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Abstract

Dataset condensation is a crucial tool for enhancing training efficiency by reducing
the size of the training dataset, particularly in on-device scenarios. However, these
scenarios have two significant challenges: 1) the varying computational resources
available on the devices require a dataset size different from the pre-defined con-
densed dataset, and 2) the limited computational resources often preclude the pos-
sibility of conducting additional condensation processes. We introduce You Only
Condense Once (YOCO) to overcome these limitations. On top of one condensed
dataset, YOCO produces smaller condensed datasets with two embarrassingly sim-
ple dataset pruning rules: Low LBPE Score and Balanced Construction. YOCO
offers two key advantages: 1) it can flexibly resize the dataset to fit varying compu-
tational constraints, and 2) it eliminates the need for extra condensation processes,
which can be computationally prohibitive. Experiments validate our findings on
networks including ConvNet, ResNet and DenseNet, and datasets including CIFAR-
10, CIFAR-100 and ImageNet. For example, our YOCO surpassed various dataset
condensation and dataset pruning methods on CIFAR-10 with ten Images Per Class
(IPC), achieving 6.98-8.89% and 6.31-23.92% accuracy gains, respectively. The
code is available at: https://github.com/he-y/you-only-condense-once.

1 Introduction

Deep learning models often require vast amounts of data to achieve optimal performance. This
data-hungry nature of deep learning algorithms, coupled with the growing size and complexity of
datasets, has led to the need for more efficient dataset handling techniques. Dataset condensation is a
promising approach that enables models to learn from a smaller and more representative subset of
the entire dataset. Condensed datasets are especially utilized in on-device scenarios, where limited
computational resources and storage constraints necessitate the use of a compact training set.

However, these on-device scenarios have two significant constraints. First, the diverse and fluctuating
computational resources inherent in these scenarios necessitate a level of flexibility in the size of
the dataset. But the requirement of flexibility is not accommodated by the fixed sizes of previous
condensed datasets. Second, the limited computational capacity in these devices also makes extra
condensation processes impractical, if not impossible. Therefore, the need for adaptability in the size
of the condensed dataset becomes increasingly crucial. Furthermore, this adaptability needs to be
realized without introducing another computationally intensive condensation process.

We introduce You Only Condense Once (YOCO) to enable the flexible resizing (pruning) of
condensed datasets to fit varying on-device scenarios without extra condensation process (See Fig. [)).
The first rule of our proposed method involves a metric to evaluate the importance of training samples
in the context of dataset condensation.

¥ Corresponding Author

37th Conference on Neural Information Processing Systems (NeurIPS 2023).


https://github.com/he-y/you-only-condense-once

From the gradient of the loss function, we develop i Require 200K Epochs Our Gosl
the Logit-Based Prediction Error (LBPE) score (e | Copdensed & [Q-reet
to rank training samples. This metric quantifies the Dataset [‘;i@ £ S
neural network’s difficulty in recognizing each sam- o el B e | (S

. .. . i > B —1pc_(N-1)
ple. Specifically, training samples with low LBPE
scores are considered easy as they indicate that the [ previous: Require 200kx (N-1) Epochs |[__Ours: Require 1K Epochs __

model’s prediction is close to the true label. These ;‘t Z::Z:a pos | [S0m0,2, ., NHoralIpC at once

samples exhibit simpler patterns, easily captured by
- - ‘ & e
Y Condense
; ’ 200K r‘@ IPC_(N-1)

the model. Given the condensed datasets’ small size,
is crucial to avoid overfitting. o ‘" PCA IPC2 e TPCNA)

Scenarios _ Size

prioritizing easier samples with low LBPE scores

A further concern is that relying solely on a metric-  Ejgure 1: Previous methods (left) require extra
based ranking could result in an imbalanced distri-  ¢ondensation processes, but ours (right) do not.

bution of classes within the dataset. Imbalanced

datasets can lead to biased predictions, as models tend to focus on the majority class, ignoring the
underrepresented minority classes. This issue has not been given adequate attention in prior research
about dataset pruning [3} 411134, but it is particularly important when dealing with condensed datasets.
In order to delve deeper into the effects of class imbalance, we explore Rademacher Complexity [31],
a widely recognized metric for model complexity that is intimately connected to generalization error
and expected loss. Based on the analysis, we propose Balanced Construction to ensure that the
condensed dataset is both informative and balanced.

