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Abstract

Dataset distillation, also known as dataset condensation,
aims to compress a large dataset into a compact synthetic
one. Existing methods perform dataset condensation by as-
suming a fixed storage or transmission budget. When the
budget changes, however, they have to repeat the synthe-
sizing process with access to original datasets, which is
highly cumbersome if not infeasible at all. In this paper,
we explore the problem of slimmable dataset condensation,
to extract a smaller synthetic dataset given only previous
condensation results. We first study the limitations of exist-
ing dataset condensation algorithms on such a successive
compression setting and identify two key factors: (1) the in-
consistency of neural networks over different compression
times and (2) the underdetermined solution space for syn-
thetic data. Accordingly, we propose a novel training ob-
Jjective for slimmable dataset condensation to explicitly ac-
count for both factors. Moreover, synthetic datasets in our
method adopt a significance-aware parameterization. The-
oretical derivation indicates that an upper-bounded error
can be achieved by discarding the minor components with-
out training. Alternatively, if training is allowed, this strat-
egy can serve as a strong initialization that enables a fast
convergence. Extensive comparisons and ablations demon-
strate the superiority of the proposed solution over existing
methods on multiple benchmarks.

1. Introductions

The success of deep learning is largely attributed to the
enormous amount of training data [5,8,12,15,21,36,37,41,
]. However, the massive data not only inevitably intro-
duces heavy burdens on storage and transmission but also
incommodes many applications that require training over
datasets multiple times, such as hyper-parameter optimiza-
tion [3, 9, 16, 29, 30] and neural architecture search [10,
,43,49]. Moreover, it raises concerns on privacy and
copyright if raw datasets are published and accessed di-
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Figure 1. Scenarios where slimmable dataset condensation is use-
ful: (a) adapting to devices with different storage budgets, (b) con-
tinual learning using a synthetic buffer with a fixed size, and (c)
federated learning with synthetic data where a dynamic number of
participants share the network bandwidth.
rectly [7,40,51]. These issues can be largely alleviated
by using smaller datasets containing only a few synthetic
samples but with performance similar to the original ones.
How to compress a given real dataset into such a synthetic
dataset is the main focus of dataset distillation, also known
as dataset condensation (DC), whose concept is introduced
by Wang et al. [45] and further developed by a series of
following works recently [2,17,28,33,34,44,54,55,57,58].

Specifically, existing DC approaches work under a pre-
defined storage budget, e.g., the number of images per class.
Although it has been demonstrated that most performance
of original datasets can be recovered by the synthetic ones
with only a few synthetic samples, the fixed storage budget
does not take the variations of the storage budget into con-
sideration. Some examples are shown in Fig. 1. On the
one hand, different devices may have different storage and
transmission resources. On the other hand, in applications
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like continual learning [4,31,32,38,39,46,52] and federated
learning [11,13,19,25,26,42,48,59], the storage and trans-
mission budgets may change on different occasions, since
a replay buffer with a static memory size needs to take ac-
count for more and more historical data, and the bandwidth
allocated to each participant is smaller with the increas-
ing number of participants, respectively. In these scenar-
ios where it is necessary to adapt to different capacities on
storage and transmission, or the budget is changed, exist-
ing algorithms have to repeat the synthesizing process for
the newly-defined budget with access to original datasets,
which is largely cumbersome if not infeasible at all due to
the lack of original data.

In this paper, we phrase the task of re-condensing a syn-
thetic dataset, derived from dataset distillation per se, as
slimmable dataset condensation (slimmable DC). In fact, it
even remains unclear whether a valid synthetic dataset can
be re-condensed from only previously condensed samples.
Unfortunately, we find that the answer is negative for exist-
ing state-of-the-art methods [28, 33, 34, 58]. The basic idea
of these methods is to optimize the validation error on real
datasets for models trained by synthetic ones. Although the
solution is effective for the original DC setting, it is not the
case for slimmable DC. Specifically, we reveal that since
the synthetic data for re-condensation are much less than
the original ones, existing methods suffer from two main is-
sues: (1) the performance is sensitive to the inconsistency of
neural networks adopted on different occasions of compres-
sion, and (2) solution spaces for re-condensed datasets be-
come underdetermined, which triggers deviations in train-
ing results and further leads to inferior performances.

To address these drawbacks, we propose to explicitly
regulate the consistency between the training effects using
synthetic datasets before and after a condensation step for
slimmable DC. Specifically, the proposed objective is com-
posed of two terms: first-order and infinity-order parame-
ter matching, which are designed to explicitly account for
the two aforementioned issues. The former encourages a
unified embedding space over different training iterations,
while the latter enforces the consistency of final training pa-
rameters in such a space. Optimized with the proposed ob-
jective function, we achieve favorable results for slimmable
DC: the performance of a further condensed dataset from
a previously condensed one effectively approaches that ob-
tained with access to the real dataset.

