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Abstract. Dataset distillation (DD) aims to create a smaller dataset
that encapsulates the essential knowledge of a larger dataset, thereby
reducing storage demands and accelerating downstream training. For
large-scale dataset distillation, state-of-the-art methods achieve satisfac-
tory performance by using soft labels generated by well-trained teacher
models during downstream training. However, it will cause some issues:
(1) a substantial amount of additional storage is required to retain the
teacher models, often significantly exceeding the storage needed for the
synthetic images; (2) generating labels through these teacher models
slows down the downstream training process, counteracting the efficiency
goals of dataset distillation; and (3) downstream training guided by these
teacher models, according to our studies, yields suboptimal performance.
Focusing on these drawbacks, in this paper, we propose plug-and-play
parameter-efficient label generation techniques for dataset distillation,
which maximizes the benefits of limited model parameters and can be
generalized to different DD methods, datasets, and settings. Specifically,
we propose a DD-oriented model parameter reduction method that au-
tomatically determines the optimal capacity of teacher models and elim-
inates redundant parameters for dataset distillation tasks. Furthermore,
for additional parameter space, we turn to model ensemble strategies
and propose guidelines to optimize the utilization efficiency of the ad-
ditional space. Compared to the state-of-the-art methods, Flash-DD re-
quires only 0.03% of the additional storage and significantly accelerates
downstream label generation by 843.81x while maintaining compara-
ble performance. Alternatively, with a mere 1.8% storage budget, it can
boost accuracy by up to 13.4% over previous leading methods.

Keywords: Dataset distillation - Parameter-efficient label generation -

Efficient training

1 Introduction

Dataset distillation (DD) [32] aims to generate a significantly smaller synthetic
dataset that retains the representative knowledge of the original large-scale
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Fig. 1: Comparison of downstream performance and required storage (both synthetic
images and teacher model) for state-of-the-art methods: SRe’L, G VBSM, RDED,
and those methods with Ours. Points from left to right correspond to IPC 1, 10, and
50. Circle size denotes the GFLOPs of teacher model used in downstream training.

dataset, maintaining downstream tasks performance while alleviating the storage
and transmission burden, and accelerating the process of downstream training.
After a period of rapid development in DD field, current dataset distillation
methods have achieved lossless performance [8] on low-resolution, small-scale
datasets (e.g., CIFAR-10 and CIFAR-100). However, for high-resolution, large-
scale datasets like ImageNet-1K, increased complexity and computational de-
mands make distillation more challenging, leading to significant performance
degradation at high compression rates.

To mitigate this, state-of-the-art large-scale dataset distillation methods [24,
29,33,134] employ well-defined data augmentation strategies and and leverage
soft-label supervision during downstream training to enhance data diversity
and assure the informative, accurate knowledge for downstream tasks. Soft-label
can be generated in two functionally equivalent ways, as both rely on teacher-
provided probabilistic targets. In the online setting, at each training epoch,
synthetic samples are augmented and the teacher model(s) is queried to gen-
erate epoch-specific soft labels. In the offline setting, these teacher predictions
are pre-generated and stored together with the distilled images. Consequently,
maintaining soft labels for all augmented instances across training epochs leads
to substantial storage overhead that scales with the number of epochs. In this
work, we focus on the online setting.

However, this paradigm introduces notable limitations. Firstly, retaining the
teacher model(s) throughout downstream training incurs additional memory
overhead, which often significantly exceeds that of the synthetic images and
thereby undermines the storage-efficiency objective of dataset distillation. Addi-
tionally, it will introduce extensive GPU time and computational overhead for
incorporating soft label generation process during downstream training. To make
more accurate knowledge transfer and convey more information to the down-
stream tasks, each augmented image will be passed through the teacher model(s)
at every iteration to generate the corresponding soft label, which considerably
slows down the training process. It also counteracts the efficiency goals of dataset
distillation. Lastly, as illustrated in Fig. [I} downstream training guided by the
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well-trained teacher model(s) yields suboptimal performance, further highlight-
ing the limitations of current soft label generation techniques.

In this paper, we propose plug-and-play, memory-efficient soft label genera-
tion techniques for dataset distillation. Our method also establishes a paradigm,
offers optimal solutions under different storage conditions and is adaptable to
various dataset distillation methods, datasets, and settings. Specifically, we pro-
pose a DD-oriented model parameter reduction method that automatically de-
termines the optimal capacity of teacher models to downstream tasks. Further,
to optimize the spatial efficiency of the additional parameter space, we system-
atically restructure the parameter space to extend and optimize the initially
small effective portion across the entire capacity, and also the eliminate poten-
tial negative effects raised by the redundant and irrelevant parameters. Here,
we turn to model ensemble strategies to satisfy the requirements of the differ-
ent downstream training stages and provide guidelines to obtain feasible and
diverse knowledge for downstream tasks. Extensive experiments validate the ef-
ficacy of our proposed method. For example, with just 0.03% of the original
extra storage, we maintain the performance while speed up the label generation
process 843.81x. Also, with limited storage, our proposed method outperforms
the previous state-of-the-art method up to 13.4%.

