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Abstract

Dataset distillation compresses large datasets into compact
synthetic ones to reduce storage and computational costs.
Among various approaches, distribution matching (DM)-
based methods have attracted attention for their high effi-
ciency. However, they often overlook the evolution of feature
representations during training, which limits the expressive-
ness of synthetic data and weakens downstream performance.
To address this issue, we propose Trajectory Guided Dataset
Distillation (TGDD), which reformulates distribution match-
ing as a dynamic alignment process along the model’s train-
ing trajectory. At each training stage, TGDD captures evolv-
ing semantics by aligning the feature distribution between
the synthetic and original dataset. Meanwhile, it introduces
a distribution constraint regularization to reduce class over-
lap. This design helps synthetic data preserve both semantic
diversity and representativeness, improving performance in
downstream tasks. Without additional optimization overhead,
TGDD achieves a favorable balance between performance
and efficiency. Experiments on ten datasets demonstrate that
TGDD achieves state-of-the-art performance, notably a 5.0%
accuracy gain on high-resolution benchmarks.

Code — https://github.com/FlyFinley/TGDD

Introduction

In the deep learning era, the exponential expansion of dataset
sizes has brought substantial computational and storage bur-
dens. For instance, data volumes have ballooned from Ima-
geNet’s tens of millions (Krizhevsky, Sutskever, and Hinton
2017) to LAION-5B’s billions of image—text pairs (Schuh-
mann et al. 2022). Reducing large datasets to smaller ones
that can preserve performance under resource constraints
has become a key challenge in advancing Al

To tackle this challenge, a strategy is coreset selection
(Feldman 2020; Chai et al. 2023), which picks a small
representative subset from the original dataset. However,
this approach discards most samples, overlooks their train-
ing potential, and diminishes the information available for
downstream tasks. Another strategy is dataset distillation
(Cazenavette et al. 2023; Yang et al. 2024), which directly
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Figure 1: Accuracy, distillation time, and GPU memory
comparison on CIFAR-10 under different IPCs. Pretraining
time is included (5 trajectories for ours, 100 for FTD). Our
method balances performance and cost effectively.

synthesizes a compact set with higher information density
to approximate the performance of the full dataset.

Existing dataset distillation methods generally fall
into two categories: optimization-oriented (OO)-based and
distribution-matching (DM)-based approaches. OO-based
techniques recreate the learning dynamics by forcing syn-
thetic data to induce the same gradient (Zhao and Bilen
2021; Kim et al. 2022) or parameter (Cazenavette et al.
2022; Cui et al. 2023) as the original data throughout train-
ing. As shown in Figure 1, although methods like FTD (Du
et al. 2023) are effective, their iterative updates between data
and model incur heavy computational costs, limiting their
scalability to large datasets. In contrast, DM-based meth-
ods focus on the statistical properties of the data, directly
aligning synthetic and original feature distributions in the
embedding space without requiring model updates, thereby
dramatically accelerating the distillation process.

A critical problem for DM-based methods is effectively
mapping data into the embedding space. However, most
DM-based approaches adopt randomly initialized networks
for feature extraction, overlooking how model representa-
tions evolve throughout training (Zeiler and Fergus 2014;
Rahaman et al. 2019), which yields inadequate embeddings.
As shown in Figure 2, DM’s synthetic datasets exhibit sig-
nificantly different class separability across models; only
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Figure 2: t-SNE visualization of synthetic features generated
by DM and our method under IPC-50, using pretrained mod-
els on CIFAR-10 at different training stages.

highly optimized networks can distinguish categories effec-
tively. This makes synthetic sets hard to learn and under-
mines downstream performance.

To address these issues, we propose Trajectory Guided
Dataset Distillation (TGDD), which recasts the static dis-
tribution matching into a dynamic balancing process along
the trajectory. Specifically, TGDD first builds expert trajec-
tories by saving model snapshots at different training stages.
Leveraging these trajectories, TGDD then aligns the feature
distributions of the synthetic and original data at every stage,
enriching the semantic diversity of the synthetic dataset. Si-
multaneously, TGDD applies a stage-wise distribution con-
straint regularization, enforcing intra-class compactness and
improving representativeness of the synthetic dataset. As
shown in Figure 2, TGDD balances the diversity and rep-
resentativeness of the synthetic dataset throughout training,
making it a good surrogate of the original dataset and im-
proving its downstream performance. Since expert trajec-
tories are constructed using only the original dataset, they
can be pretrained and reused in different settings. TGDD
achieves a favorable balance between distillation perfor-
mance and computational efficiency.

