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Dataset condensation has emerged as a strategy to compress real-world datasets
for efficient training. However, it struggles with large-scale and high-
resolution datasets, limiting its practicality. This paper introduces a novel
resolution-independent dataset distillationmethod FocusedDatasetCondensation
(FocusDC), which achieves diversity and realism in distilled data by identifying
key information patches, thereby ensuring the generalization capability of the dis-
tilled dataset across different network architectures. Specifically, FocusDC lever-
ages a pre-trained Vision Transformer (ViT) to extract key image patches, which
are then synthesized into a single distilled image. These distilled images, which
capture multiple targets, are suitable not only for classification tasks but also for
dense tasks such as object detection. To further improve the generalization of the
distilled dataset, each synthesized image is augmented with a downsampled view
of the original image. Experimental results on the ImageNet-1K dataset demon-
strate that, with 100 images per class (IPC), ResNet50 and MobileNet-v2 achieve
validation accuracies of 71.0% and 62.6%, respectively, outperforming state-of-the-
art methods by 2.8% and 4.7%. Notably, FocusDC is the first method to use distilled
datasets for object detection tasks. On the COCO2017 dataset, with an IPC of 50,
YOLOv11n and YOLOv11s achieve 24.4% and 32.1%mAP, respectively, further val-
idating the effectiveness of our approach.

1. Introduction
Contemporary deep learning has achieved remarkable success largely due to the exponential
growth in model sizes [1–4] and data scales [5–7]. This growth has led to the development of
advanced neural networks that achieve groundbreaking performance in tasks like image classifica-
tion [3], object detection [8], and natural language processing [9]. However, this progress is not
without its challenges. The rapid expansion of model complexities and data volumes has led to sig-
nificantly increased computational costs and time expenses, in particular when training large neural
networks on high-resolution and large-scale datasets [10–12]. These challenges significantly hinder
the deployment of deep learning models, especially in resource-limited environments [13].
Dataset condensation/distillation [14] has emerged as a promising strategy to address these chal-
lenges. The core idea is to compress large, real-world datasets into smaller, more manageable repre-
sentations that retain essential information while reducing the computational burden of ingesting
them. Various methods have been proposed, including coreset selection-based distillation [15–19],
which select representative samples from the original dataset; bi-level optimization-based distil-
lation [20–24], which treats dataset distillation as a meta-learning problem involving two nested
optimization loops—where the outer loop optimizes the meta-dataset and the inner loop trains a
model with the distilled data; and distillation with prior regularization [25–27], which leverages
prior knowledge at the feature level to guide the generation of the condensed dataset.
Although traditional solutions have made significant progress in handling small-scale and low-
resolution datasets (such as Tiny-ImageNet [28], downscaled ImageNet [29], or subsets of Ima-
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geNet [30]), their high computational cost limits their practical application when scaled to high-
resolution and large-scale datasets. To address this issue, SRe2L [31] proposed a decoupled ap-
proach for model updates and datasets, which was the first to extend dataset distillation tech-
niques to the scale of ImageNet. Subsequently, several methods [32–35] have been proposed to
improve the efficiency of SRe2L and significantly enhance accuracy. For example, SCDD [32]
replaces the batch-level statistics used in SRe2L with statistics calculated over the entire distil-
lation dataset. RDED [33] randomly crops a region from the original high-resolution image,
selects multiple images with the highest authenticity scores, and merges them into a distilled
image. While these methods effectively synthesize high-resolution images, they rely on spe-
cific network architectures during the distillation process, limiting the generalization ability of
the distilled dataset. Furthermore, the datasets distilled by these methods typically only apply
to classification tasks and cannot be directly applied to dense tasks, such as object detection.
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Figure 1: FocusDC performance on classi-
fication and detection tasks.

In this paper, we propose a novel dataset distilla-
tion method called Focused Dataset Condensation
(FocusDC), which aims to improve the efficiency and
realism of dataset distillation by focusing on key in-
formation patches within the data. FocusDC consists
of two stages: (i) information extraction and (ii) im-
age reconstruction. In the information extraction stage,
we leverage a pre-trained Vision Transformer (ViT) [3]
to guide the selection of key image patches. By using
ViT, we can accurately extract key image patches corre-
sponding to foreground objects, thereby enhancing the
realism of the distilled dataset and ensuring the rele-
vance of the extracted information. Since these distilled

images contain target regions, they are well-suited for downstream dense tasks such as object detec-
tion. As shown in Fig. 1, FocusDC demonstrates superior performance at different IPC levels on the
COCO validation dataset when using the YOLOv11 model. This is the first work to extend dataset
distillation methods to object detection tasks.

Table 1: Generalization performance of ResNet-18 with
IPC=10.

Model Method Flower102 Food101 CIFAR100

ResNet18
Random 22.4% 57.8% 54.5%
RDED 67.8% 74.2% 69.3%

FocusDC 71.1% 77.6% 71.3%

In the reconstruction stage, we combine
downsampled versions of representa-
tive real images with the extracted key
image patches to generate distilled im-
ages. This process not only preserves
the diversity of the dataset but also
ensures its realism, providing high-
quality training data that enhances the generalization ability of the model. Table 1 highlights the
advantages of FocusDC in improving model generalization performance. Finally, an optional dy-
namic fine-tuning on a small subset of the original dataset can further boost performance and is
investigated in Appendix 6.2.1.
Our contributions can be summarized as follows:
(1) We are the first to integrate ViTs into the image distillation process. By selectively emphasizing
critical regions and foreground objects, ViT ensures that the distilled dataset retains crucial contents
of the data distribution for model training.
(2) Ourmethod not only preserves the realism and diversity of the images but also enables effective
application to downstream dense tasks, such as object detection. By leveraging Attention-guided
distillation, we can clearly identify the image regions most critical for model learning. To the best
of our knowledge, we are the first work to extend dataset distillation to object detection tasks.
(3) We provide a rigorous evaluation of our approach including multiple ablation studies and
show improved model generalization capabilities across different network architectures. Com-
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pared to SOTA methods on classification tasks, FocusDC improves the accuracy of ResNet50 and
MobileNetV2 at IPC level 50 by 2.8% and 4.7%, respectively. On object detection tasks, FocusDC
achieves 24.4%mAPwith YOLOv11n, and 32.1%mAPwith YOLOv11s at an IPC of 50 on the COCO
validation set.