To sum up, our contributions are listed as follows:

— We propose plug-and-play parameter-efficient soft label generation tech-
niques for dataset distillation to fully leverage the benefits of the limited
model parameters. We also establish a paradigm for achieving optimal solu-
tions for different storage conditions, which can be applied across different
DD methods, datasets, and settings.

— We propose a DD-oriented model parameter reduction method that auto-
matically determines the optimal capacity of teacher models for downstream
training and removes the task-irrelevant parameters to accelerate the train-
ing process and reduce the storage space.

— We systematically re-organize the additional parameter space to optimize
the spatial efficiency. We propose guidelines for model ensemble strategies
to adapt to the different downstream training stages while providing feasible
and diverse knowledge.

— We conduct extensive experiments to demonstrate the effectiveness of our
method. Results show that our method only requires 0.03% extra storage to
achieve the same performance of the previous state-of-the-art methods while
accelerating the soft label generation 843.81x. With 1.8% extra storage, our
method improves the previous state-of-the-art methods up to 13.4%.

2 Related Works

Dataset distillation, first proposed by Wang et al. 32|, distills the large-scale
original dataset into a much smaller synthetic one without compromising its
performance. After a period of development, the field of dataset distillation has
undergone exploration improvements in many aspects. For instance, in terms
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of optimization objectives, some methods [6}/15,[16}/18,|19}/32,/41] optimize the
distilled datasets according to the model performance across the original dataset
and the synthetic one as defined by dataset distillation. Some methods |2}/4,(7}/11}
12/1261[361/38] optimize the distilled datasets by matching the training trajectories
or loss curve of the model training process on two datasets, while some |22}/31[35]
371139] pursue optimization by aligning the distributions or attention maps of the
datasets. Moreover, numerous efforts have contributed to progress in directions
such as dataset parameterization [3}9,/13,27], label distillation |1,/28].

However, dataset distillation often suffers from performance drops on down-
stream tasks when applied to high-resolution, large-scale datasets. Recent state-
of-the-art methods [24L25]29}|33}34] adopt pre-trained teacher model(s) to gen-
erate soft labels either online or in advance for each epoch during downstream
training to enrich and strengthen the synthetic dataset. This strategy leverages
teacher knowledge, but increases storage requirements and prolongs downstream
training, contrary to the original goals of dataset distillation. To address these
issues, our proposed method offers training-efficient and memory-flexible solu-
tions. Specifically, we introduce a plug-and-play DD-oriented model parameter
reduction technique that automatically determines the optimal teacher capacity
for downstream tasks, reducing storage and accelerating training. Additionally,
we provide guidelines for adaptive model ensemble strategies in soft label gen-
eration, further improving parameter efficiency and downstream performance.

3 Method

3.1 Preliminary

For high-resolution, large-scale datasets, current state-of-the-art dataset distil-
lation methods [24]291/33,/34] adopt well-defined augmentation strategies and
employ teacher model(s) to generate soft labels for each augmented image dur-
ing downstream training to compensate for the loss of knowledge. To be noted,
our paper is under online soft-label generation settings, and the downstream
training process can be formulated as follows:

0 = 047 — avL((xW, ;0471
S XY 6p). M)

T~Or

1
X' = Aug(X,, t;0), Y = —
|Or] P

Here, 6s is the downstream model, « is the learning rate, and £(+;0s) is the loss
function for downstream tasks. During the downstream training process, the

synthetic images X, will be augmented by the well-defined augmented function
Aug with the parameter ¢ to generate the training samples X gt)l for epoch ¢,
and |X§t)/| = | X,|. The corresponding labels YY" are generated by the teacher
model(s) ©p. Although soft labels greatly improve downstream performance,
they also increase storage requirements for teacher model(s) and introduce down-
stream training latency. Our method seeks an optimal balance among training
efficiency, storage, and performance.
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Algorithm 1 DD-Oriented Model Parameter Reduction

Input: Synthetic dataset Dg, full-sized teacher 07, 7(Ds)
Output: Capacity matched 07
1=0
while |Ace(0r,) — Ace(01,)| < 6 do