The key contributions of our work are: 1) To the best of our knowledge, it’s the first work to provide
a solution to adaptively adjust the size of a condensed dataset to fit varying computational constraints.
2) After analyzing the gradient of the loss function, we propose the LBPE score to evaluate the
sample importance and find out easy samples with low LBPE scores are suitable for condensed
datasets. 3) Our analysis of the Rademacher Complexity highlights the challenges of class imbalance
in condensed datasets, leading us to construct balanced datasets.

2 Related Works

2.1 Dataset Condensation/Distillation

Dataset condensation, or distillation, synthesizes a compact image set to maintain the original
dataset’s information. Wang et al. [45] pioneer an approach that leverages gradient-based hyper-
parameter optimization to model network parameters as a function of this synthetic data. Building
on this, Zhao et al. [53] introduce gradient matching between real and synthetic image-trained
models. Kim et al. [19] further extend this, splitting synthetic data into n factor segments, each
decoding into n? training images. Zhao & Bilen [50] apply consistent differentiable augmentation
to real and synthetic data, thus enhancing information distillation. Cazenavette et al. [[L] propose
to emulate the long-range training dynamics of real data by aligning learning trajectories. Liu
et al. [24] advocate matching only representative real dataset images, selected based on latent
space cluster centroid distances. Additional research avenues include integrating a contrastive
signal [21]], matching distribution or features [52}44]], matching multi-level gradients [[16]], minimizing
accumulated trajectory error [7]], aligning loss curvature [39], parameterizing datasets [6} 23} 51} 43],
and optimizing dataset condensation [27} 132} 33} 142} 55| 2549, 4}, 126]. Nevertheless, the fixed size
of condensed datasets remains an unaddressed constraint in prior work.

2.2 Dataset Pruning

Unlike dataset condensation that alters image pixels, dataset pruning preserves the original data
by selecting a representative subset. Entropy [3] keeps hard samples with maximum entropy (un-
certainty [22} 38]]), using a smaller proxy network. Forgetting [41]] defines forgetting events as an
accuracy drop at consecutive epochs, and hard samples with the most forgetting events are important.
AUM [35] identifies data by computing the Area Under the Margin, the difference between the true
label logits and the largest other logits. Memorization [11] prioritizes a sample if it significantly
improves the probability of correctly predicting the true label. GraNd [34] and EL2N [34] classify
samples as hard based on the presence of large gradient norm and large norm of error vectors, respec-
tively. CCS [54] extends previous methods by pruning hard samples and using stratified sampling to



achieve good coverage of data distributions at a large pruning ratio. Moderate [47]] selects moderate
samples (neither hard nor easy) that are close to the score median in the feature space. Optimization-
based [48] chooses samples yielding a strictly constrained generalization gap. In addition, other
dataset pruning (or coreset selection) methods [8, 28,136, [17, 130, |18} 2| 29,19, [10} 46\ [15] are widely
used for Active Learning [38}[37]. However, the previous methods consider full datasets and often
neglect condensed datasets.

3 Method

3.1 Preliminaries

We denote a dataset by S = (x5, yi)ilil, where z; represents the " input and y; represents the
corresponding true label. Let £(p(w, x), y) be a loss function that measures the discrepancy between
the predicted output p(w, z) and the true label y. The loss function is parameterized by a weight
vector w, which we optimize during the training process.

We consider a time-indexed sequence of weight vectors, w;, where t = 1,...,T. This sequence
represents the evolution of the weights during the training process. The gradient of the loss function
with respect to the weights at time ¢ is given by g:(x,y) = Vw, L(p(W¢, ), y).

3.2 Identifying Important Training Samples

Our goal is to propose a measure that quantifies the importance of a training sample. We begin by
analyzing the gradient of the loss function with respect to the weights wy:

OL(p(wr.x).y) Op(ws,
R

We aim to determine the impact of training samples on the gradient of the loss function, as the
gradient plays a critical role in the training process of gradient-based optimization methods. Note
that our ranking method is inspired by EL2N [34], but we interpret it in a different way by explicitly
considering the dataset size |.S|.

Definition 1 (Logit-Based Prediction Error - LBPE): The Logit-Based Prediction Error (LBPE) of
a training sample (z, y) at time ¢ is given by:

LBPE;(z,y) = E|p (w¢, z) —yl,, (2

where w; is the weights at time ¢, and p(w, =) represents the prediction logits.

Lemma 1 (Gradient and Importance of Training Samples): The gradient of the loss function
Vw,L(p(wy, z),y) for a dataset S is influenced by the samples with prediction errors.