In summary, our contributions are as follows:

* We reformulate distribution matching as a dynamic bal-
ance process between feature alignment and distribution
constraint throughout training, unifying representative-
ness and diversity in the synthetic distribution.

We introduce Trajectory-Guided Distribution Distillation
(TGDD), which leverages multiple pretrained expert tra-
jectories to perform efficient feature alignment and stage-
wise distribution constraint during training.

Extensive experiments across ten datasets demon-
strate that TGDD achieves state-of-the-art perfor-
mance, notably, a 5.0% accuracy gain is achieved on
high-resolution benchmarks.

Related Work
Coreset Selection

Coreset selection (Chai et al. 2023; Lee et al. 2024) aims
to extract a small, representative subset from a large dataset
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and has been widely adopted in continual learning (Rebuffi
etal. 2017; Aljundi et al. 2019) and active learning (Agarwal
et al. 2020; Kim and Shin 2022). Early approaches rely on
uniform random sampling, while later work develops more
advanced criteria. Herding (Welling 2009) iteratively mini-
mizes the distance between the subset and the full-set feature
centroids. K-Center (Sener and Savarese 2017) refines this
idea by choosing samples that minimize the dataset’s maxi-
mum covering radius. Forgetting (Toneva et al. 2018) retains
examples most prone to being forgotten during training. De-
spite their efficiency, these approaches irrevocably discard
significant portions of the original data and thus cannot guar-
antee optimal downstream performance (Lei and Tao 2023).

Dataset Distillation

Dataset distillation compresses large datasets into smaller
ones while preserving original information (Yu, Liu, and
Wang 2023), benefiting tasks such as neural architecture
search (Such et al. 2020), federated learning (Pi et al. 2023;
Wang et al. 2024b), continual learning (Yang et al. 2023),
and privacy protection (Dong, Zhao, and Lyu 2022). Exist-
ing methods can be broadly categorized as follows.

Optimization-Oriented (00O)-Based Methods cast
dataset distillation as bilevel optimization, updating model
parameters on synthetic data while refining that data
to preserve original performance. The pioneering work
DD (Wang et al. 2018) introduces the concept of dataset
distillation from a meta learning perspective. Later, DC
(Zhao, Mopuri, and Bilen 2021) expands the idea by
matching gradients from the original and synthetic data.
DSA (Zhao and Bilen 2021) further enhances performance
by incorporating differentiated Siamese augmentation.
Instead of matching gradients, MTT (Cazenavette et al.
2022) aligns model parameters over training trajectories.
FTD (Du et al. 2023) mitigates trajectory drift by reducing
cumulative errors across steps. DATM (Guo et al. 2024)
scales trajectory matching by adapting sample difficulty to
dataset size. Despite improved performance, their bilevel
optimization incurs significant computational cost.

Distribution-Matching (DM)-Based Methods directly
align the feature distributions of synthetic and original data
in latent space, bypassing bilevel optimization to improve
efficiency. DM (Zhao and Bilen 2023) introduces the con-
cept by aligning class-wise centroids. Although fast, its
performance is limited by oversimplified feature matching.
DataDAM (Sajedi et al. 2023) extends this idea by incorpo-
rating multi-layer alignment through attention mechanisms.
IDM (Zhao et al. 2023) adopts a dynamic model queue to
extract more informative representations, but incurs extra
training costs. M3D (Zhang et al. 2024b) further projects
features into a Reproducing Kernel Hilbert Space for finer
alignment. DANCE (Zhang et al. 2024a) interpolates initial
and converged models to create pseudo-intermediate feature
extractors. Although distribution matching shortens distilla-
tion time, it ignores representation evolution and lacks inter-
class compactness, leading to scattered features and poor
separability. We address these gaps with trajectory-aware
alignment and compactness regularization to produce highly
discriminative synthetic data.
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Figure 3: The illustration of our proposed method. First, we pretrain N expert trajectories with original dataset, each comprising
M network snapshots. Then, one snapshot is randomly sampled as encoder for distribution matching between original and
synthetic dataset, another snapshot in the expert region is chosen to impose distribution constraints on the synthetic dataset.