01,,, = Param_reduce(0t,)

i=1+4+1
end while
or ={}
while Acc(0r1,) > 7(Ds) do
0r,,, = Param_reduce(fr,)
Compute the loss degradation during the early training stage Dis(fr;).
if Dis(0r,) > ¢ then

Or U7, // Only consider the loss degradation more than the threshold (.
end if
i=1+4+1
: end while
: 07 = argmax Dis(0r) + v Acc(0r), Or € Or

O

: return 61

el el el
A R ol =

—_
(=]

3.2 DD-Oriented Model Parameter Reduction

Current state-of-the-art large-scale dataset distillation methods leverage teacher
model(s) to enhance downstream performance. However, this will introduce sig-
nificant extra storage demands and slows down downstream training. To address
these issues, we propose a plug-and-play DD-oriented model parameter reduction
method that determines teacher model capacity, enabling efficient and effective
soft label generation for better downstream generalization. The framework of
our method is shown in Algorithm [T} Our method consists of two steps.

First, we construct a lightweight teacher that preserves the original accuracy
by applying an iterative model parameter reduction procedure, e.g., pruning,
on the full-sized 1 teacher model pretrained on the entire original dataset and
stopping before noticeable degradation occurs. In our implementation, we use
structured pruning with /;-norm importance score. This step will quickly remove
the redundant parameters while maintain the performance of both the teacher
model and the downstream tasks. The next step is to determine the optimal
amount of teacher knowledge that students can effectively utilize. We evalu-
ate teachers with different knowledge capacities under various synthetic dataset
sizes, as shown in Fig.[2| As teacher capacity increases, downstream performance
first improves and then degrades. It suggests that once teacher capacity exceeds
the learnable space supported by the synthetic dataset, additional knowledge
becomes either redundant or difficult for students to learn from, thereby hinder-
ing effective knowledge transfer. Therefore, optimal teacher capacity should align
with the knowledge capacity of the synthetic data, retaining only the most trans-
ferable and essential knowledge while filtering out overly complex or low-impact
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Fig. 2: Illustration of the relationships between the downstream performance, the size
of the teacher, and the performance of the teacher. The experiments are conducted on
three datasets ImageNet-100, Places365-Standard, and ImageNet-1K, with IPC 1, 10,
and 50. For better demonstration, the # of Params (MB) is set to a log scale.
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Fig. 3: The downstream evaluation loss (a) and training loss (b). The evaluation is
under ImageNet-1K with IPC 10.

components. For downstream training,

L(Ds;0s,07) =E(zp~p, [ f(2,00) = f(,05)]3 +nDs[|| f(z,05) — yl[3]

2
=B, [(L+ )AL+ nllel3 +20 - 4] )
where A = f(x,0r) — f(z,0s) and € = f(x,07) — y. The performance of g is
closely related to the performance of 8. When the teacher has limited capacity,
the student can more easily fit its outputs using a small dataset Dg. However,
if the teacher significantly deviates from the ground-truth distribution, the im-
provement brought by distillation is inherently constrained. In contrast, teach-
ers that are better aligned with the target distribution yield larger downstream
gains. As shown in Fig. [3] due to the limited size of Dg, the training loss ex-
hibits clear trends and distinct inflection points in the early training phase. These
observable dynamics enable us to further characterize the student difficulty in

fitting the teacher outputs during downstream training through the convergence
behavior of the training loss:

Dis(0r) = Eyo_p, [L(Ds: 05, 0r) — L(Ds; 05, 0r)]. (3)

Here, t represents epoch in the early training stage, £(-) is the loss function
for the downstream tasks. Dis(-) calculates the loss reduction during the early
stage. The total number of epoch for calculating Dis(-) depends on the number
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Fig. 4: The validation experiments for the criteria to determine the optimal capacity
for teacher models. The experiments are conducted under the settings of ImageNet-1K
and Places365-Standard with IPC 10 and 50 and ImageNet-100 with IPC 10. Here, for
ImageNet-1K and Places365-Standard, we calculate the loss reduction in the early 50
epochs for downstream training, and -« here is 0.1. For ImageNet-100, the process is in
the early 20 epochs and ~ is 0.05.
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Fig. 5: The t-SNE analysis of ResNet-18 under different storage budgets on ImageNet-
1K with IPC 50. Each subfigure title shows model size, its ratio to the original model (in
parentheses), and the corresponding downstream accuracy. The analysis is performed
on the models pre-softmax logits.

of classes of the original dataset. In this work, we calculate the loss reduction in
the early 50 epochs for larger datasets ImageNet-1K and Places365-Standard,
and 20 epochs for ImageNet-100 dataset.