Proof of Lemma 1: Consider two datasets .S and S-,;, where S-; is obtained by removing the sample
(zj,y;) from S. Let the gradients of the loss function for these two datasets be Vi, £ and V5 7L,
respectively. The difference between the gradients is given by (see Appendix A.1 for proof):
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Let us denote the error term as: e; = p(wy, ;) — y;, the LBPE score for sample (z;,y;) is given
by LBPE,(z;,y;) = E|e;|,, and the difference in gradients related to the sample (x;,y;) can be
rewritten as:
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If the sample (x;,y;) has a lower LBPE score, it implies that the error term e; is smaller. Let’s
consider the mean squared error (MSE) loss function, which is convex. The MSE loss function is



Algorithm 1 Compute LBPE score for samples over epochs

Require: Training dataset S and its size |.S|, weights wy, true labels y, model’s predicted probabilities
p(wy, x), number of epochs E, Epochs with Top-K accuracy

1: Initialize matrix: LBPE= torch.zeros((E, |S|)) > LBPE scores over samples and epochs
2: Initialize accuracy: ACC= torch.zeros(F) > Track the accuracy over epochs
3: for each epoch ¢ in range F do > Loop through each epoch
4: for each sample index 7 in S do > Loop through each sample in the dataset
5: Compute error term for sample 4 at epoch t: e; + = p(Wy¢, x;) — y;
6: Compute LBPE score for sample ¢ at epoch ¢ with MSE loss: LBPE; ; =
7: end for
8: Compute accuracy at epoch t: ACC,
9: end for
10: Top_K <« argsort (ACC)[-k:] > Find the epochs with the Top-K accuracy
11: AVG_LBPE < mean(LBPE[Top_k, :]) > Average LBPE score over Top-K epochs
12: return AVG_LBPE

defined as L(e;) = %( 1)2. Consequently, the derivative of the loss function aﬁ(e’)

smaller for samples with smaller LBPE scores, leading to a smaller change in the gradlent AV, L.

= e; would be

Rule 1: For a small dataset, a sample with a lower LBPE score will be more important. Let S
be a dataset of size | S|, partitioned into subsets Se,s, (lower LBPE scores) and Sjqrq (higher LBPE
scores).

Case 1: Small Dataset - When the dataset size |.S| is small, the model’s capacity to learn complex
representations is limited. Samples in Seq4, represent prevalent patterns in the data, and focusing on
learning from them leads to a lower average expected loss. This enables the model to effectively cap-
ture the dominant patterns within the limited dataset size. Moreover, the gradients of the loss function
for samples in Seqsy are smaller, leading to faster convergence and improved model performance
within a limited number of training iterations.

Case 2: Large Dataset - When the dataset size |S| is large, the model has the capacity to learn
complex representations, allowing it to generalize well to both easy and hard samples. As the model
learns from samples in both Seqsy and Sharq, its overall performance improves, and it achieves higher
accuracy on hard samples. Training on samples in Spq-¢ helps the model learn more discriminative
features, as they often lie close to the decision boundary.

Therefore, in the case of a small dataset, samples with lower LBPE scores are more important.

The use of the LBPE importance metric is outlined in Algorithm[I] LBPE scores over the epochs with
the Top-K training accuracy are averaged. The output of this algorithm is the average LBPE score.

3.3 Balanced Construction

In this section, we prove that a more balanced class distribution yields a lower expected loss.

Definition 2.1 (Dataset Selection S4 and Sg): S4 is to select images from each class based on their
LBPE scores such that the selection is balanced across classes, and Sy is to select images purely
based on their LBPE scores without considering the class balance. Formally, we have:

Sa = (wi,yi) : xi € Xy, and LBPE;(z;, ;) < 7k, Sp = (zi,9i) : LBPE (2, ;) <7 (5)
where X, denotes the set of images from class k, and 7 is a threshold for class k, 7 is a global
threshold. Then S4 is a more balanced dataset compared to Sp.

Definition 2.2 (Generalization Error): The generalization error of a model is the difference between
the expected loss on the training dataset and the expected loss on an unseen test dataset:

GenErr(w) = E[Liest(W)] — E[Lirain(W)]. (6)

Definition 2.3 (Rademacher Complexity): The Rademacher complexity [31] of a hypothesis class
‘H for a dataset S of size N is defined as:

Ry(H) = . lsupz:aZ X; 1, @)

h€7—[



Algorithm 2 Balanced Dataset Construction

Require: Condensed dataset S = (z;, yl)?il with classes K, LBPE scores LBPE, class-specific
thresholds 7 = 75,5, to ensure an equal number of samples for each class

1: Initialize S4 = 0 > Initialize the balanced subset as an empty set
2: for each class k € K do

3: Iso1 + {i:y; = k and LBPE,(z;,v;) < 7} > Find indices of samples for class k
4: Sa <+ SaU (zi,y;) 11 € Ly > Add the selected samples to the balanced subset
5: end for

6: return Sy > Return the balanced subset

where o; are independent Rademacher random variables taking values in —1, 1 with equal probability.