Method
Preliminary
Dataset Distillation Given a large source training dataset

T = {(zi,vi)}] Lzll , the objective of dataset distillation
is to synthesize a smaller target synthetic dataset S =
{(s,55)} |‘ji‘1’ where |S| < |T'|. When we evaluate the
original data on models trained with 7" and S respectively,
we hope to have a similar generalization performance. To
be specific, let (z;,y;) be the data pair sampled from the
original data distribution, ! be the classification loss func-
tion such as cross entropy, #7 and 6° be the models trained
from 7" and S respectively, our aim is to minimize the gen-
eralization performance gap:

EINPD[(ZGT (37)72/)} = EINPD[(ZOS (x)7y)] (1)
Distribution Matching Prior methods for dataset distil-
lation mostly rely on OO-based techniques like gradient or
trajectory matching. As these methods require simultaneous
optimization of the network and synthetic dataset, they suf-
fer from high computational overhead and struggle to scale
to large datasets. To improve computational efficiency, the
DM-based approaches constrain the embedding features of
the original and synthetic datasets through the maximum
mean discrepancy (MMD) (Gretton et al. 2012), requiring
only optimization of the synthetic dataset. We have:

2
17| S|

* 3 1 1
S* = arg mslnE0~P90 T ;we(fﬂi) -3 ;we(sj)

&)
Here 0 ~ P,,, most distribution matching methods employ
randomly initialized networks as feature extractors.

Expert Trajectory Construction

Expert trajectories comprise model snapshots captured at
different epochs using original data, defining the perfor-
mance upper bound for models trained on the dataset.
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Trajectory-matching methods leverage these trajectories as
their foundation. Despite achieving strong performance,
such methods incur substantial storage overhead because of
preserving a large number of trajectories. For instance, MTT
(Cazenavette et al. 2022) stores 200 trajectories.

In contrast, conventional DM-based approaches typically
employ randomly initialized models, overlooking the poten-
tial of expert trajectories. We demonstrate that strategic inte-
gration of expert trajectories significantly enhances distribu-
tion matching for dataset distillation. Our framework there-
fore incorporates expert trajectories by training N randomly
initialized neural networks that converge within M epochs,
thereby forming expert trajectories as:

P={p,|0<i<N 0<j<M}. 3)
Since expert trajectories require only original data for train-
ing, we can pretrain models before distillation. This ap-
proach retains efficiency of distribution matching, signif-
icantly faster than OO-based methods that train networks
during distillation. Moreover, our method achieves compet-
itive performance with even one trajectory, substantially re-
ducing storage overhead compared to trajectory matching
techniques that require massive trajectory preservation.

Stage-wise Distribution Matching

Conventional DM-based methods typically employ ran-
domly initialized networks as feature extractors, aligning
features between synthetic and original data. However,
these homogeneous initialization strategies capture only
early-stage feature distributions, neglecting evolving pat-
terns throughout the training trajectory.

Inspired by OO-based methods that perform gradient
matching or trajectory matching across the whole training
process, we leverage pretrained expert trajectories for fea-
ture distribution at different training stages. This approach
eliminates network training during distillation for efficiency



while providing diverse feature representations spanning all
optimization phases.

During each distillation iteration, we randomly select an
expert trajectory P; and then sample a pretrained model
Oczt = Di,; at arbitrary training stage. The encoder compo-
nent of this model computes representations for the original
dataset and the synthetic dataset. We then align these repre-
sentations through distribution matching.

We formulate the goal of the stage-wise distribution
matching as follows:

c 1 |BY| 1 |B? | 2
Lyvvp = Z 1B Z Voo (T5) — 1BS| Z Ve (54)
=117 155 cliz
“

where 0., is the feature extractor network weight sam-
pled from the expert trajectories, B! and B are mini-batch
pairs sampled from 7" and S respectively for class c.

Stage-wise Distribution Constraint

Conventional distribution matching methods rely exclu-
sively on Maximum Mean Discrepancy (MMD) for feature
alignment. However, MMD constrains only mean of fea-
ture distributions, providing insufficient regularization. This
leads to overly dispersed synthetic data distributions and se-
vere class boundary confusion.