During the teacher parameter reduction process, the accumulated loss curve
gradually flattens, indicating that the teacher has entered a regime more suitable
for the downstream student model. Here, we set the threshold for loss reduction
as (. As an excessively complex teacher imposes an overly difficult imitation
target, making it challenging for the student to approximate the teacher be-
havior, which results in limited loss reduction in the early stage of training.
Conversely, an overly simplified teacher reduces the richness of supervisory sig-
nals, causing the student to quickly match the teacher performance. This leads
to a low performance upper bound and premature convergence, after which the
student is prone to overfitting due to insufficiently informative guidance. For
the numerical computation of ¢, Dis(fr) is evaluated at discrete capacity levels,
¢ can be computed numerically by examining the finite difference ratio ﬁ@;‘s‘
and identifying the point where the incremental increase becomes small. Here,
ADis = Dis(0r,,,) — Dis(0r,), and A|0r| = |07,,,| — [01,]. We select ¢ at the
point where this incremental gain becomes sufficiently small, indicating dimin-
ishing returns in accumulated loss as the teacher is further reduced. Furthermore,
as shown in Fig. [2| when the accuracy of teacher model decreases, the student
accuracy decreases accordingly and remains inferior. When the teacher perfor-
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mance falls below 7(Dy), the student converges to the same level. Here, 7(Dy)
is the downstream accuracy of the original DD method with the full teacher
trained on D;. Accordingly, we use 7(Dy) as an additional stopping criterion for
teacher parameter reduction.

Proposition 1 7(Ds) is the accuracy of the downstream student models trained
with the guidance of the original pre-trained full-size teacher model on distilled
dataset Dg.

Proof. Ty is full-size teacher model with parameter dimension d, T3 is reduced-
capacity teacher (dimension k) obtained via parameter reduction from Ty on the
global data distribution. When €(Sp) =~ €(T}), the student Sy distilled from T
exhibit similar generalization performance to the student S; distilled from T3.
The synthetic dataset is X € R™*?, where n < d. Let the global data covariance
matrix be ¥ = E[zz?] € R¥*<. By spectral decomposition, we partition ¥
into the top k principal components Vj; and the orthogonal residual space V| :
Y = Vk/lkaT + VLALVE. Here, Ty can be decomposed as 01, = 01, + 05, where
01, £ VkaTOTU, and 05 £ VLVEHTO, 9% fs = 0. After distillation, we have:

05, = argmin | X0r, — X0s|3 = X' X0r,,
S

05, = argmin | X0r, — X0s|3 = X' X0r,, (4)
S

05, = XTX (01, +05) = 0%, + X X0,

where E[|X05(2] = n - 07205, and 07 205 = 0L (Ve A, VI + VA, VE0s =
0T (VL AL VI)0s. As Ty retains the core predictive capacity, the eigenvalues of
the truncated residual space A approach zero, such that:

E[[|X85]13] < n - Amaa (A1)[65]5 — 0. (5)

The generalization error evaluated on the true distribution is ¢(S) = (0s —

9*)T2(95 — 9*), 8(50) ~ 8(31).

This rule indicates the lower bound to obtain the optimal capacity of the teacher
model for downstream tasks, and provides insights to find the lowest memory
costs to obtain comparable state-of-the-art performance.

Within the selected range of teacher model capacities, we further identify the
optimal teacher for downstream tasks. As noted in Eq. [2] downstream perfor-
mance is strongly correlated with teacher performance. Here, we introduce the
teacher model own accuracy as an additional selection criterion, as follows:

01 = arg max Dis(0r) + vAcc(fr), 6r € O, (6)
Or

where y denotes the contribution of the teacher intrinsic accuracy in select-
ing the optimal teacher. We set v to make the accuracy term Acc(6r) and the
accumulated-loss term Dis(6r) lie on comparable scales, ensuring that both fac-
tors contribute meaningfully when evaluating teacher capacity. Any reasonable
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value of v that brings the two terms onto the same scale is acceptable for this
purpose. In paper, we set v = 0.1 for ImageNet-1K and Places365-Standard,
and v = 0.05 for ImageNet-100 for all IPC settings. We also conduct the val-
idation experiments to demonstrate the effectiveness of the criteria, as shown
in Fig. [ To better understand the characterizes of the selected teacher, we vi-
sualize the output distributions of teachers with different pruning rates using
t-SNE, as shown in Fig. [5] The teacher that achieves the best downstream per-
formance exhibits well-defined class clusters with clear boundaries and preserves
meaningful inter-class structure, whereas suboptimal teachers produce mixed
or collapsed clusters. These observations suggest that an effective teacher must
balance reliable class discrimination with informative soft predictions. In par-
ticular, the correct class should receive the highest probability, while non-target
classes retain small but non-zero probabilities to encode inter-class similarity.
Such distributions enable the student to learn both clear decision boundaries
and relationships among classes.

