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Abstract. Dataset Distillation is used to create a concise, yet informa-
tive, synthetic dataset that can replace the original dataset for training
purposes. Some leading methods in this domain prioritize long-range
matching, involving the unrolling of training trajectories with a fixed
number of steps (Ns) on the synthetic dataset to align with various
expert training trajectories. However, traditional long-range matching
methods possess an overfitting-like problem, the fixed step size Ng forces
synthetic dataset to distortedly conform seen expert training trajecto-
ries, resulting in a loss of generality—especially to those from unen-
countered architecture. We refer to this as the Accumulated Mismatch-
ing Problem (AMP), and propose a new approach, Automatic Train-
ing Trajectories (ATT), which dynamically and adaptively adjusts tra-
jectory length Ng to address the AMP. Our method outperforms ex-
isting methods particularly in tests involving cross-architectures. More-
over, owing to its adaptive nature, it exhibits enhanced stability in the
face of parameter variations. Our source code is publicly available at
https://github.com/NiaLiu/ATT

Keywords: Dataset Distillation - Task-Specific Dataset Compression -
Dataset Condensation

1 Introduction

Deep learning has showcased remarkable achievements across various computer
vision problems [24}/43]/56]. Nevertheless, its success often hinges on extensive
datasets, resulting in substantial computational demands. Recognizing the esca-
lating computational costs [411/47], numerous academic publications have delved
into addressing these challenges. A key focus has been on mitigating the inten-
sive training process for end-users by developing significantly reduced datasets.
A conventional method for dataset reduction is Coreset Selection (CS) [4}/18}48]
53162|, which involves curating a subset of the most informative training samples.
However, many CS methods are characterized as greedy algorithms, leading to
a trade-off between speed and accuracy [2}9./48,/52,64]. Additionally, the infor-
mation provided by these methods is constrained by the selected samples from
the original dataset. In 2018, Wang et al. [59] introduced Dataset Distillation
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Fig.1: The plots shows L1 distance between each network from a training trajectory
and the corresponding target, and chosen target by different method. The experiments
are carried on CIFAR-10. Existing methods employs Fixed Training Length (FTL),
which select network at the end of a trajectory. But our method ATT dynamically
selects network possessing closest distance to targets. Left plot shows examples from
beginning iterations, and right plot shows higher iterations. ATT dynamically adjusts
matching target, thus avoid large matching error and unwanted stretching of trajecto-
ries.

(DD), a technique that prioritizes the extraction of an informative and compact
dataset capable of replacing the original training dataset in various training
tasks. The technique not only provides a significantly smaller synthetic dataset
for training but also conceals details in the original dataset, thereby enhancing
privacy [15]. DD methods have been widely applied in various fields, including
federated learning [45}[50L/57,72,|73], continual learning [46|[59l/60], studies on
attacks [36,137,[59], and many other areas [7},14}/26,61}71].

The DD methodologies can be classified into two distinct categories based
on their alignment targets: short-range matching methods [40,/58,/66,68,69] and
long-range matching methods [6416431]. Short-range matching strategies, notably
initiated by a gradient-matching approach [69], concentrate on aligning a single
training step executed on distilled data with that performed on the original data.
Conversely, long-range matching Dataset Distillation (LDD) entail the alignment
of multiple training steps. Empirical validation by Cazenavette et al. [6] demon-
strates that long-range matching consumes more computation but exhibits su-
perior performance in terms of test outcomes comparably, and attributed the
great test performance to the ability to circumvent short-sightedness. Following
research improved LDD further, such as with flat trajectories [16], with prunning
to filter out the hidden noise [31], or investigating training stages [20].

Nonetheless, our empirical findings expose a common trend in conventional
LDD methods, where inaccurate predictions are consistently reinforced through-
out the majority of iterations. We attribute this issue to their reliance on Fixed
Trajectory Length (FTL), which lacks the adaptability to align various steps of
expert trajectories, as shown in Fig. [1} This reinforcement, driven by the FTL,
results in the accumulation of matching errors over the distillation process. Im-
portantly, these errors not only persist, but accumulate in the synthetic dataset.
Consequently, the synthetic dataset tends to overly conform to observed match-
ing targets while struggling to generalize effectively to unseen matching targets.
We term this issue the AMP (Accumulated Mismatching Problem).
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Our studies underscore the significance of this observation, and we propose
ATT (Automatic Training Trajectories). ATT is specifically designed to dynam-
ically and adaptively adjust matching objects and trajectory length, aiming to
diminish AMP throughout the distillation process. Our method paves the way
towards adaptive and dynamical matching, fostering improved generalization
and accuracy in synthetic dataset distillation.