Effective distribution constraints are therefore crucial for
enhancing inter-class discriminability in synthetic datasets.
By fully exploiting expert trajectories, we introduce a dis-
tribution constraint regularization that operates on expert
regions. Using different experts in training iterations, the
method achieves ensemble-like performance without incur-
ring additional training cost.

Specifically, at each step of the distillation process, once
the feature extractor 6.,; = p;; is determined, we con-
struct an expert region consisting of L pretrained expert net-
works Per = {Di j,Pi j+1s -, Pi j+L—1}. The expert model
Ocxp = Di,j+k is then randomly selected from the region and
employed to impose the distributional constraint. We calcu-
late the stage-wise distribution constraint loss as:

c |BZ|

LSDC = % Z Z l(¢emp(si)7yi)

¢ =1 i=1

&)

where 0., is the expert network weight sampled from the

expert region, B are mini-batch pairs sampled from S for
class c.

Training Algorithm

The overall loss function is described in equation 6

(6)

where Lywp is the distribution matching loss, Lspc is the
distribution constraint loss and « is the regularization coef-
ficient. Both feature extraction and constraint networks are
sampled from the expert trajectories. Algorithm 1 details our
proposed method.

Loyerail = Lyymp + aLspe
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Algorithm 1: Trajectory Guided Dataset Distillation with
Balanced Distribution

Input: original dataset DT, regularization coefficient «,
number of iterations Iter, expert region distance L, syn-
thetic dataset learning rate n

1: train N expert trajectories, each consists of M snapshots,
P={p,; |0<i<N,0<j< M}

2: fori=1,2,---, Iter do

3: Initialize synthetic dataset D with random selected
data from DT

4:  Sample an expert trajectory P;

5:  Sample a feature extract network p; ; from P;

6:  Calculate the MMD loss with Equation 4

7:  Sample an expert network p;;yr from p;; to
Pij+L-1

8:  Calculate the SDC loss with Equation 5

9:  Calculate the total loss with Equation 6 and update

D?® with D° = D% — nVps Loyerail
10: end for
Output: synthetic dataset Dy, ;

Experiments
Experimental Setup

Datasets. We assessed dataset distillation across multiple
datasets, including the low-resolution SVHN (Netzer et al.
2011), CIFAR-10 and CIFAR-100 (32x32) (Krizhevsky,
Hinton et al. 2009), the medium-resolution Tiny ImageNet
(64x64) (Le and Yang 2015), and high-resolution ImageNet
subsets (128x128)(Deng et al. 2009), namely ImageNette,
ImageWoof, ImageFruit, ImageMeow, ImageSquawk, and
ImageYellow.

Networks. Following previous work, we adopted Con-
vNet (Gidaris and Komodakis 2018) for dataset distillation.
For SVHN, CIFAR-10 and CIFAR-100, a 3-layer ConvNet
was used. Each layer had a 128 kernel 3x3 convolutional
kernel, instance normalization (Ulyanov, Vedaldi, and Lem-
pitsky 2016), ReLU activation (Nair and Hinton 2010), and
a 3x3 average pooling layer with a stride of 2. For Tiny Ima-
geNet and ImageNet subsets, a 4-layer and 5-layer ConvNet
was applied respectively.

Implementation Details. During distillation, the opti-
mizer’s learning rate is set to 0.1 for ImageNet subsets and
0.01 for others, scaled by the images per class. In training,
an SGD optimizer with a 0.01 learning rate, 0.9 momentum,
and 0.0005 weight decay is used. Regarding the hyperpa-
rameter o , we set 2.5 for 1 and 10 images per class, and 0.5
for 50 images per class. Hyperparameter L is set to 7 in all
settings. We trained 5 expert trajectories with 60 epochs for
SVHN, CIFAR-10, CIFAR-100 and Tiny ImageNet, and 80
epochs for ImageNet subsets. Following previous research
(Zhao and Bilen 2021), we used differential augmentation
like color transformation, random crop, cutout, random flip,
scale and rotate transformation. We also use multiformation
parameterization as in (Kim et al. 2022), where the factor
parameter p is set to 3 for ImageNet subsets and 2 for other
datasets. Each experiment was repeated 5 times.