Moreover, for an efficient slimming procedure, we ex-
plore a significance-aware synthetic dataset parameteriza-
tion, which explicitly embeds a linear space with orthogonal
bases and askew-distributed singular values during training.
Theoretical derivation indicates an upper-bounded error by
discarding the minor components, i.e., bases with the small-
est singular values. This strategy may serve as either a
learning-free slimmable DC solution or a strong initializa-

tion in learning-based settings to accelerate convergence.
We conduct extensive experiments on multiple bench-
marks and applications, including continual learning and
federated learning, and demonstrate the effectiveness of the
proposed solution. Results suggest that our method out-
performs all state-of-the-art baselines by a large margin on
slimmable DC. Our contributions are summarized below:

* We introduce the task of slimmable dataset condensa-
tion beyond the typical DC setting, which alleviates
the dilemma of existing DC methods when the budget
changes for storage or transmission.

* We delve into the limitations of existing algorithms for
typical DC and propose a novel first-order and infinity-
order matching-based training objective pertinently for
slimmable DC.

* We propose a significance-aware synthetic dataset
parameterization with a theoretical guarantee for
learning-free slimmable DC or initialization to accel-
erate convergence in learning-based settings.

» Experiments on multiple benchmarks and applications
demonstrate the effectiveness of the proposed method
and its superiority over state-of-the-art baselines.

2. Related Works

The target of dataset distillation, or dataset condensa-
tion, is to synthesize a much smaller dataset whose train-
ing performance on deep neural networks can be compara-
ble with the original one. The seminal work by Wang et
al. [45] propose a bi-level learning framework, to minimize
the loss on real datasets for networks trained by synthetic
ones, which is known as the performance matching objec-
tive [53]. Since the GPU memory required for the bi-level
optimization increases proportionally with the number of
inner updates, this method can only take training effects for
a few steps with synthetic datasets into consideration, which
bottlenecks its performance. Works in recent years leverage
linear regression, by either approximating neural networks
as linear models [33, 34] or mapping samples to a linear
embedding space with non-linear neural networks [28, 58].
Due to the analytical optimal solution for linear regression,
these methods can access the optimal parameters trained
by synthetic datasets without computing higher-order gra-
dients, which achieves state-of-the-art DC performance.

On another line, Zhao et al. [57] propose the gradient
matching objective for DC, to overcome the inconvenience
of higher-order gradients in the seminal work [45], given
that gradients in neural networks can reflect the training ef-
fect of adopted datasets, whose performance is further im-
proved by a lot of following works [14,17,23,54]. In partic-
ular, Cazenavette et al. [2] propose to match training trajec-
tories between synthetic datasets and real ones, which can
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be viewed as a more general gradient matching framework
considering higher-order gradients.

Some works adopt the distribution matching objec-
tive [44,55]. Although they often achieve inferior perfor-
mance, these methods enjoy overall fast optimization and
low GPU memory consumption, which makes them scale
up for larger synthetic datasets efficiently.

In this paper, we aim to study whether existing DC ap-
proaches are suitable for slimmable DC, i.e., a successive
condensation fashion. Thanks to the superior baseline per-
formance of the performance matching objective, the anal-
ysis mainly focuses on works in this direction. We find
that although they achieve state-of-the-art results for typ-
ical DC, the performance would drop significantly during
further condensation compared to retraining a synthetic set
with the same size using original datasets. We will also dis-
cuss the performance of other methods in the experiments.

There are also a series of works focusing on synthetic
data parameterization [6,17,22,27,56]. The essential idea
lies in that synthetic samples are stored in more parameter-
efficient ways other than formats of raw samples. In this
paper, the way of storing different components along with
their significance scores can also be viewed as an alternative
parameterization. However, our main focus is on slimmable
DC, while the emphasis of other works is on how to incor-
porate as many samples as possible given a fixed storage
budget, which is dramatically different.

3. Methods

This section introduces the proposed approach for
slimmable dataset condensation, i.e., how to extract a
smaller synthetic dataset from only a previously synthesized
one for a real target dataset.

3.1. Preliminary of Typical DC

Let T = (X, Y:), X; € R™*4 and Y; € R™*¢, denote
a target real dataset, where X; denotes samples, Y; denotes
the corresponding labels, n; is the number of samples in
the dataset, and each sample has d dimensions and c label
entries. For example, for RGB image classification tasks,
d = h x w x 3 and c is the number of classes. Dataset
condensation aims at a synthetic dataset S = (Xg,Ys),
X, € R%*d and Y, € R™*¢, where n, < n; is the size
of the synthetic dataset S.