In summary, our main contributions are as follows:

— We revisit the domain of long-range matching dataset distillation, and iden-
tify the Accumulated Mismatching Problem (AMP).

— We illustrate how AMP contributes to the iterative matching error and es-
tablish a clear correlation between AMP and Accumulated Trajectory Error
(ATE).

— We present an innovative Long-range Matching Dataset Distillation (LDD)
method named Automatic Training Trajectories (ATT). ATT incorporates
a dynamic and adaptive approach to the selection of matching objects by
adjusting the matching length, leveraging a minimum distance strategy to
effectively address the challenges posed by AMP.

2 Related Work

2.1 Dataset Distillation

Dataset Distillation (DD) was initially introduced by Wang et al. [59|, drawing
inspiration from Knowledge Distillation [23|. Existing DD baselines can be cate-
gorized into short-range and long-range matching methods based on the number
of steps unrolled on the original dataset. In this context, kernel ridge regression-
based methods are included under short-range matching.

Short-Range Matching Dataset Distillation (SDD): Dataset Condensa-
tion (DC), introduced by Zhao et al. |[69], has been a subject of extensive re-
search and it involves matching one-step updated gradients. Subsequent research
by Zhao et al. [68] enhanced performance and reduced synthesis costs by in-
corporating Batch Normalization and aligning feature distributions. [70], [68]
further addressed the problem of miss-alignment among classes. [30] focuses on
capturing differences between classes, and [58] overcomes the bias of gradient
matching methods by aligning layer-wise features. [66] enhanced DC by boosting
the distillation process with Differentiable Siamese Augmentation (DSA). [63]
presents a new DC framework decouples bi-level optimization, and makes a
step towards real world applications. Approaches applying a kernel-based meta-
learning framework with an infinitely wide neural network [40] have also sparked
significant research. This includes methods implementing model pool and label
learning [74], and adopting convexified implicit gradients |38].

Long-Range Matching Dataset Distillation (LDD): DD, as introduced
by [59], initially focused on one-step matching. The concept of Matching Train-
ing Trajectories (MTT) was later introduced by [6] to replicate the long-range
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training dynamics of the original dataset. This approach overcomes the short-
sightedness in single-step distillation and introduced the first long-range match-
ing method, referred to as the vanilla LDD method in this work. Li et al. [31]
implements Parameter Pruning (PP) to enforce matching on significant parame-
ters. Additionally, [16] discovers the Accumulated Trajectory Error (ATE) in the
distillation and evaluation phases, adopting flat expert trajectories to alleviate
ATE, and [20] reveals different training stages contains different information.
Divergent Research Focus: Other concurrent works have improved DD base-
lines with various approaches. Some have adopted soft labels [5L/11,51], while
others have implemented data parameterization [14}|2534] and data factor-
ization [8,29,/32,67]. Another approach involves encoding labels and synthetic
datasets into a learnable addressing matrix [14]. Some works focus on selecting
representative real samples [35], using model augmentation [65], and reducing
the budget for storage and transmissions with slimmable DD [34]. Additionally,
there are efforts focusing on using only a few networks [33].

2.2 Sample Selection

Like DD, instance selection [42], coreset selection [4,/18.|48|, and dataset prun-
ing [62] also aim to identify representatives from a given dataset. These sample
selection methods have been widely applied in diverse fields [3}[12}21}/39L/54].
Established techniques, such as random selection, herding methods [9}/10], and
forgetting [44152], can be adapted as comparisons to dataset distillation methods.
While similar to other selection methods, DD, in its aim of creating information-
rich images that may not necessarily be considered actual samples. Multiple
studies [6}/66}/69] have empirically proven that dataset distillation, especially at
higher compression ratio, significantly outperforms sample selection.

3 Method

Conventional LDD methods typically unroll a fixed length of trajectory on the
synthetic dataset to match expert trajectories. However, a fixed trajectory length
cannot effectively handle variations within expert trajectories, leading to mis-
matched predictions and accumulated errors in the synthetic dataset, which
we refer to the Accumulated Mismatching Problem (AMP). In this section, we
first introduce the conventional LDD and the typical matching strategy involv-
ing Fixed Trajectory Length (FTL) in Sec. Subsequently, we empirically
demonstrate the AMP in conventional LDD and its impact on Accumulated
Trajectory Error (ATE) in Sec. Lastly, we present our proposed method,
Automatic Training Trajectories (ATT), designed to address AMP, and provide
the pseudo-code in Sec.