Datasets SVHN CIFAR-10 CIFAR-100 TinyImageNet

1IPC 1 10 50 1 10 50 1 10 50 1 10 50
Ratio (%) 0.02 0.14 0.7 0.02 0.2 1 0.02 0.2 1 0.2 2 10
Whole 954 +o0.1 84.8+0.1 56.2+03 37.6+04

Random 14.4+02 26.0+12 434+10 144+02 260+12 434+10 42+03 14.6+05 30.0+04 1.4+01 50+02 15.0=+04
Herding 21.5+12 31.6+07 40.4+06 21.5+12 31.6+07 40.4+06 84=x03 17.3+03 33.7x05 2.8=+02 63+02 167=+03
Forgetting 12.1+56 16.8+12 27.2+15 13.5+12 233410 23.3+11 45+02 151403 30.5+03 1.6+01 S5.1+02 150403
DC 31.2+14 76.14+06 82.3+03 28.3+05 44.9+05 539405 12.84+03 252403 - - - -
DSA 27.5+14 792405 84.4+04 28.8+07 52.1+05 60.6+05 13.9+03 32.3+03 42.8+04 - - -
MTT - - - 46.3+08 653+07 71.6+02 243+03 40.1+04 47.7+02 8.8+03 23.2+02 28.0+03
FTD - - - 46.8+03 66.6+03 73.8+02 252+02 43.4+03 50.7+03 10.4+03 24.5+02 -
CAFE 42.6+33 759406 81.3+03 30.3+1.1 46.3+06 55.5+06 12.9+03 27.8+03 37.9+03 - - -
DM - - - 26.0+08 48.9+06 63+04 114403 29.7+03 43.6+04 39+:02 12.9+04 24.1+03
IDM - - - 45.6+07 58.6+01 67.5+01 20.1+03 45.1+01 50402 10.1+02 21.9+02 27.7+03
M3D 62.8+05 85.0+01 86.2+03 453403 63.5+02 69.9+05 26.2+03 42.4+02 50.9+07 - - -
DSDM 60.2+02 854403 91.3+02 45.0+04 66.5+03 75.8403 19.54+02 46.24+03 54.0+02 - - -
DANCE - - - 47.1+02 70.8+02 76.1+01 27.9+02 49.8+01 52.8+01 11.6+02 26.4+03 28.9+04
Ours 59.0+07 88.2+03 92.8+03 47.6+02 71.9+03 76.5+02 285+02 51.3+02 54.6+03 13.6+01 29.3+03 30.9 +04

Table 1: Comparison with previous coreset selection and dataset distillation methods on low-resolution and medium-resolution
datasets. IPC: images per class. Ratio (%): the ratio of synthetic images to the original dataset. Whole: the accuracy of the

model trained with the whole training set.

Datasets ImageNette ImageWoof ImageFruit ImageMeow ImageSquawk ImageYellow
IPC 1 10 1 10 1 10 1 10 1 10 1 10
Ratio(%) 0.105 1.05 0.11 1.1 0.077 0.077 0.077 0.077 0.077 0.077 0.077 0.077
Whole 87.4+1.0 67.0+13 63.9+20 66.7+ 1.1 87.5+03 84.4+0.6
Random 23.5+48 47.7+24 142+09 27.04+19 132+08 21.4+12 13.8+06 29.0+1.1 21.8+05 40.24+04 204+06 37.4+05

MTT 477+09 63.0+13 28.6+038

FTD 522410 67.7+07 30.1+1.0

DM 32.84+05 58.1+03 21.1+12 31.4+o05 -

DANCE 57.2+05 80.2+07 30.6+03 57.8+1.1 30.6+08 52.8
Ours 61.8+07 82+05 34.6+03

+07 39.4+08 60.4+1.1
58.4+07 34.8+05 57.8+06 41.4+05 62.8+09 53.2+06

35.8+18 26.6+08 40.3+13 30.7+16 404+22 39.4+15 523+10 452+08 60.0+15
38.8+14 29.1+09 449+15 33.8+15 43.3+06

31.2+07 504 +12 -
52.0+05 77.2+03 51.8+1.1 78.8+0.7
78+03 558+07 76.6+08

Table 2: Comparison with previous coreset selection and dataset distillation methods on ImageNet Subset