3.3 Guidelines For Ensemble Label Generation

Previously, we demonstrated that aligning the knowledge capacity between the
teacher and the synthetic dataset is particularly effective under constrained stor-
age budgets. In such highly limited settings, e.g., ImageNet-1K IPC-10, select-
ing a single pruned teacher with an appropriate capacity is sufficient to achieve
strong downstream performance. However, when the available storage budget
increases, simply maintaining the single optimal teacher capacity leads to under-
utilization of the additional space, thereby limiting potential performance gains.
To address this issue, we shift from the single-teacher setting to an ensemble-
based label generation strategy to avoid redundant or ineffective knowledge and
provides more informative guidance for downstream tasks, enabling maximal
use of available space. Specifically, we restructure the pre-defined space M into
several sub-modules and introduce complementary sub-teachers under carefully
designed constraints:

f@0) = 3 W f(a:6r,). (7)

Or, €O

Here, M = 3, o, C(0r,), C(-) measures the size of the model. @gf) repre-

sents the ensembled teachers for epoch t. ul(»t) is the weight for model 67, for

epoch t, and is initialized uniformly as pu; = ﬁ, |©| is the number of pruned
teachers contributed to the emsembled output. It could be updated during the
downstream training optionally.

To enable effective subspace division, each teacher should maintain appro-
priate knowledge capacity for reliable downstream transfer, as discussed in Sec-
tion While an ensemble introduces complementary perspectives, excessive
capacity discrepancies may lead to conflicting predictions and unstable super-
vision, especially when individual teachers are under-capacitated (as shown in
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Table 1: Performance and efficiency comparison applying Flash-DD on large-scale
dataset distillation methods under highly constrained budget (only one single teacher),
across three datasets ImageNet-100, Places365-Standard, and ImageNet-1K. Here, the
extra memory represents for the storage part excluding the synthetic images. All syn-
thetic datasets are generated by official code without further update. ResNet-18 is
adopted as the base backbone for teacher model and student model. * represents that
the results are from our reproduction.

ImageNet-100 Places365-Standard ImageNet-1K
Methods 1 10 50 1 10 50 1 10 50
SRe?L Acc. 30+03 95+04 27.0+04 13+£02% 97+0.1" 31.4+01° 01+£01 21.3+0.6 46.8+0.2
Extra Mem. 42.8MB 42.8MB 42.8MB 43.3MB 43.3MB 43.3MB 44.7MB 44.7MB 44.7TMB
Acc. 7.8+ 0.6 43.4 + 0.1 66.1 + 0.1 12.9 + 0.2 32.3 + 0.3 41.6 + 0.1 18.9 + 0.7 44.5 + 0.1 58.4 £+ 0.1
w/ Ours 14.8 1 33.9 1 39.1 111.6 1 22.6 110.2 +18.8 123.2 111.6
Extra Mem. 0.1MB 0.8MB 4.1MB 0.1MB 2.0MB 3.1MB 1.1IMB 4.7TMB 9.5MB
0.3% 2.0% 9.6% 0.3% 4.6% 7.1% 2.5% 10.5% 21.3%
G VBSM Acc. 5.0+ 0.1" 18.0 £0.4" 60.5 + 0.1 1.2 £0.1* 17.5 £ 0.1 33.7 £ 0.6* 1.7+ 0.1" 31.4+0.5 518 +£0.4
— Extra Mem. 69.3MB 69.3MB 69.3MB 73.4MB 73.4MB 73.4MB 84.1MB 84.1MB 84.1MB
Acc. 7.2 + 0.6 42.5 + 0.267.8 £ 0.6 7.5 + 0.3 31.7 £+ 0.2 42.8 £ 0.7 15.9 £+ 0.1 46.6 £+ 0.2 60.3 £ 0.1
w/ Ours i 2R 1 24.5 173 16.3 1 14.2 +9.1 +14.2 1 15.2 1 8.5
Extra Mem. 0.1MB 1.9MB 6.5MB 0.1MB 2.0MB 3.1MB 1.1MB 9.5MB 12.1MB
0.2% 2.7% 9.4% 0.2% 2.7% 4.2% 1.3% 11.3% 14.4%
RDED Acc. 81+0.3 36.0+0.3 61.6+0.1 4.6+02% 29.1 +£0.3" 442 +0.2° 6.6 £02 420+0.1 56.5+0.1