3.1 LDD

Problem Description: LDD methods reveal the information within the real
dataset Dp through the creation of training trajectories. Specifically, we define
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a training trajectory as a function Tp (6y, N). The function utilizes classifier f
initialized with network parameters 6y and optimizes the classifier iteratively for
a total of n steps over a dataset D. Tp (6o, N) outputs the difference between
the network parameters at the N-th iteration and those at the initial iteration.
Namely,

Tp,s(00,N) =0n — 0. (1)

LDD endeavors to enhance the synthetic dataset Dg by aligning it with the
expanded information in the form of trajectories. Specifically, the objective is to
address the following optimization problem, as shown in the following;:

AT = ”TDs,f(eivNS)_TDT,f(ehNT)H%v (2)
Dg =argmin E [AT]. (3)
Ds  Oo~Po,

We use subscripts ¢ and 1 to denote parameters associated with synthetic data
and real data, respectively. Py, is the probability distribution of network initial-
ization.

In practical scenarios, the training trajectory is unrolled on the real dataset
Dr, generating expert trajectories sets as {65 0,05 1, 05 401 05+ s O% ar}-
N is the number of trajectories, M is trajectory length. The expert set is pre-
collected and stored in buffers, with additional disk storage to alleviate memory
constraints.

Following the collection of the buffer, we initialize the student trajectory
using any expert from the set of expert trajectories, such as 0;, = 6;,. Sub-
sequently, a similar training trajectory is unfolded on the synthetlc dataset Dg
for t steps, represented as Gm. In conventional LDD methods, a fixed value Ng
is chosen for t. The objective is to minimize the discrepancy between the stu-
dent prediction 6] + and the expert trajectory unrolled at Nt steps, denoted as
07 n7- The optlmlzatlon of Dg is then carried out by minimizing the defined loss
function

LA "
1650 = 05 w13

This loss function quantifies the distance between the final state of the student
trajectory and the expert trajectory using the squared L2 norm. Subsequently,
the distance is normalized by the squared Euclidean distance between the initial
and final states of the expert trajectory, allowing for the amplification of weak
signals in the expert sets.

Fixed Trajectory Length LDD methods conventionally adopt a Fixed Tra-
jectory Length (FTL) strategy, wherein a predetermined step size denoted as Ng
is fixed for all instances of trajectory matching. This fixed step size is uniformly
applied to match various experts from the expert trajectory set. Previous stud-
ies, as observed in studies such as |6}/16], often conducted experiments involving
an exhaustive search to determine an optimal Ng. However, our investigation
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Fig. 2: The figure illustrates that Fixed Trajectory Length (FTL) matches all experts
with avoidable matching error throughout the distillation process. The figure is gener-
ated from experiments conducted on CIFAR-10 with Images Per Class (IPC) set to 1.
We collect the number of cases matches with larger matching errors || Ns — Nopt|| > 7,
at every 50 iterations throughout the distillation process. The number of cases matched
with larger errors fluctuates over entire process. The same can be observed with the
mean value of line a. From left to right, we observe the persistence of this issue across
different step size Ng for FTL. Notation: #: number, N’th interval: the N’th 50 iters.

reveals that a fixed trajectory length introduces the Accumulated Mismatch-
ing Problem (AMP). This problem leads to persistent matching errors that do
not diminish, even with an optimal Ng. The issue persists across variations in
Ng and remains throughout the entire distillation process. Further details are
discussed in the subsequent Sec.

3.2 Accumulated Mismatching Problem (AMP)

In traditional LDD methods, a specific trajectory length denoted as Ng is fixed
while matching various segments of expert trajectories. Network parameters are
predicted for all instances of matching based on this FTL, namely, 0] v = 6; o+
Tps,;(0; 9, Ns). However, due to variations in expert trajectories arising from
different steps on trajectories and different initialization of them, the designated
prediction 9;’ ~ lacks the necessary adjustments to accommodate such variations
among different experts. This discrepancy leads to the so-called Accumulated
Mismatching Problem (AMP).

We provide details in experiments conducted on CIFAR-10 with a config-
uration of 1 Image Per Class (IPC). The chosen baseline is the vanilla LDD
method [6], to mitigate any unintended buffered effects other than FTL. In our
experimental analysis, we initiate the process by generating an exhaustive set
of potential predictions pred = {0; ;,0; 5,---0; y_} under diverse values of Ng
ranging from 30 to 130.