2. Related Work
Data condensation [14] aims to reduce the computational costs of training deep learning models by
condensing large datasets into smaller, information-rich subsets. Most previous dataset distillation
methods [14, 21, 23, 36–41] focus on small-scale and low-resolution datasets [28–30] and can be
classified into several categories: Bi-level optimization methods treat dataset distillation as a meta-
learning problem, where an outer loop optimizes the synthetic dataset while an inner loop focuses
on model training using distilled data, methods include FRePo [36], DD [14], RFAD [37], KIP [37],
and LinBa [42]. Trajectory-matching methods align model training trajectories on the original and
distilled datasets over multiple iterations, methods includeMTT [38], TESLA [27], and DATM [23].
Distribution-matching methods match the distribution of the distilled dataset with that of the origi-
nal in a single optimization step, with examples like KFS [40], DM [21], CAFE [39], HaBa [43], and
IT-GAN [44]. Gradient-matching methods align gradients of the network trained on original and
synthesized data, with examples including DSA [45], IDC [30], DC [41], and DCC [40].
Building on these foundations, recent approaches have extended dataset distillation to large-scale,
high-resolution datasets. For example, SRe2L [31] decouples model updates and dataset synthesis
through “squeeze", “restore", and “relabel" stages, pioneering the expansion of dataset distillation to
ImageNet-scale resolutions. SCDD [32] further improves on SRe2L by replacing batch-level statis-
tics with global dataset statistics, achieving notable performance gains. D3S [35] reframes dataset
distillation as a domain shift problem, introducing a scalable algorithm, while RDED [33] generates
distilled images by randomly cropping and selecting high-realism image regions. Moreover, some
dataset distillation methods [46, 47] leverage diffusion models for distillation.
Although previous methods excel with high-resolution images, they compress the original dataset
into a specific architecture [31–33], limiting the generalization of the distilled dataset. In contrast,
FocusDC synthesizes datasets using the well-established Attention mechanism, which improves
generalization, as shown in Table 1 and Table 4 across different ViT models. Furthermore, by syn-
thesizing images focused on target locations, FocusDC extends its use to dense tasks like object
detection, marking the first application of dataset distillation in this domain.

3. METHOD
3.1. Preliminaries
Dataset condensation. Dataset condensation [14] aims to compress information from a large-scale
original dataset to a new compact datasetwhile striving to preserve the utmost degree of the original
data informational essence. The resulting compressed dataset denoted as S, should enable a model
trained on it to perform comparably to amodel trained on the original, full dataset T . Considering a
large labeled dataset S = {(x1, y1), . . . , (x|S|, y|S|)}, where |S| denotes the total number of samples,
and each xi is an image with its corresponding label yi. The aim is to create a condensed dataset
T = {(x̃1, ỹ1), . . . , (x̃|T |, ỹ|T |)} that retains the key features of S, with |T | ≪ |S|, ensuring that this
reduction in size does not compromise the dataset integrity. The learning objective is to minimize
the performance disparity between the model trained on T and the one trained on S, as expressed
by the following constraint:

sup
{∣∣ℓ(ϕθS (x), y)− ℓ(ϕθT (x), y)

∣∣}
(x,y)∼S ≤ ϵ, (1)

where ϵ represents the allowable performance disparity between models trained on T versus those
trained on S. Here, θS parameterizes the neural network ϕ, optimized on S as follows:

θS = argmin
θ

E(x,y)∈S [ℓ(ϕθ(x), y)]. (2)
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Figure 2: Overview of the FocusDC framework.
In this formulation, ℓ is the loss function, and θT is defined in a similar manner for the condensed
dataset. This framework ensures that T maintains the essential characteristics of S, allowing effec-
tive training on a smaller scale.
Vision Transformer. Vision Transformer (ViT) [3] adapts the Transformer architecture [9], origi-
nally developed for natural language processing, to the domain of image analysis. They treat image
patches as sequential inputs, allowing the model to capture global dependencies across the image.
Each image is segmented into patches, which are embedded and supplemented with positional en-
codings to maintain spatial information, denoted as: x = [xcls;E(p1);E(p2); . . . ;E(pK)] + Epos,
where E is the embedding function, pi are the patches, xcls is the class token, and Epos represents
the positional encodings. The self-attention mechanism then calculates attention scores to deter-
mine the relevance of each patch relative to others:

A(Q,K) = Softmax(QKT

√
d

) = [A1;A2; . . . ;AK ],

Attention(Q,K,V) = A(Q,K)V,

(3)

whereQ,K, andV are the query, key, and value matrices from x, d is the embedding dimension of
K, andK is the number of patches. The average attention score s for an image reflects the outcome
of a single-head self-attention mechanism. In multi-head self-attention, scores from all attention
heads are averaged to yield the final image attention score. The class token xcls is processed by a
classifier F to derive the category prediction distribution pc:

s =
1

K

K∑
k=1

Ak = [s1, s2, . . . , sK ],pc = F(xcls) = [pc1, p
c
2, . . . , p

c
C ], (4)

where C indicates the number of categories.

3.2. Focused Dataset Distillation with Attention
This section introduces FocusDC, a dataset distillation method that reconstructs compiled images
by focusing on the target and representative background information of real images. Fig. 2 provides
an overview. Further details are provided below.
Attention-guided Information Extraction: We utilize an attention mechanism to identify and ex-
tract regions with the highest attention scores from multiple images, thereby compiling images
with enhanced detail. These regions are then combined to form a detailed composite image set,
as illustrated in Fig. 2. The process initiates by performing the following steps on each image
xi ∈ RH×W×Ch within each category-specific subset Sc of the dataset S: each xi is downsam-
pled to x′

i and segmented into non-overlapping patches of size P × P . This downsampling pro-
duces K = H

P × W
P patches per image, which are subsequently reorganized into the structured

form RH
P ×W

P ×P 2Ch, with each row and column representing a token. These tokens are embedded
and fed into a pre-trained ViT model ϕV iT

θS
, yielding predictive distributions pc

i and attention scores
si ∈ RK . Likewise, we reorganize each attention score si into the format H

P × W
P . To determine the

size of the highest attention score region for each image x′
i, we introduce an adjustable hyperpa-

rameter α, which specifies the number of patches ⌊αH
P × αW

P ⌋. We then introduce a realism score
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Figure 3: The FocusDC process of selecting key image patches.
sreali to identify the key patch for each image. Specifically, our realism score combines the prediction
distribution pc

i of each image with the highest attention region score sareai , defined as follows:
sreali = max(softmax(pc

i )) + ηsareai , (5)
where η is a balancing factor. Intuitively, sreali indicates the need to select a representative imagewith
a focus on the target regionwithin it. This implies that our selection process should prioritize images
that represent the overall scene accurately and emphasize the specific area of interest, ensuring that
the target region is well-captured and highlighted in the chosen image.
After calculating the realism score sreali , we associate each score with its corresponding image Sc

and sort the scores in descending order. Based on these scores, we select the top-M images from
the sorted Sc and extract the regions with the highest attention scores. The center indices of these
high attention regions are determined using the following formula:

(i, j) = argmax
i,j

∑
p,q

si+p−⌊h
2 ⌋,j+q−⌊w

2 ⌋, (6)

where h = ⌊αH
P ⌋, w = ⌊αW

P ⌋, p ∈ {0, 1, . . . , h−1}, and q ∈ {0, 1, . . . , w−1}. Utilizing the positional
mapping function ρ, we translate these indices to the dimensions of the original image xi, marking
the key information region x⋆

i in the high-resolution image as:

x⋆
i = area(ρ((i− ⌊α H

2P
⌋, j + ⌊αW

2P
⌋),

(i+ ⌊α H

2P
⌋, j − ⌊αW

2P
⌋))).