Comparison with Previous Methods

Performance Comparison We compare our method with
various baseline approaches across different resolutions and
scenarios. For coreset methods, baselines like Random,
Herding (Welling 2009), and Forgetting (Toneva et al. 2018)
are selected. Among OO-based methods, DC (Zhao, Mop-
uri, and Bilen 2021), DSA (Zhao and Bilen 2021), MTT
(Cazenavette et al. 2022) and FTD (Du et al. 2023) are
chosen for comparison. And for DM-based methods, CAFE
(Wang et al. 2022), DM (Zhao and Bilen 2023), IDM (Zhao
et al. 2023), M3D (Zhang et al. 2024b), DSDM (Li et al.
2024) and DANCE (Zhang et al. 2024a) are included. Table
1 and Table 2 present the comparative results of our method
and other baselines across multiple benchmark datasets,
such as SVHN, CIFAR-10, CIFAR-100, TinyImageNet, and
subsets of ImageNet, demonstrating the effectiveness of our
approach. To be Specific, in experiments on CIFAR-10,
when IPC is 10 and 50, our method surpasses the classical
DM algorithm by 23% and 13.5%, respectively, and it also
outperforms OO-based algorithms such as DC and MTT. On
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the TinyImageNet dataset, our approach achieves remark-
able accuracy of 29.3% at IPC-10 and 30.9% at IPC-50, both
of which are higher than the current SOTA methods. Fur-
thermore, on the ImageNet subset, our method demonstrates
superior performance. For instance, a 5% gain improvement
is achieved in ImageFruit at IPC-10.

Cross-Architecture Evaluation We evaluate the perfor-
mance of synthetic datasets generated by our method
across different network architectures. As shown in Ta-
ble 3, we generate synthetic datasets using a 3-layer Con-
vNet and evaluate them on ResNet10 (He et al. 2016) and
DenseNet121 (Huang et al. 2017). Our method demonstrates
superior generalization performance across multiple archi-
tectures at [PC-10 and IPC-50.

Effectiveness of Our Method

Distribution Matching To validate the effectiveness of
the proposed distribution matching method, we extract fea-
tures from both the synthetic and original datasets using pre-
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Figure 5: Distribution of original images and synthetic im-
ages on CIFAR-10 with IPC-50.

trained models at different training stages and compute their
similarity. Figure 4(a) illustrates that our method consis-
tently achieves superior feature alignment across all training
stages and configurations, demonstrating its improved per-
formance in distribution matching. In contrast, Figure 5(a)
shows that replacing the stage-wise feature extractors with
randomly initialized networks leads to overly concentrated
feature distributions, severely compromising data diversity.

Distribution Constraint To assess the impact of the pro-
posed distribution constraint, we evaluate the synthetic
datasets using different pretrained models under various
configurations. Figure 4(b) shows that our method consis-
tently achieves superior classification accuracy across all
training stages, reflecting improved class separability and re-
duced overlap between categories in the synthesized data.
In contrast, Figure 5(b) highlights substantial degradation
when expert models are replaced with randomly initialized
ones, dispersed feature representations lead to severe entan-
glement and poor class distinction.

Information Distillation We quantify information density
through the ratio of neurons activated per image and across
the entire dataset, where higher activation ratio indicates
greater information density. Following previous work (Wang
et al. 2024a), neurons with gradients exceeding layer-wise
mean values are considered activated. Figure 4(c) demon-
strates that at equivalent total activation levels, our method
activates more neurons per image, confirming higher infor-
mation density in individual synthetic samples.
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Ablation Study

Effectiveness of Each Component We evaluate the im-
pact of the main modules of the proposed method on
performance, namely multiformation augmentation, stage-
wise distribution matching, and stage-wise distribution con-
straints. As illustrated in Table 4, the proposed module
achieves performance gains across multiple datasets at vari-
ous IPC. Optimal performance is achieved when all modules
are used in combination, indicating the effectiveness of the
proposed method.