Subsequently, we measure the mean square error between each prediction
and the corresponding target. The pred associated with the minimal error is
identified at 92’ Nope: b the optimal step Nyp:. The existance of the gap between
Nopt and Ng introduces extra unwanted matching error. To account for minor
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discrepancies, we introduce a parameter v = 2 as a tolerance threshold for errors.
We then collect the number of cases where matches with larger error, specifically
INs — Nopt|l1 > . This collection is performed at each 50 iterations throughout
the distillation process, and the results are depicted in Fig. [2l Additionally, we
present supplementary results with varying v in Appendix [A.T!

As observed in the figure, FTL methods consistently show a tendency to
align steps with larger errors across different values of Ng. This behavior indi-
cates that FTL methods compel trajectory matching with an inappropriate tra-
jectory length. Consequently, student trajectories with an inappropriate length
undergo either compression or stretching to conform to the diverse patterns ex-
hibited by expert trajectories. This compels the synthetic dataset to overfit to
the pre-buffered expert trajectories but sacrifices generality for unseen expert
trajectories. We validate this observation with experimental results in Sec.
where AMP has been addressed. Additionally, the results obtained in Sec.
support that the challenge becomes particularly pronounced when synthetic data
encounters unseen trajectories from unseen architectures.

AMP is Accumulative: We investigate into Ng by mimicing it as a small
fluctuation §. An additional term emerges in the prediction, denoted as Oy g5 =
Ong + Tog,f(Ons,9). The presence of the additional term has implications for
both the loss function, as depicted in Eq. , and the objectives outlined in Eq.
and Eq. . Consequently, this additional term accumulates with each update
to the synthetic dataset Dg, a phenomenon we identify as accumulative.

AMP and Accumulated Trajectory Error: Previous research [16] revealed
the existence of Accumulated Trajectory Error (ATE), which results from dis-
crepancies between the initialization from previous student parameters and the
assigned initial expert parameters in each iteration. Conversely, while AMP pri-
marily focuses on the end of the trajectory for matching, it is noteworthy that
AMP also contributes to ATE. In this subsection, we show the correlation be-
tween AMP and ATE.

As outlined in from [16] Sec. 3.1, the ATE is composed of the initialization
error, the matching error ¢y, and the ATE from the previous iteration. The
matching error €g, as part of ATE, is defined as

€0 = TDs,f(Q;O, NS) - TDT,f(H;:Ov NT) (5)

07 o is any network parameters from expert trajectories. We plug Eq. in Eq.
and take L2 norm as distance measure. We define e; = ||¢gl|3, and AMP is indeed
solving the following in each iteration as shown:

mtlnetfte{o)rlr}_l{lws}llﬂ,t il (6)

By addressing the AMP, we minimize matching errors at each step, thus itera-
tively reducing the ATE.

3.3 Automatic Training Trajectories (ATT)

The core idea behind ATT is to dynamically and adaptively select a suitable
trajectory length based on the minimum distance policy. And ATT essentially
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Fig.3: The figure displays the core idea of our method ATT in comparison to tra-
ditional LDD methods employing FTL. Left: The Vanilla LDD bypasses all possible
predictions and matches the inaccurate prediction. Right: our method ATT adopts an
adaptive approach, aligning predictions with expert network parameters using a min-
imum distance policy. ATT avoid cases where compressing or stretching trajectories
happen, and prevents the accumulation of errors resulting from those cases within the
synthetic dataset at each iteration, thus achieves better distillation performances.

is a simple solution to Eq. @ It computes all possible e; and selects the t that
gives the minimum ey.

Fig. [3] provides an illustration of the ATT process. The process begins by
unrolling a trajectory starting from the expert input 67, on a synthetic dataset.
Within each trajectory, every updated step ¢t € {0,1,---, Ng} conveys a poten-
tial prediction 01/-,t. We evaluate the squared L2 distance between each prediction
and the corresponding expert target with e; = [|6] , =67 y._||5. The step N,p; with
the minimum distance is selected out of all possible t, as depicted in Eq. @
Subsequently, back-propagation is performed when matching at the selected pre-
diction 6; v, ..

We summarize pseudocode for ATT in Algorithm [I} which provides a step-
by-step description of the proposed method. By employing this approach, we
directly eliminate AMP, and thus reduce matching error. Further, given the
significance of trajectory length in LDD methods, we conduct an ablation study
in Sec. to investigate its impact on ATT further.