(7)

Finally, we compile the identified key patches into a set T̃c = {x⋆
i }Mi=1, where each samplex⋆

i is a crop
of the high-resolution image containing fine details, thereby preserving maximum informational
content for use in the compiled composites. To further enhance the diversity of the synthesized
images, we randomly select N low-resolution sampled images from Sc that were not chosen as key
information patches. These images are weighted based on their prediction confidence scores and
added to T ′

c = {x′
i}Ni=1 as a background information set. Fig. 3 illustrates the process of selecting

the set of key patches.
Information Reconstruction: The size of key patches is typically smaller than the target distilled
images. Directly using these key patches as distilled images can result in sparse information distri-
bution in the pixel space, thereby reducing the effectiveness of the learning model [31, 48, 49]. As
shown in Table 8, using distilled image sets composed solely of key patches leads to a decreased
model performance. Therefore, we combine the set of images containing key information patches
T̃c with the set of low-resolution images T ′

c to supplement the class category c information with
the typical context in which they appear. Specifically, we randomly select m patches from T̃c and
n low-resolution images from T ′

c each time. The selected images are then concatenated to compile
the final composite image x̃j :

x̃j = concat(({x⋆
j}mj=1 ⊂ T̃c), ({x′

j}nj=1 ⊂ T ′
c )). (8)

By default, we set the combined total of patches and images tom+ n = 4 (see Fig. 4), wherem = 3

represents the selection of three patches from the key information patch collection T̃c, and n = 1
corresponds to selecting one low-resolution image from the background information collection T ′

c

(see Table 8). Following the RDED [33] and SRe2L [31], we apply a soft label approach [49] to the
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Table 2: Comparison with SOTA baseline dataset distillation methods on the ImageNet-1K dataset.

Method IPC
1 10 50 100 1 10 50 100

ResNet-18 (69.8 ±0.1) ResNet-50 (76.2±0.1)
SRe2L [31] 0.1±0.1 21.3±0.6 46.8±0.2 52.8±0.3 0.3±0.1 28.4±0.1 55.6±0.3 61.0±0.4
SCDD [32] - 32.1±0.2 53.1±0.1 57.9±0.1 - 38.9±0.1 60.9±0.2 65.8±0.1
GVBSM [50] - 31.4±0.5 51.8±0.4 55.7±0.4 - 35.4±0.8 58.7±0.3 62.2±0.3
RDED [33] 6.6±0.2 42.0±0.1 56.5±0.1 60.8±0.4 5.7±0.1 42.3±0.3 64.8±0.6 68.2±0.2
D3S [35] - 39.1±0.3 60.2±0.1 63.0±0.2 - 41.9±0.7 65.8±0.1 68.2±0.1

FocusDC (Ours) 8.8±0.2 45.3±0.1 61.7±0.1 62.0±0.2 6.8±0.1 46.3±0.2 69.1±0.3 71.0±0.1
MobileNet-V2 (71.8±0.1) EfficientNet-B0 (76.3±0.1)

SRe2L [31] 0.3±0.1 10.2±2.6 31.8±0.3 42.8±0.6 0.4±0.2 11.4±2.5 34.8±0.4 49.6±0.5
RDED [33] 4.9±0.6 33.8±0.6 54.2±0.2 57.9±0.6 3.4±0.2 33.3±0.9 57.7±0.1 63.7±0.3

FocusDC (Ours) 5.1±0.1 34.6±0.1 58.7±0.3 62.6±0.1 4.8±0.2 40.1±0.2 60.7±0.1 66.6±0.3

compiled images. This method generates region-level soft labels ỹkj = ℓ(ϕθT (x̃
k
j )), where x̃k

j is the
k-th region in the distilled image, and ỹkj is its corresponding soft label.
By iterating over each category c in S, performing the information extraction and image reconstruc-
tion processes, and adding the generated images and labels {x̃j , yj} to the distilled dataset T , we
ultimately obtain the complete distilled dataset T .

3.3. Model Training on Distilled Datasets
After assembling the distillation dataset T ′, we initiate training of a student model ϕθstu

from ran-
dom initialization using this dataset, in line with strategies proposed by Yin et al. [31] and Sun et al.
[33]. For classification tasks, the training employs a cross-entropy loss function defined as:

L = −
∑
j

∑
k

ỹkj log ϕθstu(x̃
k
j ). (9)

Table 3: Accuracy comparison (%) of SOTAbaseline dataset
distillation methods using ResNet101 (77.4±0.2) on Ima-
geNet.

Method IPC
1 10 50 100

SRe2L [31] 0.6±0.1 30.9±0.1 60.8±0.5 62.8±0.2
SCDD [32] - 39.6±0.4 61.0±0.3 65.6±0.2
GVBSM [50] - 38.2±0.4 61.0±0.4 63.7±0.2
RDED [33] 5.9±0.4 42.1±1.0 61.2±0.4 69.5±0.5
D3S [35] - 42.1±3.8 65.3±0.5 68.9±0.1

FocusDC (Ours) 8.5±0.2 43.1±0.2 69.9±0.2 72.9±0.1

To optimize training efficiency for the
detection task, we input the distilled
images into YOLOv11x [51] to com-
pute the classification and bounding
box losses and supervise model up-
dates using Kullback–Leibler diver-
gence loss. To accelerate training,
we employ YOLOv11x to generate
GT boxes for synthesized images and
train the model using the standard
YOLOv11 protocol.
In Appendix 6.2.1, we outline how a
model, initially trained on a distilled
dataset, undergoes Dynamic Fine-Tuning (DFT) on the data obtained by dynamically sampling the
original dataset. This method leads to further performance enhancements across all architectures.