Extra Mem. 42.8MB 42.8MB 42.8MB 43.3MB 43.3MB 43.3MB 44.7TMB 44.7MB 44.7MB
Acc. 10.9 + 0.3 48.9 £ 0.3 71.0 £ 0.2 13.8 & 0.1 36.9 & 0.2 45.9 £ 0.1 20.0 £ 0.1 47.5 £ 0.2 58.5 & 0.1

w/ Ours 12.8 112.9 19.4 19.2 17T 117 113.4 15.5 12.0
Extra Mem. 0.04MB 1.4MB 6.5MB  0.IMB 2.0MB 89MB  0.8MB 7.2MB 10.7MB
0.1% 3.3% 15.2% 0.3% 4.6% 20.6% 1.8% 16.1% 23.9%

Fig. . Thus, when capacity of each teacher is comparable, and with feasi-
ble knowledge, leveraging additional different perspectives can offer benefits for
downstream tasks. Motivated by the observation, the criteria can be formulated
as follows:

eflggTC(eTi) - QTI_neigTC(eTi) <e, Y. [C(br,)—C(0r)] < e,
' ! Or;,07; €O (8)

VOr, € Or, Acc(0r,) > 7(Ds), V01, € Op, |C(01,) — C(0})]| < es.

Here, € refers to the small constant, and 67 refers to the single teacher which
has the optimal downstream performance. Here, the first two constraints bound
the capacity gap among sub-teachers to prevent excessive prediction divergence.
The third enforces a minimum accuracy threshold to ensure reliable supervision.
The fourth encourages each sub-teacher capacity to remain close to that of the
optimal single teacher identified in the constrained regime, avoiding performance
degradation caused by introducing too many low-capacity models.

4 Experiment

4.1 Experiment Setting

Dataset and Network We evaluate Flash-DD on full-sized ImageNet-100,
Places365-Standard [40], and ImageNet-1K [5]. Here, synthetic datasets are gen-
erated by official code without further update. For networks, we adopt ResNet-18
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Table 2: Results on the least extra memory costs to achieve previous state-of-the-
art method RDED performance with single teacher. We conduct experiments on three
datasets ImageNet-100, Places365-Standard, and ImageNet-1K for IPC 1, 10, and 50.
Here, we report the number of parameters, required extra memory costs, GFLOPs,
and accuracy of the teacher model. Also, we evaluate the acceleration rate for the
soft label generation part (the extra required time for downstream training), and the
performance for downstream tasks.

Datasets #Params | Extra Mem. | GFLOPs | Speed Up 1 Acc. (Teacher) Acc. (Downstream)

1 <0.006M (0.05%) <0.02MB (0.05%) <0.003 (0.14%) >729.31x <16.26 9.5+ 0.3

ImageNet-100 10 0.04M (0.37%) 0.16MB (0.37%) 0.01 (0.60%)  166.15x 36.22 35.8 £ 0.1
50 0.26M (2.28%) 0.98MB (2.28%) 0.05 (2.96%)  33.73x 63.10 61.6 + 0.3

1 0.003M (0.03%) 0.01MB (0.03%) 0.002 (0.12%)  843.81x 1.09 41401

Places365-Standard 10 0.08M (0.74%) 0.32MB (0.74%) 0.02 (1.11%) 90.12x 29.00 29.2 £0.1
50 0.75M (6.59%) 2.86MB (6.59%) 0.14 (7.55%) 13.32x 45.66 44.3 £ 0.1

1 0.03M (0.22%) 0.10MB (0.22%) 0.004 (0.16%) 609.94 x 6.49 6.6 £ 0.1

ImageNet-1K 10 0.55M (4.68%) 2.09MB (4.68%) 0.09 (4.84%) 20.66x 43.85 41.8 £ 0.1
50 1.88M (16.12%) 7.19MB (16.12%) 0.30 (16.24%)  6.16x 57.73 57.0 + 0.1

as the base backbone for soft label generation. We employ the ResNet-18 as the
downstream model by default. We further evaluate the generalization ability of
our proposed method on ShuffleNet-V2 [17], MobileNet-V2 [23], EfficientNet-
B0 [30], Swin-V2-Tiny [14], RegNet-Y-400MF [21], and AlexNet [10].

Implementation Detail We apply Flash-DD to SOTA large-scale DD meth-
ods SRe?L [33], G_VBSM [24], and RDED |29], reporting both performance
and additional storage with repeated 3 times. To ensure fairness, soft labels are
generated online, and teacher models are treated as extra storage. We report the
best performance of our method and its corresponding memory cost. We also
present the minimum storage and efficiency needed to achieve previous state-
of-the-art results. Here, speed-up denotes the reduction in extra time for soft
label generation. For cross-architecture generalization, we use the optimal per-
formance case for comparison. For continual learning, we follow previous works
and use the GDumb framework and report the optimal results. Unless otherwise
specified, a single teacher model is used in all experiments. Multiple teachers are
only employed in the ensemble soft label generation experiments. For ensemble
soft label generation, we conduct experiments on ImageNet-1K IPCs of 10 and
50, under storage constraints of 21.65MB (48.43%) and 43.66MB (97.67%). More
experimental details are provided in supplementary.