4 Experiments

In this section, we present an overview of the dataset used, the experimen-
tal setups, and the baselines employed in our experiments in Sec. [4.1] Next,
we showcase and compare the performance of our proposed method to the
baseline approaches in cross-architecture performance Sec. and on differ-
ent datasets Sec. Furthermore, we perform an ablation study on ATT and
highlight its positive impact on boosting stability in Sec. Lastly, we detail
ATT’s storage and computation requirement in Sec.
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Algorithm 1 Automatic Training Trajectories

Input: Ng: the number of training steps on Dg.
Nps: the number of training steps on Dr.
Ir': learning rate for learning Dg

1: initialize Ir’, Dg
2: while not converged do
3:  randomly sample a pair of 05, 0; y,, from expert trajectories
initialize 0] o = 607 ¢, d¢ = [ ]
for t =0 to Ns do
get 0; ;.1 by a one-step update on 6; ;
calculate e; from Eq. @ and append it to d
end for
9: find the index Nyp¢, which minimizes d;
10:  conduct alternating optimization on Eq. at early step Nopt over Ir’ and Dg
11: end while

Output: learning rate I’ and distilled data Dg

4.1 Dataset and Experimental Setup

CIFAR-10/100 |27]: The dataset comprises 50,000 training images and 10,000
test images, each with a size of 32x32 pixels. CIFAR-10/100 consists of 10 classes
and 100 classes respectively. they are colored and natural.

64x64 Tiny ImageNet |13]|: The dataset consists of 100,000 training images
and 5,000 validation images, all with a size of 64x64 pixels. It encompasses 200
classes and and they are colored and natural.

ImageNet Subsets [13,/17]: We focus on subset ImageNette (assorted ob-
jects), ImageWoof (dog breeds), ImageFruit (fruits), ImageMeow (cats). Each of
the subclasses has 10 classes of with the image size of 128x128.

Evaluation Setups: Following the methodologies established in previous works |6,
40158681/69], we initiate the distillation process by generating a synthetic dataset
using ATT, then assess its performance by training the synthetic dataset with
five randomly initialized networks. The test accuracy of these networks is then
measured on the original test dataset. To provide a comprehensive assessment,
we calculate both the mean and variance of the test accuracy. To ensure a fair
comparison, we adopt a simple ConvNet architecture, as designed by [19], fol-
lowing the precedent set by prior work [6L[58]|66}|69]. This ConvNet architec-
ture incorporates convolutional layers [19], instance normalization [55], activa-
tion function RELU [1], and average pooling layers. The normalization layer
remains unchanged in our experimental setup to maintain consistency and facil-
itate a direct comparison of methods.

Baselines: In our comparative analysis, we benchmark our research against
the first DD method [59] and SDD methods including Dataset Condensation
(DC) [69], Differentiable Siamese Augmentation (DSA) [66], Distribution match-
ing (DM) [68], and Aligning Features (CAFE) [58]. Furthermore, we compare
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DD methods with a meta-gradient computation-solving method: Kernel Inducing
Points (KIP) [40]. Lastly, we include a comparison with LDD methods, encom-
passing the first LDD method Matching Training Trajectories (MTT) [6], Param-
eter Pruning (PP) [31], and Flat Trajectory Distillation (FTD) [16]. To facilitate
a fair and meaningful comparison with different methods, our experimental se-
tups deliberately exclude the incorporation of soft labels, network pruning, the
adoption of batch normalization, or any additional factorization or parameteri-
zation methods. This intentional avoidance ensures that the comparison focuses
on the core aspects of the compared methods without introducing confounding
factors associated with the mentioned techniques. In this study, we refrain from
comparing with instance selection approaches such as random selection, forget-
ting samples [52], or Herding [10]. This decision is based on the understanding
that these methods have been significantly surpassed by dataset distillation in
many prior works [6}/58,[66}/69]. Additionally, we do not include research that
concentrates on soft-labels [5,[11/51], data parameterization [14125/[34], data fac-
torization [8}291/32,)67], data and label encoding [14], selecting representative real
samples [35], model augmentation [65], reduced budget for storage and trans-
missions with slimmable DD [34], approaches with only a few networks [33], or
with model pool and label learning |74]. The exclusion of these methods is mo-
tivated by their orthogonality to our specific research focus, most of them can
be implemented in conjunction with our methods as needed.