4. EXPERIMENT

4.1. Experiment Setting
Datasets and Implementation Details. We conducted rigorous and extensive validation of Fo-
cusDC on the large-scale ImageNet-1K dataset [5] to comprehensively evaluate its performance.
The ImageNet-1K dataset consists of approximately 1.2 million training images with a resolution of

6



224×224 pixels, spanning 1000 categories. For key patch extraction, we utilized the Deit-S model
[11], pre-trained by Hu et al. [52]. We maintain a constant side ratio α of 0.8 and η of 30. We set the
value ofN equal to IPC andM equal to 3×IPC, effectively limiting the size of the distillation dataset
to the total number of pixels in the IPC image. We train targetmodels including ResNet-{18, 50, 101}
[1], MobileNet-v2 [53], and EfficientNet-b0 [54] to validate the distilled datasets. All models are
trained on the distilled dataset for 300 epochs with 224×224 image resolution. Our experiments
were conducted using an NVIDIA 4090 GPU. Additional experimental details and Tiny-ImageNet
[28] results are provided in Appendix 6.1 and 6.2.1 Table 13 , respectively.

Table 4: Impact of different ViT models on FocusDC ac-
curacy.

Distillation
Architecture

IPC
1 10 50 100

Deit-S 8.8±0.2 45.3±0.1 61.7±0.1 62.0±0.2
LV-ViT-S 9.4±0.3 45.8±0.2 62.3±0.2 62.8±0.1

Evaluation and Baselines. We com-
pare our approach with several SOTA
methods for distilling large-scale,
high-resolution datasets, including
SRe2L [31], SCDD [32], GVBSM [50],
D3S [35] and RDED [33]. In our eval-
uation process, we generate a unique
distillation dataset for each IPC level (1,
10, 50, 100) for FocusDC and reuse it across multiple network architectures.

4.2. Overall Performance

Table 5: Comparison of different Coreset selection-based dataset
distillation baselines. All methods use ResNet-18 as the validation
model and IPC=10.

Dataset Random Herding K-Means FocusDC (Ours)
Tiny-ImageNet 7.5±0.1 9.0±0.3 8.9±0.2 51.5±0.1
ImageNet-1K 4.4±0.1 5.8±0.1 5.5±0.1 45.3±0.1

ImageNet-1K Classification.
Tables 2 and 3 present the
experimental results of Fo-
cusDC on the ImageNet-1K
dataset, showing its sig-
nificant advantages across
various architectures (e.g.,
ResNet-18, ResNet-50,
ResNet-101, MobileNet-V2, EfficientNet-B0) and IPC settings. FocusDC consistently outperforms
other methods, especially for low IPCs (1, 10, and 50), achieving higher accuracy, which is crucial
for scenarios with limited samples or resource constraints. For instance, on ResNet-18, FocusDC
achieves accuracies of 8.8% and 45.3% at IPCs of 1 and 10, respectively, significantly surpassing
RDED and D3S. Even for higher IPCs (e.g., IPC = 100), FocusDC maintains strong performance,
often achieving or nearing the best results on ResNet-50 and EfficientNet-B0. This demonstrates
FocusDC’s ability to excel under minimal and small-sample data conditions, adapting effectively
across different models and IPC configurations.

Table 6: Comparison of classification accuracy (%) when
training with diffusion-based network generated datasets
and FocusDC. ResNet-18 was used as a validation model.

IPC DiT [55] MinmaxDiffusion [46] FocusDC (Ours)
10 39.6±0.4 44.3±0.5 45.3±0.1
50 52.9±0.6 58.6±0.3 61.7±0.1

Additionally, we compare our method
with diffusion-based image generation
models [46, 55] in Table 6. Table 5 com-
pares FocusDC with Coreset-based se-
lection methods [56, 57] on ImageNet-
1K, showing consistent superiority of
FocusDC. Table 13 in Appendix 6.2.1
shows FocusDC’s strong performance
on Tiny-ImageNet, even at low IPCs, aligning with results on ImageNet-1K.
COCOObject Detection: In the object detection task, we follow the official YOLOv11 [51] settings
and use YOLOv11x as the teacher to soft-supervise YOLOv11n and YOLOv11s trained from scratch
for 100 epochs. Fig. 1 reports the mAP of FocusDC-distilled datasets on the COCO validation set
under different IPC settings. As IPC increases, performance consistently improves—for instance,
YOLOv11s reaches 32.1% mAP at IPC 50. FocusDC is effective for detection because its distilled
images contain multiple target-rich patches, each providing diverse object cues for the detector.
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4.3. Performance Analysis

Cross-Architecture Generalization: Table 4 evaluates the impact of different ViT models on Fo-
cusDC’s performance on ImageNet-1K, using ResNet-18 for validation. The results demonstrate
that our method maintains consistent performance across ViT architectures, corroborating the idea
that the attention-based key patch selection in FocusDC is similarly effective for also different trans-
former architectures. Table 1 presents results from fine-tuning pre-trained models for 10 epochs on
CIFAR-100 [58], Flowers-102 [59], and Food-101 [60], with datasets distilled using different meth-
ods. Our method improves generalization and downstream performance.
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epoch and resolution.

Training Epoch and Adaptive Resolution Synthe-
sis: There is a lack of a unified benchmark for com-
paring methods, such as the number of training
steps or used image resolution. This makes it hard
to compare all SOTA baselines in the form they were
initially presented to the community; e.g., those
in [46] and [30], conducted across 1000 epochs.
Nonetheless, we show the impact of training time on
FocusDC and RDED in Fig. 7 (left). Accuracy im-
proves with more training epochs, consistent with
the findings of D3S [35]. Fig. 7 (right) shows the
FocusDC synthesis accuracy at different resolutions,
with accuracy improving as resolution increases,

demonstrating the effectiveness of adaptive resolution control in image synthesis. Notably, during
training, all images are resized to a fixed resolution of 224 × 224.
Comparison of Learning Efficiency: Fig. 6 highlights the effectiveness of our approach, with Fo-
cusDC outperforming RDED in learning efficiency. Higher Hessian matrix [61] trace values show
that FocusDC adapts faster to newdata and captures fundamental featuresmore effectively, enhanc-
ing generalization.
Downstream Task: Continuous Learning Fig. 5 shows FocusDC’s continual learning performance
on TinyImageNet using ResNet18 with 5-step validation. FocusDC consistently outperforms the
random baseline and matches or slightly exceeds SRe2L [31] as classes increase from 40 to 200,
showcasing its ability to maintain high accuracy and adapt robustly to new classes.

4.4. Ablation study

Effectiveness of EachTechnique in FocusDC.To validate the effectiveness of all componentswithin
our FocusDC, we conduct ablation studies for each of them. Table 10 illustrates that all techniques
employed in FocusDC are essential for achieving a remarkable final performance. We observed that
label reconstruction at the patch level significantly improves accuracy, consistent with the findings
of previous methods [31–33].

8



Table 7: Comparing key patch selection strategies using various metrics, including Herding [56],
K-Means [57], and Realism [33], which are current SOTA methods.