A typical optimization objective for S is to minimize the
loss function on 7 for deep neural networks trained by S,
which is known as the performance matching objective. To
this end, recent approaches [28, 58] first embed all samples
with a pool of non-linear neural networks and then consider
the linear regression problem in embedding spaces, which
achieves state-of-the-art DC performance and ensures the
efficiency simultaneously. Formally, let X¢ € R™*/ denote
the output embedding of a neural network parameterized by

0 taking X as input, where f is the embedding dimension,
and the parameter 6 is drawn from a distribution ©. The
objective can be written as:
. t

in Bove, [ X7 XTY, = Vi3], M
where X{f TYS is the optimal linear regression parameter
with respect to (X?,Y,). Since the number of synthetic
samples is typically less than the dimension of feature em-

bedding, the pseudo inverse X‘fT should adopt the form of
XO0T(X9X9T)=1. For simplicity, we omit the regulariza-
tion term A/ added before the matrix inversion for numeri-
cal stability since the weight \ is typically a small constant
in practice and makes little difference to the final result.

O, in Eq. 1 denotes a pool of neural networks trained
by synthetic datasets S. In practice, O, and S are trained
alternately [58]. Specifically, in each iteration, a network is
sampled from the pool, and the synthetic dataset is updated
with Eq. | while the network is trained with the currently
synthetic dataset for one step.

3.2. Drawbacks in Slimmable DC

For slimmable DC, only given a previously synthesized
dataset S = (X, Ys), we aim at a even smaller synthetic
dataset S’ = (X7, Y/), which is expected to hold the opti-
mality of Eq. 1 when (X, Y;) is substituted with (X, YY).
In formal, using the same paradigm for further condensation
is to optimize the following objective:

min Egoe [IX0X2TY! - Vi3, )
X1,V!

which is expected to achieve:

. 6101
in Eovo, [Pep e

Y - V|7 (3)
Comparing Egs. 2 and 3, we find that for further condensa-
tion in slimmable DC, the distribution of neural networks is
desired to be consistent with that used in the first conden-
sation with real data and that the loss on unseen real data
is desired to be minimized for linear regression in embed-
ding spaces of these neural networks. Unfortunately, simply
adopting original methods for further compression can meet
neither goal through the following analysis.

Inconsistent Embedding Space: Analyzed from Eqgs.
2 and 3, the adopted neural network space is trained with
S’ while the desired space is with S. Given that the pool
of neural networks is not allowed to be stored for future
use, we find that the performance is sensitive to such in-
consistency without an explicit regulation in existing ap-
proaches'. We use linear embedding for illustration. As-
sume that (X,,Y;) minimizes the performance matching

I'Since S is available, we can recover the neural network pool with S
instead of using S’ as the original version does. However, this operation
does not support multiple-time slimmable condensation where S in the
first condensation becomes unavailable.
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Figure 2. Limitations of directly using existing DC approaches on
slimmable DC. (a) The solution plane by synthetic data can per-
fectly minimize the error on real data in the original linear space.
(b) Projecting the original space to another, e.g., 2 x scaling up for
axis x1 in this case, the solution plane by synthetic data shifts from
the optimal one. (c) If current synthetic data are used for further
condensation, the solution plane becomes underdetermined: any
plane passing through the two synthetic points can minimize the
error on current synthetic data, but cannot for real data.

loss for linear regression under a linear embedding func-
tion parameterized by 0, i.e., | X X?'Y, — Y||2. = 0, and
P € RF*/ is a projection matrix transforming this linear
space to another. The performance matching loss L, in
the new embedding space is then:

Lom = || X! P(X!P)Y. — Vi|| %
T,
=X/ PXP) T (XPPTX )Y, — Y2 @)
= |x/PPT (X! X)) T(PPT) XY, — YilI3.

Note that X?' X? cannot be canceled out since n, < f
typically, and thus the loss can be amplified by inconsistent
embedding functions, which negatively affects slimmable
DC. An illustrative example is shown in Fig. 2(b).