Evaluation Details on CIFAR-10/100: We adopt the simple 3-layer Con-
vNet architecture [19] ensure a justifiable comparison with other approaches. To
maintain consistency with prior research [6,/40], we incorporate ZCA whitening
and simple data augmentation techniques. Nonetheless, we did not employ Dif-
ferentiable Siamese Augmentation (DSA) [66] in our baseline method to align
identical setups with other baselines. Lastly, to ensure the justification and fair-
ness of our comparison, we adopt a consistent test and learning setup aligned
with other LDD methods [6}|16]. This choice aims at providing a fair platform
for evaluating the effectiveness and performance of our approach in comparison
to existing LDD methodologies.

Evaluate Details on Tiny ImageNet and ImageNet Subsets: Following
previous MTT methods [6|16], we extend our methodology to larger datasets.
Specifically, we utilize the 4-layer ConvNet and 5-layer ConvNet as distillation
models for Tiny ImageNet and ImageNet, respectively. To validate the effec-
tiveness of our approach, we conduct experiments on six ImageNet subsets that
were previously introduced to dataset distillation by [6]. This ensures that the
evaluation is consistent and enables a meaningful assessment of the performance
of our approach in comparison to existing methodologies.

4.2 Cross-Architecture Generalization

In the evaluation of DD, Cross-Architecture (CA) generalization serves as a cru-
cial metric, gauging the synthetic dataset’s capacity to be effectively learned
by various architectures. Despite its significance, many prior works struggled
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Table 1: The table presents the cross-architecture performance of CIFAR-10 with
IPC=10. The network architectures listed in the table remain consistent with those used
in previous works [6}{16], with no modifications made to normalization or pooling layers
to ensure fair performance comparisons. We reproduced MTT’s result on IPC=50 and
FTD’s result on IPC=10 for a thorough assessment. The scores are all in percentage.
Our method excels significantly in cross-architecture performance under various IPCs.

ConvNet ResNet18 VGG11 AlexNet
IPC 10 50 10 50 10 50 10 50
KIP |40| 47.6 0.9 - 36.8+ 1.0 - 42.1+0.4 - 24.44+3.9 -
DSA [66] 52.1 +0.4 - 42.8+ 1.0 - 43.2+ 0.5 - 359+ 1.3 -
MTT |6] 64.34+0.7 71.6+0.2 46.44+0.6 61.9+0.7 50.3+0.8 55.44+0.8 34.2+2.6 48.2+ 1.0
FTD |16] 66.1 £0.3 73.8+ 0.2 53.2+1.4 65.7+0.3 47.0+1.5 584 +1.6 359423 53.84+0.9
ATT 67.7+0.6 745+ 0.4 54.5+0.9 66.3+1.1 54.2+0.8 61.7+0.9 43.6+ 1.4 60.0+0.9

to exhibit satisfactory generalization across different architectures. In this sub-
section, we delve into the examination of ATT in terms of cross-architecture
generalization.

We evaluate the CA performance of ATT on ResNetl8 [22], VGG11 |49],
AlexNet [28], and the distillation architecture ConvNet, aligning with architec-
tures studied in prior research. To ensure a fair comparison, we opt for simple
network architectures to mitigate the impact of high test performance associated
with more powerful structures. In line with closely related works, MTT [6] and
FTD [16], which assessed CA performance on different IPCs, we present CA re-
sults for our methods in both scenarios. Additionally, we replicate their missing
CA evaluations on the other IPC, contributing to a comprehensive and balanced
assessment.

The results, as presented in Tab. |1} showcase the remarkable performance of
our proposed method. ATT significantly outperforms previous methods in CA
generalization. Specifically, compared to the previous best result with IPC=10,
ATT achieves an improvement of 1.3% on ResNet18, 7.2% on VGG11, and 7.7%
on AlexNet. Furthermore, for IPC=50, ATT demonstrates improvements of 3.3%
on VGG11 and 6.2% on AlexNet.

This substantial improvement can be attributed to the mitigation of AMP,
as discussed in Sec. FTL methods, as revealed in previous discussions, tend
to force student trajectories to match with an inappropriate trajectory length,
leading to AMP. Consequently, FTL methods exhibit overfitting to seen expert
trajectories while sacrificing generalization to unseen trajectories. The CA per-
formance of ATT underscores the significance of addressing the AMP, especially
when dealing with unseen trajectories from previously unencountered architec-
tures.