Method Random Herding K-Means Realism Min-AS R-AS Max-AS
Accuracy (%) 37.9±0.5 38.4±0.1 38.2±0.1 42.0±0.1 41.6±0.3 42.6±0.8 45.3±0.1

Table 8: Effect of the number of patches in each compiled image. The m key patches and n low-
resolution images.

Patches m = 4, n = 0 m = 3, n = 1 m = 2, n = 2 m = 1, n = 3 m = 0, n = 4

Accuracy 32.6±0.3 34.6±0.1 34.2±0.2 33.2±0.2 31.8±0.5

Table 9: Impact of η on FocusDC performance.

η 0 10 30 40 100
Accuracy 32.4±0.2 33.1±0.2 34.6±0.1 34.2±0.2 32.8±0.3

Effectiveness of Selecting
Key Patches Through Realism
Score: Table 7 demonstrates the
effectiveness of different key
patch selection strategies using
realism scores. Our method, which utilizes the maximum attention score (Max-AS) as a score
metric, surpasses all compared methods. Specifically, Max-AS achieves a 3.3% accuracy improve-
ment over current SOTA methods: Herding [56], K-Means [57] and Realism [33]. Compared to
its variants, the minimum attention score (Min-AS) and random attention score (R-AS), Max-AS
achieves the highest accuracy by focusing on target regions while selecting the key patches and
representative low-resolution images.
Impact of the number of patches on performance. Fig. 4 shows the effect of the
number of patches in synthetic images. Performance decreases as the patch count in-
creases because each patch becomes lower-resolution, making targets harder to local-
ize. However, using only one patch yields limited diversity and also harms perfor-
mance. Balancing resolution and diversity, we set the default patch number to 4.

Table 10: Effectiveness of different technologies in our method.
ResNet-18 is used as the validation model with an IPC of 10.

FocusDC +CF +ABI +EKP +IR +LR
Accuracy (%) 18.4±0.3 23.6±0.1 28.2±0.2 30.9±0.1 45.3±0.1

Impact of the Number of
Key Patches in Compiled
Images: By adjusting the
number of key patches m
and low-resolution images
n, each compiled image
contains m key patches and n low-resolution views. We adopt the configuration that yields the
best accuracy—three key patches combined with one low-resolution image providing global con-
text—as our default setting.
Effect of Hyperparameters η and α: Table 9 presents the impact of the balancing factor η on Fo-
cusDC’s performance, with η = 30 chosen as the default value. As shown in Fig. 7 (right), α con-
trols the resolution of image patches, which are synthesized into multi-resolution distilled images.
Setting α = 0.8 achieves the best trade-off between accuracy and computational efficiency.

5. CONCLUSION
In this paper, we introduce FocusDC, a novel method leveraging attention mechanisms for efficient
data distillation on large-scale, high-resolution datasets. FocusDC extracts key patches from target
regions while preserving critical information and realism, then integrates themwith low-resolution
contextual backgrounds to create distilled training images. This approach enhances dataset di-
versity and model generalization. Moreover, FocusDC is resolution-invariant, ensuring flexibility
across different image scales. Extensive experiments and ablation studies validate its effectiveness
in classification and object detection, providing insights into deep learning for large-scale data and
complex models.
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6. Appendix

6.1. IMPLEMENTATION DETAILS
6.1.1. Pre-training ViT Models

For the ImageNet-1K dataset, we directly use the model pre-trained by LF-ViT [52], which is based
on the implementations of Deit-S [52] and LV-ViT-S [12]. This model performs inference at both
the standard resolution of 224 × 224 and a higher resolution of 288 × 288, efficiently extracting
crucial information patches for dataset distillation. To further reduce inference time, we disable the
Focus stage in the LF-ViT implementation. More details and features of LF-ViT can be found on
the official website. For the lower resolution and smaller scale Tiny-ImageNet dataset, we train a
modified version of the Deit-S-based LF-ViT [52] from scratch to extract key information patches.
Specifically, we reduce themodel’s depth to 4 layers, set the patch size to 4× 4, adjust the embedding
dimension to 192, and reduce the number of heads to 3. This modifiedmodel is trained from scratch
using the same hyperparameters as those used for ImageNet-1K. The source code of all experiments
is available at: https://github.com/edgeai1/FocusDC

6.1.2. FocusDC Implementation Details

We maintain a fixed side ratio α = 0.8 and a balancing factor η = 30 for both the ImageNet-1K and
Tiny-ImageNet datasets. To compile each image x̃j in the distilled dataset T , we set N and M to
IPC and 3×IPC, respectively. The compile process involves concatenating three key patches from
the key information collection T̃c and one low-resolution background image from T ′

c , resulting in the
compiled image as described by Eq. 8. For instance, at an IPC of 100, we select 300 key information
patches and 100 downsampled low-resolution images with background information, ensuring the
synthesis of a diverse and representative image. This approach adapts to different IPC values to
accurately reflect the dataset’s variability. Alignedwith techniques fromSRe2L [31] andRDED [33],
we employ Fast Knowledge Distillation [49] to relabel distilled images. Each distilled image x̃j is
randomly cropped into several patches, with their coordinates recordedwithin x̃j . Soft labels ỹkj are
generated and stored for each k-th patch. These labels are aggregated to construct a comprehensive
label ỹj for each image, facilitating nuanced and accurate labeling reflective of the diverse visual
features captured in the compiled images.

Table 11: Training hyper-parameters for Tiny-ImageNet and ImageNet-1K.
Config Tiny-ImageNet ImageNet-1K

Optimizer SGD AdamW
Base learning rate 0.2 0.001
Weight decay 1e-4 0.01

Optimizer momentum 0.9 β1, β2 = 0.9, 0.999
Batch size 256 128

Learning rate schedule Cosine decay Cosine decay
Training epoch 800 300
Augmentation RandomResizedCrop RandomResizedCrop

Training on Distilled Dataset: We use a model with the same architecture as the validation model,
pre-trained on the corresponding original and full datasets, to generate soft labels for the synthe-
sized images. For Tiny-ImageNet, our teacher model is pre-trained on the complete Tiny-ImageNet
dataset, following the hyperparameters in [31]. When training the validation model on the dis-
tilled Tiny-ImageNet dataset, we use the hyperparameters shown in Table 11. For ImageNet-1K, all
teacher models use pre-trained models from the torchvision library. When training the validation
model on the distilled ImageNet-1K dataset, we follow the parameters in Table 11. Both datasets
are augmented by CutMix with a mix probability p = 1.0 and a beta distribution β = 1.0.
For the object detection task, we selected samples from the ImageNet-1K dataset corresponding to
the categories in COCO2017 [62] and generated a dataset based on the IPC settings. YOLOv11x
[51] was used as the teacher model to annotate this dataset. Then, YOLOv11s and YOLOv11n
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Table 12: Our FocusDC incorporates dynamic fine-tuning to further improve performance. It is
worth noting that to further highlight the accuracy improvement brought by dynamic fine-tuning,
the accuracy of FocusDC is based on the results after training for 1000 epochs.