Lemma 2.1 (Generalization Error Bound): With a high probability, the generalization error is
upper-bounded by the Rademacher complexity of the hypothesis class:

GenErr(w) < 2Ry(H)+ O (\/1N> ) 8)

where O represents the order of the term.

Lemma 2.2 (Rademacher Complexity Comparison): The Rademacher complexity of dataset S 4 is
less than that of dataset Spg:
Rya(H) < Ry (H). ©

Theorem 2.1: The expected loss for the dataset .S 4 is less than or equal to S when both models
achieve similar performance on their respective training sets.
Proof of Theorem 2.1: Using Lemma 2.1 and Lemma 2.2, we have:

GenErr(w4) < GenErr(wpg). (10)

Assuming that both models achieve similar performance on their respective training sets, the training
losses are approximately equal:

E[Lyain(Wa)] % E[Liain(WB)]- (11)
Given this assumption, we can rewrite the generalization error inequality as:
E[Liest(Wa)] = E[Lirain(W )] < E[Liest(WB)] — E[Lirain(WB)]- (12)
Adding E[Liin(w 4 )] to both sides, we get:
E[Ltest(Wa)] < E[Lest(Wg)]. (13)

This result indicates that the balanced dataset .S 4 is better than Sg.

Theorem 2.2: Let Sr and S¢ be the full and condensed datasets, respectively, and let both S and
Sc have an imbalanced class distribution with the same degree of imbalance. Then, the influence of
the imbalanced class distribution on the expected loss is larger for the condensed dataset S¢ than for
the full dataset Sp.

Proof of Theorem 2.2: We compare the expected loss for the full and condensed datasets, taking
into account their class imbalances. Let L(h) denote the loss function for the hypothesis h. Let
E[L(h)|S] denote the expected loss for the hypothesis h on the dataset S. Let nyr and nic denote
the number of samples in class £ for datasets S and S¢, respectively. Let mp and m¢ denote the
total number of samples in datasets S and S¢, respectively. Let rp, = ZEE = fr’j—g be the class ratio

for each class k in both datasets. The expected loss for Sy and S¢ can bg written as:

|SF ZrkE |Xk] ‘SC ZTkE |Xk] (14)

To show this, let’s compare the expected loss per sample in each dataset:

E[L(h)|Sc] _ E[L(h)|SF]

mc mr

(15)



This implies that the influence of the imbalanced class distribution is larger for S¢ than for Sp.

Rule 2: Balanced class distribution should be utilized for the condensed dataset. The construction
of a balanced class distribution based on LBPE scores is outlined in Algorithm[2] Its objective is to
create an equal number of samples for each class to ensure a balanced dataset.

4 Experiments

4.1 Experiment Settings

IPC stands for “Images Per Class”. IPCg_,t means flexibly resize the condensed dataset from size F
to size T. More detailed settings can be found in Appendix B.1.

Dataset Condensation Settings. The CIFAR-10 and CIFAR-100 datasets [20] are condensed via
ConvNet-D3 [12], and ImageNet-10 [5] via ResNet10-AP [13]], both following IDC [19]. TPC
includes 10, 20, or 50, depending on the experiment. For both networks, the learning rate is 0.01
with 0.9 momentum and 0.0005 weight decay. The SGD optimizer and a multi-step learning rate
scheduler are used. The training batch size is 64, and the network is trained for 2000 x 100 epochs
for CIFAR-10/CIFAR-100 and 500 x 100 epochs for ImageNet-10.