Underdetermined Solution Space: Even if the neural
networks for embedding, ©, and Oy, are the same in Egs.
2 and 3, we find that solutions by Eq. 2 cannot guarantee
the optimality of Eq. 3 due to the underdetermined solution
space. Specifically, the performance matching objective in
Eq. 2 enforces the parameters of linear regression with the
new synthetic dataset to minimize the error on the previous
one. Note that for the previously synthesized dataset, the
number of samples n is less than the embedding dimension
f. Thus, there are multiple, or an infinite number of param-
eters as optimal solutions of linear regression in slimmable
DC, but most of them cannot minimize the error on original
real datasets. In other words, the resultant (X, YY) by op-
timizing Eq. 2 also becomes underdetermined and fails to
achieve the goal in Eq. 3. Fig. 2(c) provides a visualized
example demonstrating this effect.

3.3. Parameter Matching for Slimmable DC

Based on the above analysis, inconsistent embedding
space and underdetermined solution space are the two ma-
jor obstacles to existing state-of-the-art DC approaches in
the setting of slimmable DC. Accordingly, in this paper, we

propose first-order and infinity-order parameter-matching
objectives specifically for slimmable DC.

First-Order Parameter Matching: The intuitive target
of first-order parameter matching is to enforce a consistent
neural network pool ©; in Eq. 1. Given that neural net-
works typically adopts gradient-decent-based solutions like
Adam [ 18], we consider the first-order gradient and encour-
age the consistency between parameters of a neural network
trained by previously condensed data and targeting further
condensed data in each iteration. This workflow is simi-
lar to the gradient matching objective [57]. However, in
this paper, we empirically find that it is sufficient to only
take gradients of the final linear layer into consideration,
which has an analytical form and can be computed more
efficiently without the necessity of second-order derivative
computation. Specifically, given the parameters of the final
linear layer w?, the embedding before this layer X, and
the corresponding label Y, the prediction, training loss, and
gradient with respect to the parameters can be computed by:

Y = X6w97
1,4 2
Etrain = §||Y - YHF’ (5)
acémm =XV —v)= X" (X’ — V).
w

The parameters are updated by a gradient decent step:
w! — w— 7]855;‘}“'", where 7 is the learning rate. The
first-order parameter matching loss with respective to the

further condensed data (X, Y/) in slimmable DC is:

Lom = [wi —wilF

(6)
= X2 (X0 =) = X (X0 — V)|

Infinity-Order Parameter Matching: The analysis in
Sec. 3.2 and the phenomenon in Fig. 2(c) indicate that
it is important to maintain the solution plane solved with
original real data during different times of condensation. To
this end, we explicitly enforce the consistency of optimal
linear regression parameters using their analytical form:

5 = Ix2"Y! - X2V
— ||X;9T(X;0X;9T)71Y; _ XET(XSQXST)71K||%
)
Since linear regression is a convex-optimization problem
and the solution would converge to the optimal analytical
one by sufficient gradient decent steps, we term this objec-
tive as infinity-order parameter matching denoted as L7, .
Interestingly, if we pre-multiply the content in the expec-
tation of Eq. 1 by Xf T, given that n, > f for real datasets,
XfTXf would result in an identity matrix and we derive
X0y, — X?7Y,||2., which indicates a theoretical equiva-
lency between performance matching and our infinity-order
parameter matching objectives in the special case. How-

ever, for further condensation using only (X,,Y), X?' x?
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cannot be canceled out since n; < f, the performance
matching objective fails to maintain the optimal parameters,
which makes it inapplicable for slimmable DC.

3.4. Significance-Aware Parameterization

In slimmable DC, it is expected that smaller synthetic
datasets could be established as efficiently as possible, with
only a few or even no training steps required. To this end,
we explore a significance-aware parameterization for syn-
thetic datasets. Motivated by singular value decomposition
(SVD), in this paper, we propose to learn a joint param-
eterization of different components and their correspond-
ing singular values, which represent their contribution to
the whole synthetic dataset. In specific, a synthetic dataset
(Xs,Ys) is parameterized by (U, %, V,,V,): V, € Rb*d
and V, € RY*¢ denote orthogonal bases for constructing
samples and labels respectively, where b is the total number
of components; ¥ = diag(sy,...,sp) withs; > -+ >
is a diagonal matrix, where each s; denotes the significance
of the i-th component; and U € R"™*? is an orthogonal
matrix representing coefficients of different components for
constructing each data. In this way, the synthetic samples
and corresponding labels are constructed by:

Xs =UXV,, Y, =UXV,. ®8)

One significant benefit of such a significance-aware pa-
rameterization is that it is possible to simply discard less
important components when we need to slim a synthetic
dataset, i.e., deleting the entries with least singular values
in X, the corresponding columns in U, and the correspond-
ing rows in V, and V,, which has the potential to serve
as a learning-free slimmable DC strategy. Alternatively, if
learning is allowed, it can also become a favorable initial-
ization for the slimmed datasets, which encourages fast con-
vergence in only a few training steps. Theoretically, in the
case of linear regression, the error on the resultant solution
plane satisfies the following proposition:

Proposition 1 In linear regression, if a synthetic dataset
(Xs,Ys) takes the parameterization in Eq. 8, and rows in
Ve and V,, corresponding to the least singular values in %,
denoted as V,, and V,,, are removed for slimmable DC, the
first-order parameter distance between parameters before
and after slimming is bounded by:

llws" — will? < s3] Xew — Vi3, ©)
and the infinity-order parameter distance is bounded by:
t t 7 To
XY = XT3 = Ve Vill3 < 1. (10)

The proof can be found in the supplement.