Architecture Method IPC
1 10 50 100

ResNet-18 (69.8) FocusDC 10.7±0.2 52.5±0.1 63.1±0.1 68.0±0.2
FocusDC + DFT 14.7±0.1 57.6±0.1 65.8±0.2 69.1±0.1

ResNet-50 (76.2) FocusDC 6.92±0.1 56.5±0.2 70.1±0.3 71.1±0.2
FocusDC + DFT 12.3±0.2 62.9±0.2 72.8±0.2 74.3±0.2

ResNet-101 (77.4) FocusDC 7.3±0.2 53.8±0.2 71.5±0.2 73.5±0.1
FocusDC + DFT 14.7±0.3 58.3±0.2 72.6±0.3 76.4±0.1

MobileNet-V2 (71.8) FocusDC 8.4±0.1 49.5±0.1 61.6±0.3 66.0±0.1
FocusDC + DFT 12.1±0.3 56.0±0.1 66.4±0.1 69.0±0.2

EfficientNet-B0 (76.3) FocusDC 12.7±0.2 50.4±0.2 67.9±0.1 68.5±0.2
FocusDC +DFT 17.6±0.4 59.9±0.2 73.4±0.1 74.5±0.2

were trained from scratch on the annotated dataset, and their performance was evaluated on
the COCO2017 validation set. All training hyperparameters were kept identical to the official
YOLOv11 [51] configuration.
Dynamic Fine-Tuning Parameter Settings: During the Dynamic Fine-Tuning (DFT) process (de-
tailed in Appendix 6.2.1), we randomly select images with the same IPC from the original dataset
in each iteration to form a new dataset for fine-tuning. The hyperparameters for fine-tuning match
those used for training the validation model on the synthesized dataset. We set the learning rate to
0.00025, with 50 epochs and a batch size of 64. The learning rate for MobileNet-v2 during DFT is
set to 0.001.

6.2. FURTHER EXPERIMENTAL RESULTS

6.2.1. Dynamic Fine-Tuning

Following the training of model ϕθstu
on the distilled dataset T , we implement the Dynamic Fine-

Tuning (DFT) process. The DFT process involves fine-tuning the model on subsets of the original
dataset that are dynamically sampled at each epoch. To preserve consistency with the structural
properties of the synthetic dataset, images are randomly selected at an IPC level from each cate-
gory to form new datasets for fine-tuning. This strategy is systematically applied throughout each
epoch, introducing variability and generating a unique dataset for fine-tuning in every cycle. This
approach significantly enhances the diversity of the data without additional training overhead,
thereby boosting the model’s generalization ability across diverse data representations. Further-
more, the DFT methodology not only capitalizes on the attributes of synthetic data but also closely
aligns the model’s performance with real-world data distributions, culminating in notable enhance-
ments in performance.
ImageNet-1K Dataset: Table 12 presents the experimental results of training FocusDC for 1000
epochs and combining it with DFT on the ImageNet-1K dataset. We find that DFT further improves
the performance of FocusDC across all architectures. In particular, when IPC=100, FocusDC+DFT
demonstrates exceptionally small declines in accuracy—0.7%, 1.9%, 1.0%, 2.8%, and 1.8% across the
evaluatedmodels—almost achieving performance equivalent to training with the complete dataset.
Theseminimal accuracy losses highlight the robustness of FocusDCwhen augmented byDFT, effec-
tively leveraging the combined strengths of focused data distillation and iterative fine-tuning. The
success of this approach underscores thatmerging FocusDCwithDFToffers a powerful and efficient
strategy for minimizing accuracy losses in high-scale learning environments, making it particularly
suitable for scenarios where resources are limited but high performance is imperative.

16



Table 13: Comparison with SOTA baseline dataset distillation methods on the Tiny-ImageNet
dataset.

Architecture Method IPC
1 10 50 100

ResNet-18 (59.6)

SRe2L 2.62±0.1 16.1±0.2 41.1±0.4 49.7±0.3
SCDD - 31.6±0.1 45.9±0.2 -
GVBSM - 47.6±0.3 51.0±0.4 -
RDED 9.7±0.4 41.9±0.2 58.2±0.1 59.1±0.1

FocusDC (Ours) 16.5±0.2 49.4±0.1 56.7±0.1 59.2±0.1
FocusDC + DFT (Ours) 21.2±0.1 51.1±0.1 56.9±0.1 59.4±0.1

ResNet-50 (62.8)

SRe2L 2.0±0.4 15.5±0.5 42.2±0.5 51.2±0.4
GVBSM - 48.7±0.2 52.1±0.3 -
RDED 8.1±0.3 45.3±0.2 61.6±0.3 62.6±0.1

FocusDC (Ours) 14.6±0.3 53.4±0.1 59.8±0.2 62.0±0.2
FocusDC + DFT (Ours) 19.9±0.2 54.1±0.1 60.9±0.2 62.2±0.2

ResNet-101 (67.0)
SRe2L 1.9±0.1 14.6±1.1 42.5±0.2 51.5±0.3
GVBSM - 48.8±0.4 52.3±0.1 -
RDED 3.8±0.1 22.9±3.3 41.2±0.4 65.2±1.1

FocusDC (Ours) 13.2±0.2 55.5±0.3 63.2±0.2 66.4±0.2
FocusDC + DFT (Ours) 19.4±0.2 56.3±0.2 64.1±0.2 67.0±0.1

MobileNet-V2 (45.2)
SRe2L 2.0±0.3 7.3±0.2 19.5±0.4 22.7±0.6
RDED 4.1±0.3 27.4±0.3 40.1±0.2 42.6±0.3

FocusDC (Ours) 5.8±0.2 34.8±0.2 42.2±0.1 44.6±0.2
FocusDC + DFT (Ours) 5.9±0.3 36.6±0.2 43.6±0.1 45.0±0.3

EfficientNet-B0 (41.6)
SRe2L 1.0±0.3 7.8±0.4 17.5±0.7 20.9±0.3
RDED 1.3±0.1 18.3±0.4 38.2±0.3 40.4±0.2

FocusDC (Ours) 7.5±0.1 32.9±0.2 40.4±0.2 41.4±0.1
FocusDC + DFT (Ours) 9.0±0.1 33.5±0.2 41.2±0.3 42.7±0.1

Table 14: Compiled time and memory consumption on ImageNet-1K using a single RTX-4090 GPU.
Time Cost is measured in seconds for generating 100 images simultaneously. Peak GPU memory
usage is recorded for a batch size of 100, following the official SRe2L [31] implementation. RDED-
All indicates selection for all images in each category, whereas RDED only a random sample of 300
images per category.