YOCO Settings. 1) LBPE score selection. To reduce computational costs, we derive the LBPE
score from training dynamics of early F epochs. To reduce variance, we use the LBPE score from
the top- K training epochs with the highest accuracy. For CIFAR-10, we set £ = 100 and K = 10
for all the [IPCy and IPC. For CIFAR-100 and ImageNet-10, we set £ = 200 and K = 10 for
all the IPCg and IPCr. 2) Balanced construction. We use S4 in Eq. E] to achieve a balanced
construction. Following IDC [19], we leverage a multi-formation framework to increase the synthetic
data quantity while preserving the storage budget. Specifically, an IDC-condensed image is composed
of n? patches. Each patch is derived from one original image with the resolution scaled down by a
factor of 1/n2. Here, n is referred to as the “factor" in the multi-formation process. For CIFAR-10 and
CIFAR-100 datasets, n = 2; for ImageNet-10 dataset, n = 3. We create balanced classes according
to these patches. As a result, all the classes have the same number of samples. 3) Flexible resizing.
For datasets with IPCy = 10 and IPCg = 20, we select IPCt of 1,2, and 5. For IPCg = 50, we
select IPC of 1,2, 5,and 10. For a condensed dataset with IPCg, the performance of its flexible
resizing is indicated by the average accuracy across different IPCt values.

Comparison Baselines. We have two sets of baselines for comparison: 1) dataset condensation
methods including IDC[19], DREAM[24], MTT [1]], DSA [50] and KIP [32] and 2) dataset pruning
methods including SSP [40], Entropy [3], AUM [35]], Forgetting [41], EL2N [34], and CCS [54]. For
dataset condensation methods, we use a random subset as the baseline. For dataset pruning methods,
their specific metrics are used to rank and prune datasets to the required size.

4.2 Primary Results

Tab. [I] provides a comprehensive comparison of different methods for flexibly resizing datasets
from an initial IPCg to a target IPCr. In this table, we have not included ImageNet results on
DREAM [24] since it only reports on Tiny ImageNet with a resolution of 6464, in contrast to
ImageNet’s 224 x224. The third column of the table shows the accuracy of the condensed dataset at
the parameter [IPCy. We then flexibly resize the dataset from IPCg to IPCr. The blue area represents
the average accuracy across different IPCt values. For instance, consider the CIFAR-10 dataset
with IPCg = 10. Resizing it to IPCy = 1, 2, and 5 using our method yields accuracies of 42.28%,
46.67%, and 55.96%, respectively. The average accuracy of these three values is 48.30%. This value
surpasses the 37.08% accuracy of SSP [40] by a considerable margin of 11.22%.

Ablation Study. Tab. 2] shows the ablation study Table 2: Ablation study on two rules. (CIFAR-
of the LBPE score and the balanced construction 10: IPC1g_,;)

across dataset condensation methods. In the first

row, the baseline results are shown where neither the = LBPE Balanced |IDC [I9] DREAM [24] MTT (1] KIP [32]

LBPE score nor the balanced construction is applied. - § 28.23 30.87 1975 14.06
“Balanced only” (second row) indicates the selection - v 30.19 32.83 19.09  16.27

thod i d lecti d the class distributi v - 39.38 37.30 2037 15.78
method is random selection and the class distribution 7, v | 1228 1229 202 2224

is balanced. “LBPE only” (third row) means the



Table 1: IPC means “images per class”. Flexibly resize dataset from IPCg to IPCt (IPCg_,T). The

blue areas represent the average accuracy of listed IPCt datasets for different values of T. The
gray areas indicate the accuracy difference between the corresponding methods and ours.

) Condensation Pruning Method

Dataset ‘ IPCr  Acc. | IPCT ‘ IDC[I9] DREAM{Z4] | SSP[@E0] Entropy[3] AUM(33] Forg. @] EL2N[3 CCS[34] Ours
1| 2823 30.87 2783 3030 1330 1668 1695 3354 4228
2 | 3710 3888 3495 3888 1844 2213 2326 3920 46.67
10 6750 5 | 2092 5423 4847 5285 4140 4549 4658 5323 5596
Ave | 3942 4133 3708 4068 2438 2810 2893 4199 4830

Dff. | -8.89 698 | -1122 763 2392 2020  -1937 631 -

CIFAR-10

1| 2945 2761 2899 1795 721 1223 795 3128 3877
2 | 3427 3611 3451 2446 867 1217 947 3871 44.54
s saso| 5 | 485 asas 4638 3412 1285 1555 1603 4819 53.04
SO0 | st 59.11 5681 47.61 2292 2701 3133 5680 6110
Ave. | 4182 4278 4167 3104 1291 1674 1620 4375 49.36

Diff. | -7.54 -6.58 769 -1833 3645  -3262 3317 562 -
1| 1478 15.05 1494 1128 364 645 5012 1897 2257
2 | 249 2178 2065 1678 593 1003 815 2527 29.09
10 4540| 5 | 3490 3554 3048 2996 1732 2145 2240 3601 3851
Ave | 2406 2412 | 2200 1934 896  12.64 1189 2675 30.06