4.3 Benchmark Comparison

Evaluation of distilled architecture performance serves as a crucial metric in
dataset distillation, gauging the efficacy of synthetic dataset learning on refined
architectures. Our test performance results are detailed in Tab. [2| and Tab.
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Table 2: The table showcases performance comparison to benchmark methods in
terms of test accuracy. LD and DD use AlexNet for CIFAR-10, and all the rest are DD
methods using the simple ConvNet for the distillation process. IPC: Images Per Class.
The numbers in table are presented in percentage. As shown, our method generally
outperforms existing methods on various dataset and IPCs.

CIFAR-10 CIFAR-100 Tiny ImageNet
Full dataset 84.8 £ 0.1 56.2 +£ 0.3 37.6 £ 0.4
IPC 1 10 50 1 10 50 1 10
DD [59] - 36.8+ 1.2 - - - - - -
DC [69] 28.3+0.5 44.94+ 0.5 53.9+0.5 12.84+0.3 25.24+0.3 - - -
DSA|66] 28.8+£0.7 52.1+0.5 60.6+0.5 13.94+0.3 32.3+0.3 42.8+0.4 - -
DM |[68] 26.0+£0.8 48.9+0.6 63.0+0.4 11.44+0.3 29.74+0.3 43.6+£0.4 3.9+0.2 129+ 0.4
CAFE[58] 30.0+ 1.1 46.3+0.6 55.5+0.6 12.9+0.3 27.8+0.3 37.9+0.3 - -
KIP [40] 49.9+ 0.2 62.7+ 0.3 68.6£0.2 15.7+0.2 28.3+0.1 - - -
MTT 6| 46.2+ 0.8 65.4+0.7 71.6+0.2 24.3+0.3 39.7+0.4 47.7+0.2 88+0.3 23.2+0.2
PP |31] 46.4+ 0.6 65.5+0.3 71.9+0.2 24.6+ 0.1 43.1 +0.3 48.4+0.3 - -
FTD |16] 46.8 + 0.3 66.6 £ 0.3 73.8+ 0.2 25.2+0.2 43.44+0.3 50.7+ 0.3 10.4+0.3 24.5+ 0.2
ATT 483+ 1 677i0674A5i0.426.1ﬁ:03442i05512i0311A0j:0A525.8:|:0.4

ATT, addressing the AMP, aims at improving generality on trajectories not
encountered before. Thus, the result additionally reflect how much they suffer
from AMP.

Notably, on datasets with substantial image sizes, such as ImageNet with
IPC=10, ATT exhibits a significant improvement over the previous best method:
2.2% on subset Meow, 1.6% on subset Nette, 1.2% on subset Woof, and 1% on
subset Fruit. The impact extends to datasets with increased class complexity,
exemplified on Tiny ImageNet, where improvements of 1.3% on IPC=10 and
0.6% on IPC=1 are observed. CIFAR-10 experiences notable enhancements as
well, with improvements of 1.5% on IPC=1 over FTD, 1.1% on IPC=10 over
previous best result. CIFAR-100 also sees improvements, with up to 0.9% at
different IPCs. While KIP demonstrate commendable performance in IPC=1 on
the CIFAR-10 dataset, ATT significantly outperforms them on larger IPCs and
more extensive datasets.

It is crucial to note that, while test performance on distilled architecture is
generally significant, it is not as pronounced as those on unseen networks from
unfamiliar architectures, as discussed in Sec. This disparity arises from FTL
methods potentially overfitting to pre-buffered expert trajectories, which does
not include other network architectures other than the distilled architecture.

4.4 Ablation Study on Parameters

Trajectory Bounds Ng: In order to accommodate diverse memory constraints,
ATT incorporates the trajectory length parameter Ng to examine the scope of
the search for the optimal length. In our experimental analysis, we delve into
the behavior of ATT, specifically examining the step selection process during
distillation. This investigation focuses on delineating how the optimal step Nyp;
evolves under different trajectory length constraints throughout the distillation
process.
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Table 3: Performance comparison of our method ATT to other baselines on ImageNet
subset. All the scores are presented in percentage. As shown, our method demonstrates
significant improvement on large dataset ImageNet, especially on IPC=10

ImageNet Subsets

Methods IPC ImageNette ImageWoof ImageFruit ImageMeow
Full Dataset 87.4+1.0 67.0£1.3 63.9+£20 66.7+1.1
MTT @ 1 47.7+0.9 28.6£0.8 26.6+08 30.7+1.6
10 63.0+ 1.3 35.8+1.8 40.3+1.3 404+2.2
FTD 1 52.2+£1.0 30.1+1.0 29.1+£09 338%15
10 67.7+0.7 388+1.4 449415 43.34+0.6
ATT 1 5244+11 31.2+1.8 30.0+08 340114