The bound in Eq. 9 indicates that maximizing the con-
tribution of the first component and minimizing others are
of great importance for maintaining the solution plane in

Algorithm 1 Slimmable Dataset Condensation.

Input: V., V,, ¥, and U: parameterization of a synthetic
dataset by Eq. 8; K: the number of components for
the slimmed dataset; 7": the number of allowed train-
ing steps; 7”: the number of maximal updated steps for
each neural network; M : the size of the neural network
pool.

Output: V/, Vy’ , ¥/, and U’: parameterization of the
slimmed dataset.

1: Initialize V;, V;/, ', and U’ by deleting components
with significance scores less than the K -th largest one;

2: Initialize the neural network pool ©;

3: Compute Xy = UXV, and Y, = UXV,;

4: for1 <i<Tdo

5: Compute X = U'Y'V and Y] = U'S'V;

6: Sample a neural network with parameter 6 from O;
7: Compute embedding X’? and X for X/ and X;
8: Gradient decent with Eq. 13 for V, Vy’ , Y and U’
9: Update 6 with (X7, Y/);

10: if 6 has been updated 7" times then
11: Reinitialize 6;

12: end if
13: end for

slimmable DC. Given that we choose components with the
least singular values for deletion, a skewed distribution for
all singular values would result in a smaller parameter dis-
tance compared with a uniform one. Thus, we add the fol-
lowing objective Lgxe,, on skewness:

si

25:1 s; .
In this paper, U, V,, and V,, are orthogonal matrices.
The orthogonality of U is enforced by conducting SVD to

a learnable matrix. For V, and V,, we add the following
regularization to encourage their orthogonality:

£skew =1- (11)

Lorino = |VaVi' =7+ IV,[ Vy — 17, (12)

given that the number of bases is smaller than the feature
dimension and larger than the number of label entries.

3.5. Overall Pipeline

Overall, given a previously synthesized dataset .S orga-
nized by Eq. 8 and a smaller storage budget K, we initially
discard components with singular values less than the K-th
largest one to fit the budget and then perform optimization
for a limited number of step 7', with a weighted combina-
tion of objectives in Eqgs. 6, 7, 11, and 12:

L= )‘I‘C;m + Aooﬁgfn + )\skewﬁskzew + )\orthoﬁortho» (13)