Diff. | -6.00 -5.93 803 -1072 2109 -1741  -1817 331 -
1| 1392 1326 1465 575 296 7.59 459 1872 2374
2 | 2062 2041 2027 863 396 1064 618 2408 29.93
CIFAR-100 | 20 4950| 5 | 3121 3181 3034 1751 825 1763 1176 3281 3802
Ave | 2192 2183 2075 10.63 506 1195 751 2520 30.56

Diff. | -8.65 874 881  -1993 2551  -1861  -23.05  -536 -
1| 1341 13.36 1590 186 2.79 9.03 421 1905 2347
2 | 2038 19.97 2126 286 304 1266 501 2432 29.59
s sae0| 5| 292 2988 2063 604 456 2023 724 3193 37.52
601 10 | 3770 3785 3697 1331 856 2001 1172 3805 4279
Avg. | 2538 2527 2594 6.02 474 1776 705 2834 3334

Diff. | -7.97 -8.08 740 2733 2861  -1559 2630 501 -
1| 44.93 ; 4569 4098 1784 3207 4100 4427 5391
2 | 5784 ; 5847 5204 2913 4480 5447 5653 59.69
10 728 5 | 6720 ] 63.11 6460 4456 5513 6587  67.36 6447
Avg. | 56.66 : 5576 5254 30.51 4403 5378 5605 59.36

Diff. | 2.70 - 360 682 2885 1533 558 331 -

ImageNet-10

1| 42,00 ; 4303 3613 1451 2498 2409 3464 53.07
2 | 5393 ; 5482 4691 1900 3127 3316 4222 5896
20 7660| 5 | 5956 ; 6127 5644 2778 3644 4602 5711 64.38
Avg. | 5183 : 5307 4649 2046 3090 3442 4466 5880

Diff. | 697 - 573 1231 3834 2790 2438 1414 -

LBPE score is used for ranking samples, and the selection results are purely based on the LBPE score
without considering the class balance. “LBPE + Balanced” indicates that both elements are included
for sample selection. The empirical findings conclusively affirm the effectiveness of the two rules,
which constitute the principal contributions of our YOCO method.

Standard Deviation of Experiments. Different training dynamics and network initializations
impact the final results. Therefore, the reported results are averaged over three different training
dynamics, and each training dynamic is evaluated based on three different network initializations.
See Appendix B.2 for the primary results table with standard deviation.

4.3 Analysis of Two Rules
4.3.1 Analysis of LBPE Score for Sample Ranking

Tab. [3]illustrates the robust performance of our YOCO method across diverse network structures,
including ConvNet, ResNet, and DenseNet, demonstrating its strong generalization ability. Addition-
ally, we present different sample ranking metrics from dataset pruning methods on these networks,
demonstrating that our method outperforms both random selection and other data pruning methods.

In Tab.[d] we experiment with prioritizing easy samples over hard ones. We achieve this by reversing
the importance metrics introduced by AUM [35]], Forg. [41]], and EL2N [34]] that originally prioritize



Table 3: Accuracies on different network Table 4: Prioritizing easy samples is better for differ-

structures and different sample ranking ent dataset pruning and dataset condensation methods.
metrics. (IDC [19] condensed CIFAR-  “R?” represents whether to reverse the metrics which
10: IPC1g_1) prioritize hard samples. (CIFAR-10: IPCy_1)
| ConvNet [12] ResNet [13] DenseNet [T4] Method R? | IDCI9] DREAM{24] MTT[I] DSA[50]

Random 28.23 24.14 24.63 AUM B3] - 13.30 14.43 15.33 14.25
SSPIA0] 27.83 24.64 24.75 AUMPB3] v | 3797 38.18 16.63 1823
Entropy[3]| 3030 30.53 29.93 Forg. A1) - 16.68 16.26 18.82 1655
AUM[33] 13.30 15.04 14.56 Forg. [f] v | 36.69 36.15 16.65 17.03
Forg.[41] 16.68 16.75 17.43 EL2N [34] - 16.95 18.13 16.98 13.14
EL2N[34] 16.95 19.98 21.43 EL2N[34] v | 33.11 34.36 19.01 21.29
Ours 42.28 34.53 34.29 Ours - 4228 4229 22.02 22.40