Architecture Method Time Cost (s) Peak Memory (GB)

ResNet-18
SRe2L 211.32 9.14
RDED 3.99 1.57

RDED-All 26.34 8.63

MobileNet-V2
SRe2L 378.32 12.93
RDED 6.50 2.35

RDED-All 31.27 11.06

EfficientNet-B0
SRe2L 441.24 11.92
RDED 7.32 2.34

RDED-All 37.83 10.96
Deit-S FocusDC (Ours) 8.67 6.84

LV-ViT-S FocusDC (Ours) 10.72 8.57

Tiny-ImageNet Dataset: Table 13 evaluates our method, FocusDC, integrated with DFT on the
Tiny-ImageNet dataset, showing similar trends as observedwith the ImageNet-1K dataset. Notably,
using EfficientNet-b0 at an IPC of 100, FocusDC not only matches but also exceeds the performance
of baseline models by 1.1±0.1%. This improvement stems from DFT’s random selection of IPC
samples each round, enhancing the diversity of training data and thus boosting performance. This
result highlights the benefits of combining FocusDCwith DFT to optimize performance under data
constraints.
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6.2.2. Additional Experiments

Compiled Time and Memory Consumption: Table 14 presents the compiled time and mem-
ory consumption when utilizing a single RTX-4090 GPU on the ImageNet-1K dataset. Un-
like SRe2L, which consumes substantial resources, FocusDC significantly reduces both com-
piled time and memory usage. Specifically, FocusDC cuts the compiled time down to 8.67
seconds for Deit-S and 10.72 seconds for LV-ViT-S, while maintaining peak memory usage be-
low 7 GB for Deit-S and slightly above 8 GB for LV-ViT-S [12]. Compared with RDED,
FocusDC demonstrates a competitive advantage by achieving a more balanced utilization of
time and GPU memory, thereby presenting a resource-efficient solution for dataset distillation.

Table 15: When the input resolution for ViT is increased
from 224× 224 to 288× 288, we evaluate the accuracy of
the compiled images generated by FocusDC. All accura-
cies were obtained after training for 1000 epochs on their
respective datasets.

Architec- IPC
ture 1 10 50 100
R18 10.7±0.2 52.5±0.1 63.1±0.1 68.0±0.2

R18#288 9.6±0.2 52.6±0.1 64.0±0.1 67.7±0.2
Mv2 8.4±0.1 49.5±0.1 61.6±0.3 66.0±0.1

M2#288 7.7±0.1 50.1±0.1 61.5±0.2 64.2±0.2

The high efficiency of FocusDC is at-
tained through a strategy of down-
sampling images before their input into
the ViT model. This approach not only
reduces the computational load but also
enables a more flexible allocation of
GPU resources through adaptive resiz-
ing of mini-batches. This efficiency is
primarily due to the memory demands
in our distillation process, which occur
mainly during the parallel extraction of
key informative patches within a mini-
batch. Furthermore, the optimization-
free nature of FocusDC means that the distillation time per image depends on the size of the pre-
trained ViT model used.

Table 16: Comparative analysis of the
accuracy and computational cost (mea-
sured in FLOPs) of training Deit-S on
original versus downsampled images of
ImageNet-1K.

Resolutions 224 × 224 112 × 112
Accuracy 79.8% 73.3%
FLOPs 4.60G 1.10G

Scaling up toHigher Resolutions: When the input res-
olution of ViT is expanded from 224 × 224 to 288 ×
288, under the same hyperparameters, we evaluate
the accuracy of compiled images using ResNet-18 and
MobileNet-v2 on the ImageNet-1K dataset, as shown in
Table 15. Wediscover that despite increasing the resolu-
tion of the image input toViT from 224×224 to 288×288,
there is a slight decrease in accuracy. This phenomenon
could be attributed to two factors. Firstly, a larger image
resolutionmakes itmore difficult to locate targetswithin the image, potentially leading to a decrease
in the accuracy of the compiled dataset. Secondly, when training the validation model from scratch,
all images are resized to the resolution of 224 × 224. Reducing a higher-resolution image to this
lower standard may result in more significant information loss.
The advantages of downsampling: The FocusDC synthetic dataset uses downsampled images to
locate target regions for the following reasons: (1) Significant computational savings: As shown in
Table 16, downsampling reduces FLOPs by 4.2 times. (2) Facilitates dataset synthesis: It allows us
to directly select low-resolution background images from the downsampled images to synthesize
the final distilled image.

6.3. THEORETICAL ANALYSIS

6.3.1. Background and Definitions

To analyze how the dataset distillation with an attention-based region selection affects the general-
ization ability of models on a testing dataset, we employ Rademacher Complexity [63] as a theo-
retical framework. We first present the setup and the analysis of our proposed FocusDC method,
followed by the empirical validation and the insights.

18



Original Dataset S: The original dataset, denoted as S, consists of |S| samples, represented by
{xi}|S|

i=1.
Distilled Dataset T : The distilled dataset, T , is created by mergingm samples from S based on key
regions identified by an attention mechanism such as a Vision Transformer (ViT) and n samples
with background information. This results in T samples, {x̃i}|T |

i=1, where |T | < |S|.
Rademacher Complexity: Rademacher Complexity measures the capacity of a class of functions to
fit random noise, providing a metric for the complexity and generalization capability of hypothesis
classes:

R̂S(H) = Eσ

sup
h∈H

1

|S|

|S|∑
i=1

σih(xi)

 ,

where σi are independent random variables taking values +1 or −1 with equal probability. We
apply this metric when evaluating the distilled datasets because it can provide insight into whether
the distillation process preserves the richness of the hypothesis space or if it overly simplifies the
dataset, potentially losing important variances needed for higher generalization.

6.4. Impact of Dataset Distillation of FocusDC
For the distilled dataset T , the Rademacher Complexity becomes:

R̂T (H) = Eσ

sup
h∈H

1

|T |

|T |∑
i=1

σih(x̃i)

 .

Each distilled data instance x̃i = concatenate({x⋆
q}mq=1, {x′

l}nl=1), where x⋆ represents the key sub-
region data and x′ means the down-scaled low resolution data with backgound information.
Note that the term 1/|T | determines the scaling of the sum of fits to random labels (noise) in the
Rademacher Complexity formula. When analyzing a dataset that has undergone distillation to pro-
duce T , where each sample x̃i aggregates the informational content of multiple samples from the
original dataset, the actual number of samples |T |might not accurately reflect the dataset’s complex-
ity. Instead, the Efficient Sample Size (ESS) [64] is applied to represent the number of independent
observations in a dataset that would provide the same amount of information as the actual dataset,
which can be noted as |Teff|. If |Teff| represents a more accurate measure of the independent infor-
mation content in T , the complexity measure can be adjusted to:

R̂T (H) = Eσ

sup
h∈H

1

|Teff|

|T |∑
i=1

σih(x̃i)

 .