where each ) is the hyper-parameter controlling the weight
of the corresponding term. Alg. | summarizes the pipeline.
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Dataset FashionMNIST CIFAR10 CIFAR100
IPC | 50 20 10 5 2 1] 50 20 10 5 2 1] 20 10 5 2 1
RS | 8177 77.88 76.02 7247 6641 5532| 5510 4497 38.17 3271 21.88 2095 | 2323 17.74 1397 841 65l
RT | 8289 8437 8338 80.54 7607 7027| 5343 4973 4374 39.88 3889 2820 | 2893 2508 2129 1646 1244
DC LBS| -  79.60 7542 6792 6134 5735| - 4559 3983 3545 2965 2300 | - 2128 17.07 1263 9.34
[571  Gapl| - 477 796 1262 1473 1292 - 414 391 443 924 520 - 380 422 383 310
LFS | - 7225 7022 5639 5479 3484 - 4182 3266 2588 1876 1737 | - 2178 1330 674 464
RT | 8873 86.68 8527 8199 76.66 70.33| 6058 57.11 5215 4731 3423 2810 | 36.35 3249 2735 2047 1381
DSA LBS| - 8608 8332 79.17 7029 5158 - 5277 4655 3951 3007 2048 | - 2989 2434 1761 11.62
[54 Gapl| - 060 195 282 637 1875 - 434 560 780 416 762 - 260 301 286 219
LFS | - 7986 7414 7127 5463 4381| - 4154 2929 2756 2010 1405 | - 2369 1492 806 495
RT | 8820 8621 8384 8089 7442 7145 62.94 5541 4880 4289 3350 27.08 | 3439 2933 2391 1598 1151
DM LBS | - 8592 8321 8021 7378 70.69| - 5647 49890 4357 3435 2667 | - 3084 2474 1647 1162
[551  Gapl| - 029 063 068 064 076 | -  -106 -1.09 -068 -085 041 - -151  -083 049 -0.11
LFS | - 8105 7856 68.04 5922 5848| - 4676 3535 2534 1605 1381 | - 2672 1569 795 522
RT | 89.06 86.81 8516 83.13 7796 70.64| 69.32 6201 5850 5213 4412 3534 | 4199 3608 30.68 2334 17.93
IDC  LBS | - 8481 8336 8116 7652 67.73| - 5877 5424 4783 3861 29.16 | - 3516 2829 1839 1340
[17]  Gap{| - 200 18 197 144 291 | - 324 426 430 551 6.8 - 092 239 495 453
LFS | - 8257 77.02 7441 6086 5275 - 5191 4217 3020 2284 1768 | - 3025 1950 1096 7.63
RT | 89.15 8744 8554 83.80 7991 7544| 7103 68.63 6576 61.07 5324 4324 | 40.57 3997 3634 31.63 27.07
FRePo LBS | - 8660 81.53 6774 3344 2924| - 6564 5376 3802 1731 1101 | - 3553 3208 2651 19.27
[581 Gapl| - 084 401 1606 4647 4620 - 299 1200 2305 3593 3223 | - 444 426 512 780
LFS | - 8259 7565 7176 6194 4400/ -  59.14 5048 3834 2960 1822 | - 3518 3000 1994 13.63
RT | 83.68 8750 86.65 8354 79.63 74.14| 7033 67.60 6457 5949 5288 43.56 | 4247 4029 3642 3228 2675
ous LBS| - 8681 8518 8362 7858 7274| - 6793 6396 6105 5582 4777 | - 3623 3349 2927 2604
Gapl| - 069 147 -008 105 140 | -  -033 061 -1.56 -2.94 421 - 406 293 301 071
LFS | - 8296 7671 7472 69.52 6643 - 6205 4889 4048 3651 33.09 | - 3539 2858 23.69 20.34

Table 1. Comparisons with typical DC methods on the performance of slimmable DC. IPC: number of images per class. RT: retraining
using original datasets. LBS: learning-based slimming. LFS: learning-free slimming. RS: randomly selected real images.

4. Experiments
4.1. Settings and Implementation Details

To evaluate the performance of our method in slimmable
DC, we mainly consider the following successive compres-
sion setting in experiments. A given real dataset is first con-
densed to a synthetic one with relatively large size. Then,
it is shrunk to a smaller set step by step where given only
the set before the current step. We consider two fashions:
learning-based and learning-free slimmable DC in this pa-
per, where the former allows using a limited number of
optimization steps to slim a dataset, while the latter does
not. The evaluation metric consists of two parts: the abso-
lute accuracy for downstream models trained by slimmed
datasets and the performance gap with an equal-size syn-
thetic dataset condensed directly from the real dataset.

Following previous works on DC, we conduct ex-
periments on benchmarked datasets including FashionM-
NIST [47], CIFAR10, and CIFAR100 [20]. The number
of classes is 10, 10, and 100, and the total number of im-
ages is 70,000, 60,000, and 60,000 respectively. For Fash-
ionMNIST and CIFARI10, sizes of synthetic datasets are
50 — 20 — 10 —+ 5 — 2 — 1 images per class (IPC) for
successive compression, and for CIFAR100, the sequence
is 20 — 10 —- 5 — 2 — 1. Experiments on more datasets
and settings can be found in the supplement.

We start the implementation of the main pipeline of
slimmable dataset condensation in Alg. 1 following the
JAX [1] framework of FRePo [58], which is a performance-

matching based dataset condensation solution and achieves
state-of-the-art performance on typical DC settings. The
hyper-parameters A1, Aoo, Askew, and Aypeno are empiri-
cally set as le — 2, 1, 1le — 2, and le — 4 respectively by
default and the sensitivity analysis is conducted in Sec. 4.3.
The training iteration 7' is 30,000. For the significance-
aware parameterization, samples of each class share the
same U and X for memory efficiency and we simply set
ns = b for U € R™*? in each class and initialize it with
an identity matrix when training with real datasets. Other
configurations like network architectures for training and
evaluation hold the same as FRePo if not specified. All
quantitative results are based on the average of 5 repeated
evaluations. Full results can be found in the supplement.