Table 5: Balanced construction works on different dataset pruning methods. “B?” represents
whether to use balanced construction. The subscript ya1ue indicates the accuracy gain from balanced
construction. (IDC [19] condensed CIFAR-10: IPC;g_T)

IPCt B? ‘ Random SSP [40] Entropy [3] AUM [35] Forg. [41] EL2N [34] Ours
IPC1 - 28.23 27.83 30.30 13.30 16.68 16.95 37.63

v 30.0541.82 33.2145.38 33.6713.37 15.6442.34 19.0942.41 184311 48 42.28,4.65
PC2 - 37.10 34.95 38.88 18.44 22.13 23.26 42.99

v 39.444,2,34 40~57+5.62 42.174,3,29 23.844,5,40 28.06+5,93 26.54+3.28 46.67+3.68
IPCS ‘ 52.92 48.47 52.85 41.40 45.49 46.58 53.86

5264 028 4944097 5473 18s  47123.583 48021253 4886228 5596210

hard samples. Our results indicate that across various condensed datasets, including IDC [19],
DREAM [24], MTT [1]], and DSA [50], there is a distinct advantage in prioritizing easier samples
over harder ones. These findings lend support to our Rule 1.

4.3.2 Analysis of Balanced Construction

Fig.[2|presents the class distributions with and without a balanced construction for different datasets
and different IPCg_,T. As explained in YOCO settings, our balanced construction is based on the
multi-formation framework from IDC [19]]. Therefore, the x-axis represents the count of images after
multi-formation instead of the condensed images. It is evident that a ranking strategy relying solely
on the LBPE score can result in a significant class imbalance, particularly severe in the ImageNet
dataset. As depicted in Fig. 2[f), three classes have no image patches left. Our balanced construction
method effectively mitigates this issue. Notably, in the case of ImageNet-10;¢_,1, the balanced
construction boosts the accuracy by an impressive 19.37%.

To better understand the impact of balanced class distribution on various dataset pruning methods,
we conducted a comparative analysis, as presented in Tab.[5] Clearly, achieving a balanced class
distribution significantly enhances the performance of all examined methods. Remarkably, our
proposed method consistently outperforms others under both imbalanced and balanced class scenarios,
further substantiating the efficacy of our approach.

4.4 Other Analysis

Sample Importance Rules Differ between Condensed Dataset and Full Dataset. In Fig. 3| we
compare Sample Importance Rules for Condensed Datasets (IPC;¢, IPC5¢) and the Full Dataset
(IPCs000), by adjusting the pruning ratio from 10% to 90%. Unmarked solid lines mean prioritizing
easy samples, dashed lines suggest prioritizing hard samples, while marked solid lines depict the
accuracy disparity between the preceding accuracies. Therefore, the grey region above zero indi-
cates “Prefer easy samples” (Rule.,sy), while the blue region below zero represents “Prefer hard
samples”’(Ruleyq). We have two observations. First, as the pruning ratio increases, there is a
gradual transition from Rulejq,q to Rulecqsy. Second, the turning point of this transition depends
on the dataset size. Specifically, the turning points for IPC;, IPCs5q, and IPC5¢g¢ occur at pruning



Balanced Imbalanced Balanced Imbalanced Balanced Imbalanced — IPC10 Easy —— IPC50 Easy —— IPC5000 (Full) Easy
42.28% ™= 37.63% - = 53.86%

46.67% 42.29% ~ 55.96% 53.86% === IPC10 Hard ==~ IPC50 Hard === IPC5000 (Full) Hard
—a— |PC10 Diff —s— IPC50 Diff —=— IPC5000 (Full) Diff

IPCpif > 0: Prefer easy samples
Dividing line for IPCpift = IPCgasy - 1PCharg
IPCpj¢r < 0: Prefer hard samples

Classes
CrNWAEL QU

0 2 4 6 0 2 4 6 8 10 12 14 16 0 4 8 12 16 20 24 28 920
Count Count Count
80
(a) CIFAR—]OlOHl (b) CIFAR—1010*>2 (C) CIFAR—1010H5 70
ceo Galnced  mbolarced ___ Saltnced g Imbolonced ___ Balineed g Imbglanced g0
99 ] 50
% 1 g
0 70 nl 5 40
D 60 Q6 o
@ 50 e o
820 B4 ] < 30
O 30 o3
%g 1 20
1 0
0 2 4 _6 & 10 0 2 4 6 81012141618 0 3 6 91215182124273033 10
Count Count Count
0
(d) CIFAR—1050*>1 (e) CIFAR—IOOH)*A (f) ImageNet—lOloﬁl -10

10 20 30 40 50 60 70 80 90
Dataset pruning ratio (%)

Figure 2: Balanced and imbalanced selection by ranking

samples with LBPE score. Datasetg_,T denotes resizing the Figure 3: Different sample im-
dataset from IPCg to IPCt. Accuracies for each setting are portance rules between condensed
also listed in the legend. (IDC [19] condensed datasets) datasets and full datasets.

ratios of 24%, 38%, and 72%, respectively. These experimental outcomes substantiate our Rule 1
that condensed datasets should adhere to Rulecgsy.