Impact of « The regularization coefficient « reflects the
importance of expert distribution constraints in the loss. The
figure 6(a) shows how performance varies with a. When «

Method IPC  ConvNet-3 ResNet-10  DenseNet-121
DSA 10 52.1+05 32.9+03 345+01
50 60.6 +0.5 49.7 +0.4 49.1+02
10 56.4+0.7 345+08 41.5+05
MIT 5 659106  432+04 519403
DM 10 48.9+06 42.3+05 39.0+0.1
50 63.0+04 58.6+03 574403
M3D 10 63.5+02 56.7+03 54.6+0.2
50 69.9+0.5 66.6+0.3 66.1+04
10 70.8 £0.2 67.0+02 64.5+0.3
DANCE 55 761401 6800, 64.8+03
Our 10 71.9+03 67.7 0.2 68.2+0.3
urs 50 765+02  74.9+04 74.3 +02

Table 3: Accuracy on CIFAR-10 with different architectures.
Synthetic dataset are condensed using ConvNet-3.

CIFAR-10 CIFAR-100
10 50 10 50

552402 653+03 33.7+02 44.5+03
- 63.2+02 69.5+03 40.5+02 47.24+03
65.8+03 752+02 47.0+03 53.0+02
71.9+03 76.5+02 51.3+02 54.6+0.3

Aug Lvyump Lspe

ENENENY

v -
v v

Table 4: Accuracy ablation study of each component on
CIFAR-10/100 with IPC-10 and IPC-50.
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Figure 7: Class-incremental learning on CIFAR-100.

ranges from 0.5 to 10.5, the model’s performance fluctuates
within the range of 2.8%, indicating moderate model sensi-
tivity to this hyperparameter.

Impact of Expert Region The expert region refers to a
set of model snapshots within a range of length L starting
from the feature extractor. During distillation, we randomly
sample expert models from this region to impose distribu-
tional constraints. As shown in Figure 6(b), using the last
converged model as the baseline, our expert region design
demonstrates consistent performance across various L, and
significantly outperforms the single-expert setting.

Impact of Expert Trajectory The expert trajectory, char-
acterized by its number and length, affects both distribu-
tion matching and constraint. As illustrated in Figure 6(c),
distillation performance improves slightly with an increas-
ing number of trajectories, but gradually reaches saturation.
Similarly, Figure 6(d) shows that extending trajectory length
yields comparable trends in performance gain. To balance
performance and efficiency, we refrain from excessively in-
creasing the number or length of expert trajectories.
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(a) CIFAR-10

(b) CIFAR-100

Figure 8: Visualization of synthetic images of CIFAR-10
(partial) and CIFAR-100 (partial) with different method.

Continual Learning

Continual learning aims to train models to adapt to new tasks
while preserving performance on previous ones and mini-
mizing catastrophic forgetting (Prabhu, Torr, and Dokania
2020). Dataset distillation, by reducing the volume of orig-
inal dataset, shows great potential in this area. We compare
Herding, DSA, DM, DSDM, M3D and our method. Follow-
ing prior studies, we keep 20 images per class, set step sizes
at 5 and 10, use a 3-layer ConvNet, and run each experiment
5 times to get mean and variance values. As demonstrated in
Figure 7, our approach significantly outperforms baselines.

Visualization

To provide an intuitive qualitative assessment of the dis-
tilled images, we visualize the synthetic datasets generated
by DM, M3D, DSDM and our method in Figure 8. It can
be observed that: 1) The synthetic images produced by our
method demonstrate superior structural detail preservation
from the original dataset, with substantially reduced noise
and enhanced visual clarity. 2) Our synthetic images pos-
sess more distinct category-discriminative features, thereby
improving inter-class separability.

Conclusion

In this paper, we revisit the limitations of DM-based dataset
distillation, emphasizing their reliance on static representa-
tions and the degradation in downstream performance. To
address these issues, we propose Trajectory Guided Dataset
Distillation (TGDD), a novel approach that dynamically
aligns synthetic data with the evolving feature space of
the training trajectory. By jointly applying stage-wise dis-
tribution matching and distribution constraints, TGDD im-
proves both the diversity and representativeness of syn-
thetic datasets. Extensive experiments on ten benchmarks
demonstrate that TGDD delivers superior performance and
efficiency, achieving up to a 5.0% accuracy gain on high-
resolution benchmarks. In future work, we will explore how
to extend dataset distillation to other modalities and tasks.
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