4.2. Comparisons with Typical DC Methods

In this section, we are interested in the question that
whether existing algorithms for typical DC settings sup-
port slimmable condensation, i.e., taking a previously com-
pressed dataset as the input for further condensation and
producing a slimmed set representative for the original
real one. Thus, we adopt all three categories of DC ap-
proaches as candidates, including three gradient-matching-
based methods: DC [57], DSA [54], and IDC [17], one
distribution-matching based method: DM [55], and one
performance-matching based method: FRePo [58]. Their
performances on slimmable DC settings mentioned above
are listed in Tab. 1. We can figure out that: (1) Gradient-
matching-based methods in slimmable DC demonstrate
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IPC | 50 20 10 5 2 1
FRePo-RT | 62.11 5807 5171 4469 3465 2528
FRePo-LFS - 5322 3934 2397 1409 1160
ResNet Gapl - 485 1237 2072 2056 13.68
Ours-RT | 6205 5576 49.64 4326 3433 2463
Ours-LFS - 56.24 4941 4373 3274 2556
Gapl - 048 023 047 159  -0.93
FRePo-RT | 68.11 6441 59.68 5527 4678 38.03
FRePo-LFS - 50.65 44.03 2924 1485 1176

AlexNet Gapl - 4.76 15.65 2603 3193 2627

Ours-RT 68.67 63.37 5857 5285 47.55 37.13

Ours-LFS - 6391 5733 5374 4527 36.27

Gapl - -0.54 1.24 -0.89 228 0.86

FRePo-RT 60.89 5430 46.71 4222 34.02 28.50
FRePo-LFS - 5072 3479  23.11 1293  10.69

VGG Gapl - 3.58 11.92  19.11 21.09 17.81
Ours-RT 60.27 5235 4452 38.16 3375 28.92

Ours-LFS - 54778 4378 3743 3231  28.02

Gapl - -2.43 0.74 0.73 1.44 0.90

Table 2. Comparisons with the performance-matching baseline
FRePo [58] on cross-architecture performance on slimmable DC.

a moderate amount of performance dropping compared
with the benchmarked result of retraining using the orig-
inal dataset. The possible reason is that only single-step
gradient matching is insufficient to preserve consistent neu-
ral networks used in different compression times. (2)
Distribution-matching-based DM can recover or even sur-
pass its benchmark, which is not surprising given the anal-
ysis in Sec. 3.2. It adopts random neural networks with-
out any learning bias and thus ensures a consistent embed-
ding space. The mean vector in this space is also read-
ily preserved during multi-time compression. Neverthe-
less, its inferior absolute accuracy makes it a less satisfac-
tory slimmable DC algorithm. (3) Performance-matching
based FRePo is incompetent for slimmable DC with dra-
matic performance drop from the benchmark based on the
analysis in Sec. 3.2. (4) The proposed method based on
first-order and infinity-order parameter matching accounts
for the above factors and performs well on both absolute
accuracy and performance gap with the benchmark®.

We also report results of our learning-free slimmable DC
based on the significance-aware parameterization in Tab. 1,
where results of other methods are based on a random selec-
tion of synthetic samples. We find that our method achieves
significantly superior performance for relatively small stor-
age budgets and at least comparable results in general.

Moreover, Tab. 2 shows the comparisons with the
performance-matching based FRePo on the cross-
architecture performance of slimmable DC on CIFARI10,
with three different architectures: ResNet-18 [12],
AlexNet [21], and VGG-11 [41]. We can observe that the
results are still comparable with the benchmark. Therefore,
the superiority of our method also holds given different

2We omit MTT [2] here since it requires caching hundreds of training
trajectories beforehand, which fulfills neither memory nor time constraints
imposed by slimmable DC. More analysis can be found in the supplement.

architectures during training and evaluation.

4.3. Ablation Studies

Learning-Based Slimmable DC: The proposed first-
order parameter matching objective Eil,m and infinity-order
parameter matching objective L7, are expected to address
problems of inconsistent embedding space and underdeter-
mined solution space respectively. To demonstrate their ef-
fectiveness, on CIFAR10, we try removing L}m and replac-
ing £, with the original performance-matching objective
in Fig. 3(left). We can observe that E;f;‘n is a fatal con-
straint to maintain the performance during successive com-
pression. Moreover, removing Ezl,m would also cause a per-
formance drop compared with the full version.

To figure out how this objective works, we use slimmed
datasets trained with and without this objective, denoted as
S’y and §',,, respectively, and the synthetic dataset before
slimmed S, to train the same network ¢, separately, and the
trained networks are denoted as ¢/, ¢! ., and ¢. We then
send S to ¢!, ¢, and ¢, and calculate the embedding dis-
tances: ||, (S) — ¢(S)[% and [[6,,(S) — 4(S)[3. which
are plotted as Fig. 3(right) for each iteration on CIFAR10
with 1 IPC. It turns out that the embedding distance for S,
does not increase with training using different data, unlike
Swo- Thus, ,Czl,m encourages a consistent embedding space
and thus benefits slimmable DC.