Performance Gap from Multi-formation. We Uniform

would like to explain the huge performance gap be- formation

tween multi-formation-based methods (IDC [19] and

DREAM [24])) and other methods (MTT [[I], KIP [33]],

and DSA [50]) in Tab. [2 and Tab. @ The potential

reason is that a single image can be decoded to 22 = 4 Condensed data Synthetic data

low-resolution images via multi-formation. As a re-

sult, methods employing multi-formation generate

four times as many images compared to those that Figure 4: Illustration of the multi-formation
do not use multi-formation. The illustration is shown with a factor of 2. (Taken from IDC [19])
in Fig.[]

Why Use LBPE Score from the Top-K Training Epochs with the Highest Accuracy? As shown
in Eq. 2] different training epoch ¢ leads to a different LBPE score. Fig.[§]illustrates the accuracy
of the dataset selected via the LBPE score across specific training epochs. We select LBPE scores
from the initial 100 epochs out of 1000 original epochs to reduce computational costs. We have two
observations. First, the model’s accuracy during the first few epochs is substantially low. LBPE scores
derived from these early-stage epochs might not accurately represent the samples’ true importance
since the model is insufficiently trained. Second, there’s significant variance in accuracy even after
40 epochs, leading to potential instability in the LBPE score selection. To address this, we average
LBPE scores from epochs with top-K accuracy, thereby reducing variability and ensuring a more
reliable sample importance representation.

Speculating on Why LBPE Score Performs Better at Certain Epochs? In Fig.[7] we present the
distribution of LBPE scores at various training epochs, with scores arranged in ascending order for
each class to facilitate comparison across epochs. Our experiment finds the LBPE scores decrease
as the epoch number increases. The superior accuracy of LBPEg is due to two reasons. First, the
model at the 90, epoch is more thoroughly trained than the model at the first epoch, leading to more
accurate LBPE scores. Second, the LBPEg score offers a more uniform distribution and a wider
range [0, 1], enhancing sample distinction. In contrast, the LBPEygo score is mostly concentrated
within a narrow range [0, 0.1] for the majority of classes, limiting differentiation among samples.
More possible reasons will be explored in future studies.

Visualization. Fig. [6] visualizes the easy and hard samples identified by our YOCO method. We
notice that most easy samples have a distinct demarcation between the object and its background. This
is particularly evident in the classes of “vacuum cleaner” and “cocktail shaker”. The easy samples in
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Figure 7: LBPE scores at different epochs (LBPE,,.,) for ten classes of the CIFAR-10 dataset.

these two classes have clean backgrounds, while the hard samples have complex backgrounds. The
visualization provides evidence of our method’s ability to identify easy and hard samples.

5 Conclusion, Limitation and Future Work

We introduce You Only Condense Once (YOCO), a novel approach that resizes condensed datasets
flexibly without an extra condensation process, enabling them to adjust to varying computational
constraints. YOCO comprises two key rules. First, YOCO employs the Logit-Based Prediction Error
(LBPE) score to rank the importance of training samples and emphasizes the benefit of prioritizing
easy samples with low LBPE scores. Second, YOCO underscores the need to address the class
imbalance in condensed datasets and utilizes Balanced Construction to solve the problem. Our
experiments validated YOCQ'’s effectiveness across different networks and datasets. These insights
offer valuable directions for future dataset condensation and dataset pruning research.

We acknowledge several limitations and potential areas for further investigation. First, although our
method uses early training epochs to reduce computational costs, determining the sample importance
in the first few training epochs or even before training is interesting for future work. Second, we only
utilize the LBPE score to establish the importance of samples within the dataset. However, relying
on a single metric might not be the optimal approach. There are other importance metrics, such as
SSP and AUM [33]], that could be beneficial to integrate into our methodology. Third, as our
current work only covers clean datasets like CIFAR-10, the performance of our method on noisy
datasets requires further investigation.

The border impact is shown in Appendix C.
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