This adjustment recognizes that the effective diversity and informational independence in T might
be greater than simply counting |T |, hence potentially leading to a more accurate estimation of how
the hypothesis classH will perform.
The complexity induced by each new sample x̃i can reduce the variance among samples, as they
inherently represent a more uniform distribution of the key features and contexts of the original
dataset. The formula for Rademacher Complexity has to consider the effective sample size |Teff| that
accounts for this aggregation:

|Teff| = |T | × (m ∗ γ + n ∗ β),
where γ and β represent the degression parameters due to selecting only the key regions or using
down-scaled data, which range from0 to 1. The setting γ = β = 1means thatwe naively concatenate
m+ n original data instances.
Similarly, we can determine x̃i and |Teff| for two baseline methods as shown in Table. 17: Naïve
and RDED [33]. A higher |Teff| indicates that each sample in T contains more "independent-like"
information than initially apparent, suggesting that T may exhibit a lower Rademacher Complexity
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Table 17: RademacherComplexityComparisonwith the same IPC.Naïve denotes randomly select-
ing |T | samples from the original dataset, RDED concatenates (m+n) random sub-region samples.
τ is a regression parameter due to selecting only the sub-regions.

Method x̃i |Teff|
Naïve xi |T |
RDED concatenate({xrand

j }m+n
j=1 ) |T | × (m+ n) ∗ τ

FocusDC (Ours) concatenate({x⋆
q}mq=1, {x′

l}nl=1) |T | × (m ∗ γ + n ∗ β)

(a) (b) (c)
Figure 8: The diversity of the compiled dataset is assessed by analyzing the training loss and ac-
curacy metrics on the compiled image training set. (a) Training loss. (b) Training error. (c) The
signal-to-noise distribution of images within the same category for the full dataset and those dis-
tilled by RDED and FocusDC. Training loss on compiled images. Allmethods employMobileNet-v2
and are executed on the ImageNet-1K dataset with IPC = 10.
than expected if assessed solely based on |T |. Generally, a lower Rademacher Complexity correlates
with better generalization capabilities, indicating that models trained on T might generalize better
than anticipated based solely on |T |. This enhanced generalization is why RDED and our proposed
method significantly outperform the Naïve approach, which relies on random sample selection.
Ourmethod employs strategies to achieve a larger |Teff| than RDED.Our realism score sreali combines
the predictive confidence score and the maximum attention region score. When selecting samples,
it does not only consider the information richness of the samples but also the information density
of the target regions within these samples. Together, these factors improve |Teff| and enhance gen-
eralization capabilities, as confirmed by the results in Table 8 form ̸= 0, which reflect the combined
effect of both strategies.
Our method, FocusDC, is also designed to reduce model complexity within the Hypothesis Space.
Richer samples may enable the functions h in H to be less complex, as each sample encompasses a
broader range of information, potentially simplifying the learning problem. This hypothesis is sup-
ported by the results in Table 2, which demonstrate that simpler backbone models using FocusDC
data achieve outcomes comparable to those of more complex models.
Quantifying the Diversity and SNR of Synthetic Images. We employ the method outlined in
Gontijo-Lopes et al. [65] to assess the diversity of compiled images. According to Gontijo-Lopes
et al. [65], greater dataset diversity presents more challenges for the training process to converge,
often resulting in larger loss values and longer training times. Fig. 8(a) compares the training loss
of our method with the SOTA method RDED [33] on compiled datasets. Initially, our FocusDC
method starts with lower loss values but ends with higher losses than RDED after training. More-
over, Fig. 8(b) illustrates significant differences in accuracy tests on the training dataset, indicating
that images synthesized using our method are more diverse and thus harder to train. This observa-
tion alignswith the conclusions in Gontijo-Lopes et al. [65], confirming that our approach generates
more diverse compiled images, making the training process more challenging but potentially lead-
ing to more robust models.
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Figure 9: Visualization of the FocusDC-distilled images on different tasks.
Fig. 8(c) illustrates the distribution of signal-to-noise ratios (SNR)1 for the original dataset and
datasets processed by two different distillation methods, within the same category. The SNR distri-
bution of the original images is relatively concentrated, with most values ranging between 30 and
58. The SNR of images processed by RDED [33] shifts to the right, primarily distributed between
42 and 50. In contrast, images processed by FocusDC exhibit a wider SNR distribution, spanning
from 36 to 53. Although the average SNR of RDED images is the highest at 45.1, the average SNR
for FocusDC images is 44.0, closer to the original dataset’s average SNR of 41.7. This indicates that
the FocusDC method effectively enhances image quality while preserving the characteristics of the
original data, thereby demonstrating superior balanced performance in practical applications.

6.4.1. Remarks

The proposed distillationmethod, FocusDC, is expected to enhance generalization by utilizingmore
informative and representative samples. The associated reduction in Rademacher Complexity in-
dicates a diminished capacity for fitting random noise, which typically suggests improved perfor-
mance on unseen data.
The practical implementationmay encounter challenges, such as increased computational overhead
from processing larger x̃i values. Furthermore, there is a risk of information redundancy if the
parametersm and n are not optimally selected.

6.5. VISUALIZATIONS of SYNTHETIC IMAGE
Fig. 9 demonstrates the images synthesized by FocusDC for classification and detection tasks. By
leveraging attentionmechanisms to localize key targets, FocusDC ensures that each synthesized im-
age contains relevant objects of interest. This capability enables effective application to dense tasks
such as object detection. Fig. 10 in Appendix 6.5 visualizes compiled images generated by different
SOTA methods. SRe2L, SCDD, and GVBSM produce blurrier images, due to overreliance on spe-
cificmodels during dataset compression, which hampers generalization. In contrast, RDED and our
FocusDC generate more realistic images by cropping key patches from real image locations. Unlike
RDED, our method includes both key patches and contextual backgrounds, enhancing realism and
diversity. Attentionmechanism used in ourmethod, validated in the vision community [52, 66–68],
improves interpretability and offers deeper insights into dataset distillation.

1We applied a 3×3 Laplacian kernel to filter the images to extract their high-frequency components. Then,
we calculated the sum of the absolute values of the convolution results between the image and this matrix,
using this to estimate the standard deviation of the noise. Finally, based on the definition of signal-to-noise
ratio, we computed the SNR distribution for the entire dataset.
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Figure 10: Compiled data visualization on ImageNet-1K from SRe2L [31], SCDD [32], GVBSM [50],
RDED [33] and FocusDC.
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