ours 71.1±0.1 61.7±0.2 51.1±0.7

∆ +0.3 +0.5 +0.8

50

DM [56] 63.0±0.4 63.1±0.2 50.2±0.1

DM+Ours 63.4±0.3 64.0±0.1 50.9±0.1

∆ +0.4 +0.9 +0.7
M3D [51] 69.9±0.5 64.9±0.5 57.6±0.2

M3D+Ours 71.0±0.6 65.9±0.4 59.0±0.3

∆ +1.1 +1.0 +1.4
DANCE [50] 76.1±0.1 66.8±0.5 64.9±0.2

DANCE+Ours 76.5±0.1 67.5±0.5 65.4±0.3

∆ +0.4 +0.7 +0.5

M3D [51] and DANCE [50], we further extend our experi-
ments to higher-resolution datasets to evaluate the scalabil-
ity and robustness of our approach. Results are shown in
Table 3 and 4. In these scenarios, where the image com-
plexity is considerably higher, our method demonstrates its
superior generalization capabilities.
Results on Different Networks. Unlike most studies lim-
ited to certain architectures, we demonstrate our versatility
across multiple architectures. Table 5 shows that our ap-
proach consistently enhances performance across different
backbones. Notably, it yields even greater improvements in
deeper architectures like ResNet and DenseNet, which are
more sensitive to synthetic data quality, underscoring our
method’s adaptability to diverse network structures.
Cross-Architecture Evaluation. One of the key strengths
of our method lies in its robustness when the synthetic
dataset is trained on one architecture and evaluated on an-
other, a scenario we termed as cross-architecture evalua-
tion. As shown in Tables 6 and 7, our method exhibits even
greater gains when the network used for distillation differs
from the one used for evaluation. This demonstrates strong
generalization ability of our approach, which is essential for
real-world applications where the deployment environment
may differ from the training setup.
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Table 6. Performance on CIFAR-10 with different architectures
across dataset distillation and evaluation. Synthetic data are con-
densed using ConvNet-3 and evaluated with three architectures.

IPC Method ConvNet-3 ResNet-10 DenseNet-121

10

DM [56] 48.9±0.6 42.3±0.5 39.0±0.1

DM+Ours 50.2±0.7 44.1±0.4 41.9±0.1

∆ +1.3 +2.2 +2.9
M3D [51] 63.5±0.2 56.7±0.3 54.6±0.2

M3D+Ours 64.0±0.3 57.1±0.2 55.0±0.2

∆ +0.5 +0.4 +0.4
DANCE [50] 70.8±0.2 67.0±0.2 64.5±0.3

DANCE+Ours 71.1±0.1 67.6±0.2 66.8±0.2

∆ +0.3 +0.6 +2.3

50

DM [56] 63.0±0.4 58.6±0.3 57.4±0.3

DM+Ours 63.4±0.3 59.0±0.2 58.2±0.3

∆ +0.4 +0.4 +0.8
M3D [51] 69.9±0.5 66.6±0.3 66.1±0.4

M3D+Ours 71.0±0.6 67.3±0.2 66.8±0.3

∆ +1.1 +0.7 +0.7
DANCE [50] 76.1±0.1 68.0±0.1 64.8±0.3

DANCE+Ours 76.5±0.1 72.7±0.1 70.3±0.2

∆ +0.4 +4.7 +5.5

Table 7. Performance on CIFAR-10 with different architectures
across dataset distillation and evaluation. Synthetic data are con-
densed using three architectures and evaluated with ConvNet-3.

IPC Method ConvNet-3 ResNet-10 DenseNet-121

10

DM [56] 48.9±0.6 42.0±0.4 33.4±0.4

DM+Ours 50.2±0.7 44.5±0.5 36.2±0.6

∆ +1.3 +2.5 +2.8
M3D [51] 63.5±0.2 57.3±0.2 47.6±0.4

M3D+Ours 64.0±0.3 57.9±0.1 48.6±0.2

∆ +0.5 +0.6 +1.0
DANCE [50] 70.8±0.2 59.5±0.3 49.3±0.5

DANCE+Ours 71.1±0.1 60.5±0.2 51.1±0.3

∆ +0.3 +1.0 +1.8

50

DM [56] 63.0±0.4 60.2±0.1 50.2±0.1

DM+Ours 63.4±0.3 60.6±0.3 50.9±0.1

∆ +0.4 +0.4 +0.7
M3D [51] 69.9±0.5 67.5±0.3 60.9±0.3

M3D+Ours 71.0±0.6 68.4±0.2 61.8±0.2

∆ +1.1 +0.9 +0.9
DANCE [50] 76.1±0.1 67.9±0.3 66.8±0.1

DANCE+Ours 76.5±0.1 68.3±0.2 67.3±0.1

∆ +0.4 +0.4 +0.5

Table 8. Effect of kernel function choices on CIFAR-10 perfor-
mance using DM+Ours (Images Per Class = 10).

N/A Linear Gauss (single) Gauss (ours)

Acc 49.5 47.8 49.8 50.2

Impact of the Kernal Function. As shown in Table 9, our
Gaussian kernel achieves superior alignment between real
and synthetic data distributions by capturing higher-order
feature interactions, leading to the best performance.

Table 9. Impact of the entropic regularization parameter λ and the
number of Sinkhorn iterations T on CIFAR-100 performance with
M3D+Ours (Images Per Class = 50).

1/λ 0.8 1 1.1 1.2 1.3 1.5

Acc 52.2 52.8 52.6 53.0 52.8 53.0

T 2 5 10 20 40 100

Acc 52.3 52.5 52.8 53.0 52.8 53.0

Table 10. Run-time per iteration (b=128) on CIFAR-10 and Ima-
geNet with one RTX 4090 GPU (measured in seconds).

Dataset IPC DM w/ Ours M3D w/ Ours DANCE w/ Ours

CIFAR-10 50 0.066 0.097 0.075 0.105 0.135 0.168
CIFAR-10 10 0.065 0.095 0.068 0.097 0.111 0.143
ImgNet-10 10 0.912 0.942 1.139 1.168 1.603 1.634

Sensitivity Analysis. Table 9 shows the effect of varying
the entropic regularization parameter λ and the number of
Sinkhorn iterations T . Results indicate that accuracy re-
mains stable across a range of λ values, showing minimal
variance around 53.0%. For T , performance stabilizes once
T reaches 20 iterations, suggesting that further increasing
T offers limited additional benefit. These observations un-
derscore the robustness of the method.
Complexity Analysis. When integrated with existing dis-
tillation methods, our OPTICAL introduces an additional
complexity of O(Tb|S|) per batch where b is the batch size
(b ≪ |T |) and T denotes iterations. The Sinkhorn normal-
ization allows parallel GPU computation, with runtime per
iteration consistently around 0.03 seconds (see Table 10)
across architectures, IPC, and datasets. This confirms the
scalability and training efficiency for practical applications.

5. Conclusion
In this paper, we address the limitations of homogeneous
distance minimization in dataset distillation. We propose
the OPTICAL to offer an adaptive contribution allocation
scheme that works with any synthesis-based methods in a
versatile plug-and-play manner. OPTICAL employs an OT
matrix to dynamically allocate contributions in the distance
measure between real-synthetic pairs, enhancing the repre-
sentativeness and generalization of synthetic data. Exten-
sive experiments across diverse datasets, frameworks, and
model architectures demonstrate the effectiveness, general-
izability, and adaptability of our OPTICAL.
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