10 69.3+08 400+14 459+1.2 455+1.6

Ns=30 Ns=50 Ns=70 Parameter Ir(sz) Parameter Ir(img)
70 1 1
60 | o 201 o
2 3
50 3 3
Q
» 401 2 2
° v n
2 30 1 %10 a1
%) o ©
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10 4 1 #® 3 7]
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Iteration Multiplier Multiplier
—— FTL methods — ATT B FTL method e ATT

Fig. 4: Left: This plot illustrates ATT’s step selection during the distillation phase,
highlighting its preference for smaller steps initially, contributing to enhanced stability
during parameter tuning. Right: The plot demonstrates ATT’s superior stability in
varying parameters, showcasing the number of successful cases when alter parameter
to mutiplier times. Different multipliers are presented as distinct cases.

Our experiments are conducted on CIFAR-10 with IPC=1, and we emperi-
cally choose Ng to be 30, 50, 70, indicating cases with not sufficient steps, close
to optimal steps, and too much steps. The results, as depicted on left of Fig. ]
highlight the distinction between FTL and ATT. While FTL consistently opts for
a fixed trajectory length, ATT tends to dynamically adjust its trajectory length,
starting with smaller values at the beginning and subsequently adapting, fluc-
tuating below Ng to minimize errors. The behavior remains with different Ng,
and we will show more results on various Ng and Iterations in Appendix
This adaptive behavior allows ATT to perform short trajectory matching ini-
tially instead of enforcing larger trajectory matching.

ATT and Parameter Variations: We empirically substantiate ATT’s stability
toward parameter variation by introducing variations in two sensitive parame-
ters: the learning rate of pixels, denoted as Ir(img) and the learning rate of step
size, denoted as Ir(sz). They are tuning parameters that determine the step size
for the synthetic dataset and the trainable learning rate, respectively. We align
the initial parameters with the vanilla LDD method, and multiply the examin-
ing parameters by factors of multiplier. Specifically, we do not make additional
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changes to variables other than the one under examination. Each experiment
is repeated twenty times, and we document the number of successful cases un-
der each parameter setup. Cases of failure are identified by divergent loss or
negative trainable learning rate, while cases with convergent loss are considered
successful.

As demonstrated on the right of Fig. [dl ATT exhibits higher stability under
different parameter sets. This is attributed to ATT allowing and selecting a
small step size for the student trajectory, facilitating the synthetic data to learn
from early trajectories at the beginning, instead of enforcing larger trajectory
matching. This advantage holds significant support when undertaking DD on a
new dataset.

4.5 Storage and Computation

Similar to other LDD methods such as [6l|16], computational overhead and stor-
age requirements present challenges. However, LDD methods yield synthetic
datasets with superior test performances across various network architectures,
benefiting end-users at the cost of increased resources for producers. In our ex-
periments, we primarily use five A100 GPUs, and utilize 100 expert trajectories
as the default setting. Assessing the storage requirements for expert trajecto-
ries, we find approximately 60MB for each CIFAR expert, and 120MB for each
ImageNet expert. We list more details in Appendix [A.5!

While ATT incurs time in employing distance measurement with L2 norm,
it strategically prioritizes matching steps where t < Ng, enabling early back-
propagation on trajectories and avoiding unnecessary computations at the tail
end. This approach serves as a time-efficient compensation for the distance calcu-
lation. To illustrate, we conduct experiments on CIFAR-10 with IPC=1, compar-
ing our method to the vanilla LDD approach. The experiments employ identical
parameters and hardware setups, repeated ten times, and the average time per
iteration is determined. As a result, both the vanilla LDD method and ATT
exhibit a similar runtime of 0.8s per iteration.

5 Conclusions

In this paper, we delved into long-range matching dataset distillation methods,
and reveal that traditional long-range matching methods exhibit persistent lim-
itations and mismatches in aligning trajectories, resulting in the Accumulated
Mismatching Problem (AMP). We further reveal AMP’s contribution to match-
ing error, and propose ATT to address AMP. Empirical results showcase that
ATT not only rectifies the AMP, but also enhances stability when confronted
with parameter changes, and the method exhibits superior cross-architecture
performance.

As we continue to explore innovative methodologies in dataset distillation, the
insights gained from this research pave the way for more effective and adaptable
approaches in the field.
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