4.2 Results on Baselines with Single Teacher

The baseline comparisons are divided into two parts. First, under constrained
budget with single teacher, we apply our method to the baseline method and re-
port the optimal performance and required extra storage in Table[I] For fairness,
the storage for teacher is counted as extra storage for all methods. Second, we
report the minimal extra memory needed for single teacher to achieve previous
state-of-the-art performance and evaluate the speed-up in soft label generation.
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Table 3: Results on cross-architecture generalization evaluation. Here, we conduct
experiments under the settings of Places365-Standard and ImageNet-1K with IPC 10.
RDED adopts single ResNet-18 for both the synthetic image and the label generation
parts, while our proposed method adopts single ResNet-18 with parameter reduction
for label generation.

Datasets ShuffleNet-V2 MobileNet-V2 EfficientNet-BO Swin-V2-Tiny RegNet-Y-400MF AlexNet

Places365-Standard RDED 17.3 £ 0.9% 20.6 + 0.5" 26.1 £ 0.3% 13.9 £ 0.3" 26.0 + 0.3* 10.3 + 0.1*
w/ Ours 27.0 £+ 0.5 1 9.7 30.6 + 0.3 1 10.0 36.7 + 0.2 1 10.6 20.2 £ 0.2 1 6.3 33.5+ 0.5 1 7.5 11.3 + 0.1 1 1.0

RDED 23.6 + 0.5" 344402 428 £0.5 178 £ 0.1 38.5 4 0.5" 11.9 £ 0.1%

ImageNet-1K ) Qurs 30.7 4 0.1 1 7.1 41.5 + 0.5 1 7.1 47.4 £ 0.1 1 4.6 27.5 + 0.7 1 9.7 42.9 + 0.5 1 4.4 14.4 + 0.1 1 2.5

” Storage Costs (MB)

oup 1D Group ID " Gomm " Growp D

(© (d) (e) )

Fig. 6: The relationships between the downstream accuracy and the ensemble accu-
racy (the first three figures) and the capacity of each teacher (the rest ones). (a) (d)
are under the settings of ImageNet-1K IPC 10, the number of teachers is 2, the stor-
age space is 21.65MB; (b) (e) are under the settings of ImageNet-1K IPC 10, and the
number of teachers is 3, the storage space is 21.65MB; (c)(f) are under the settings of
ImageNet-1K IPC 50, the number of teachers is 3, the storage space is 43.66MB.

Results are shown in Table [2] For the first part, our method improves the per-
formance of baseline methods to a similar high performance in all settings while
greatly reducing resource use. For example, on ImageNet-1K TPC 50, our method
improves the three baselines to 58.4%, 60.3%, and 58.5% with significant reduced
extra memory. In the second part, our method achieves state-of-the-art perfor-
mance with minimal extra storage and greatly accelerates soft label generation.
For example, on Places365-Standard IPC 1, it needs just 0.03% of the original
extra space and speeds up soft label generation by 843.81x.

4.3 Results on Cross-Architecture Generalization

To further demonstrate the generalization ability of our proposed method Flash-
DD, we evaluate our method on various architectures, including ShuffleNet-V2,
MobileNet-V2, EfficientNet-B0, Swin-V2-Tiny, RegNet-Y-400MF, and AlexNet.
Experiments on Places365-Standard and ImageNet-1K with IPC 10 are sum-
marized in Table [3] Here, we adopt RDED as the base method and apply our
proposed method to it. RDED adopts single ResNet-18 for label generation parts,
and our proposed method adopts single ResNet-18 with parameter reduction for
label generation. Our method can improve generalization of baseline method
across all architectures. Notably, on transformer-based models like Swin-V2-
Tiny, it improves baseline method by 6.3% and 9.7%.
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Fig.7: (a) The relationships between the downstream accuracy and the number of
ensemble teachers under the setting of ImageNet-1K with IPC 10. The total storage
budget is 21.65MB. (b) The results on the continual learning tasks. We conduct the
experiments under the settings of Places365-Standard with IPC 10.

Table 4: The optimal capacity for single teacher model and final downstream perfor-
mance with different pruning strategies. Here, we apply our proposed method on the
base method RDED under the settings of ImageNet-1K with IPC 1, 10, and 50.