Learning-Free Slimmable DC: According to Prop. 1,
objectives of Lsge and L,1h, Would contribute to mini-
mizing the first-order and infinity-order parameter distances
and encourage promising results of learning-free slimmable
DC. As shown in Fig. 4(left), we also witness this effect in
the experiments on CIFAR10, where removing any of them
would decrease performances. Also, the results of learning-
free slimming can serve as a strong initialization to benefit
the learning-based setting. As shown in Fig. 4(right), on CI-
FAR10 with 1 IPC, this initialization strategy can accelerate
the training convergence to the final performance compared
with not using this parameterization. Here, for a fair com-
parison, we also provide results of the same parameteriza-
tion, but without Lgpe. Or Lorthe, Which achieves inferior
performance. In other words, the success of the proposed
learning-free slimming solution relies on both the parame-
terization and the constraints imposed by the loss terms.

Qualitative Visualization: We visualize results of our
learning-based and learning-free slimmable DC methods in
Figs. 5 and 6 respectively. In the learning-based case, com-
pared with FRePo [58], our method can still preserve clear
contents of target semantics, while the content structures
by FRePo are nearly indistinguishable. Given that there is
some positive correlation between performance and qual-
ity of synthetic images [58], our method performs better in
slimmable DC. In the learning-free case, we observe that the
deleted components contain mainly minor structures and
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Flgure 5. Visualizations of LBS on CIFARIO w1th 1 IPC.
less-significant information, while major contours and se-
mantics are preserved in components with the largest singu-
lar values. It turns out that reconstructed results using top-
20 components only lose some details and become vague.

4.4. Applications

We demonstrate the practical applications of slimmable
DC with two examples: continual learning and federated
learning. Continual learning aims at learning from a se-
quence of tasks. Data of previous tasks are unavailable
when learning the current task. DC is useful in this area
to compress data into a small buffer for future use [35].
Following the configuration of previous works [17,55, 58],
we conduct experiments on CIFAR100 with 5 sequentially-
coming tasks, where each task includes random 20 classes.
However, previous works assume that the size of the syn-
thetic buffer is proportional to the number of seen classes.
In this paper, we consider a more practical case where the
size of the buffer is fixed and we do not know the total num-
ber of classes in advance. Thus, when new classes come and
the buffer has been used up, we have to conduct slimmable
condensation first. Here, if the size of the buffer is 500 im-
ages in total, then the number of synthetic images per class
rounded up should be 25 — 13 — 9 — 7 — 5 respec-
tively when each new task comes. The performance of our
method and FRePo baseline is shown in Fig. 7(left).

In federated learning, multiple users jointly train a model
with data privacy protection. DC achieves this goal by up-
loading synthetic samples rather than raw data [7]. Simi-
larly, assume there are 5 participants in maximal and each
has 20 classes, with 25 synthetic images per class. The max-
imal network bandwidth is 500 images. If there is more
than 1 participant, they have to slim their synthetic dataset
to adapt to the per-user bandwidth, e.g., the case of 3 par-
ticipants can support 9 images per class. The performance
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Figure 7. Comparisons with the performance matching baseline

on applications of slimmable DC: continual learning using a syn-
thetic buffer with a fixed size (left) and federated learning with a
dynamic number of participant (right).

is shown in Fig. 7(right). Unlike continual learning, we do
not need to consider successive compression in this case but
start from initial datasets given a slimming request. Thus,
the performance of FRePo does not drop too much com-
pared with that of continual learning. Please refer to the
supplement for more different settings of these applications.

5. Conclusions

In this paper, we focus on slimmable dataset condensa-
tion, a topic overlooked by existing DC approaches but im-
portant in practice, to extract a slimmed synthetic dataset
only given a previously synthesized one, without access
to the original real dataset. We identify the limitation of
directly applying existing DC methods on slimmable DC,
and accordingly propose an appropriate training objective
to tackle the drawbacks of inconsistent network space and
underdetermined solution space. Moreover, we devise a
significance-aware synthetic data parameterization with an
upper-bounded error for slimmable DC. Discarding the less
important components may serve as either a learning-free
slimming solution or a strong initialization to boost the
training efficiency in learning-based slimmable DC. Exper-
iments on multiple benchmarks and applications demon-
strate the superiority of our method on slimmable DC over
state-of-the-art typical DC algorithms.
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