Stratesies IPC 1 IPC 10 IPC 50
g Accuracy Extra Memory Accuracy Extra Memory Accuracy Extra Memory
l2-norm 19.6 £ 0.1 0.8MB 474 +£ 0.1 7.2MB 59.1 £ 0.1 10.7MB
Taylor 19.7 £ 0.2 0.8MB 473 £ 0.2 7.2MB 59.2 £ 0.1 10.7MB
l1-norm (default) 20.0 + 0.1 0.8MB 475 £ 0.2 7.2MB 58.5 £ 0.1 10.7MB

4.4 Results on Ensemble Soft Label Generation

For ensemble soft label generation, we conduct experiments on ImageNet-1K
with limited storage: 21.65MB (48.43% of the original) using IPC 10 with 2 and
3 teachers, and 43.66MB (97.67%) using IPC 50 with 3 teachers. We evaluate
different ensemble divisions to identify optimal space utilization and examine
relationships between teachers, such as parameter count differences. Results are
shown in Fig @ As shown in Fig. @ our method achieves 48.6% with 2 teach-
ers and 48.8% with 3 teachers using 21.65MB storage on ImageNet-1K IPC 10,
surpassing the best single teacher (47.5%) by 1.1% and 1.3%, and outperform-
ing the single teacher with 21.65MB (45.0%) by 3.6% and 3.8%. With IPC 50,
43.66MB, and 3 teachers, our method reaches 59.1%, exceeding the best single
teacher (58.5%) and the single model with 43.66MB (47.0%). The results also
reveal that downstream performance trends the self-performance of the ensem-
bled teachers show a certain level of consistency; divisions with excessively low
self-performance should be avoided. Notably, the sum of parameter differences
among teachers negatively correlates with downstream performance. For optimal
results, teacher models should have similar sizes.

4.5 Ablation Studies

Impact of Parameter Reduction Strategy To evaluate whether our frame-
work is sensitive to the choice of pruning strategy, we conduct ablation experi-
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ments using different pruning criteria. Specifically, we adopt structured pruning
with /2-norm, and Taylor as alternative capacity reduction methods, and apply
our proposed method on the base method RDED. Experiments are performed
on ImageNet-1K with IPC 1, 10, and 50, and the results are summarized in Ta-
ble[d Across the different pruning criteria, the framework consistently identifies
teacher models with similar capacities, and the resulting downstream classifi-
cation accuracies exhibit only marginal variations. This consistency suggests
that both the capacity selection behavior and the overall performance trends
remain stable across pruning methods. Therefore, the effectiveness of the pro-
posed framework is not strongly dependent on the specific pruning criterion,
demonstrating its robustness with respect to the choice of pruning strategy.

Impact of the Number of Teachers for Ensemble Soft Label Genera-
tion To study the effect of teacher quantity under a fixed storage constraint, we
conduct experiments with a total budget of 21.65 MB while varying the number
of pruned teachers. Results are shown in Fig. a). From the result, we observe
a clear rise, then fall trend. Increasing the number of pruned teachers initially
improves accuracy, but further increasing the number eventually leads to per-
formance degradation. This occurs because using too many teachers under a
fixed budget forces each individual pruned teacher to operate with a very small
portion of the available capacity, which significantly reduces its effectiveness and
lowers the overall ensemble performance. In contrast, when the capacities of the
pruned teachers are kept comparable and remain close to the capacity of the
optimal single teacher, the ensemble is able to make full use of the available
storage and achieves the best downstream performance. This observation aligns
with the guideline we present in Eq.

4.6 Results on Continual Learning

Continual learning is an essential application of DD. To demonstrate the effec-
tiveness of our proposed method, we conduct experiments applying our method
to the continual learning tasks under the setting of Places365-Standard with IPC
10. Here, we follow the previous work [33,[37], adopting the continual learning
framework GDumb [20]. The results are shown in Table [7b). From the results,
our proposed methods significantly surpass the previous state-of-the-art method.
For each step, our methods show higher performance.

5 Conclusion

In this paper, we conduct a comprehensive exploration of parameter-efficient
soft label generation techniques for dataset distillation to amplify the benefits
of limited model parameters for label generation. To be specific, we propose
a DD-oriented model parameter reduction method to automatically adapt the
model capacity to the purpose of the downstream tasks. Further, we propose
guidelines for ensemble soft label generation method to optimize the efficiency of
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the utilization for the additional parameter space. Experiments demonstrate the
efficacy of our method, which achieves comparable state-of-the-art performance
with only 0.03% of the original extra storage space while accelerating 843.81 x
of the label generation process. Also, with 1.8% storage budget, our method
surpasses the previous state-of-the-art methods up to 13.4%.
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