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Abstract

Deep models are designed to operate on huge
volumes of high dimensional data such as im-
ages. In order to reduce the volume of data these
models must process, we propose a set-based two-
stage end-to-end neural subsampling model that
is jointly optimized with an arbitrary downstream
task network (e.g. classifier). In the first stage,
we efficiently subsample candidate elements us-
ing conditionally independent Bernoulli random
variables by capturing coarse grained global infor-
mation using set encoding functions, followed by
conditionally dependent autoregressive subsam-
pling of the candidate elements using Categorical
random variables by modeling pair-wise interac-
tions using set attention networks in the second
stage. We apply our method to feature and in-
stance selection and show that it outperforms the
relevant baselines under low subsampling rates
on a variety of tasks including image classifica-
tion, image reconstruction, function reconstruc-
tion and few-shot classification. Additionally, for
nonparametric models such as Neural Processes
that require to leverage the whole training data
at inference time, we show that our method en-
hances the scalability of these models.

1. Introduction

Deep models operate on large volumes of high-dimensional
dense inputs such as the pixels of an image (Deng et al.,
2009; Krizhevsky et al., 2009; Liu et al., 2015). Train-
ing or evaluating models with such data is computationally
expensive and several works (Balin et al., 2019; Huijben
et al., 2019; Yoon et al., 2019) have proposed subsampling
techniques to subsample such dense inputs. Subsampling
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methods have the potential to drastically reduce the data ac-
quisition effort and reduce the inference time of algorithms
that operate on dense inputs. Additionally, subsampling
techniques have found applications in medical research for
the purpose of interpretation (Ribeiro et al., 2016).

However, these methods have a major drawback in that they
require a fixed input structure. For instance, some of these
methods are only applicable when each feature (e.g. a pixel)
of the input is 1-dimensional. This restriction is imposed by
the way the subsampling methods are designed: the input
(e.g. an image) is flattened to a single vector and a model
predicts a binary mask for each feature (e.g. pixels). This
becomes problematic when we consider a 3-channel image.
Flattening out the image results in ambiguities as to which
pixels to select since channels are treated independently. For
instance, in order to perform subsampling on CIFAR10 im-
ages, INVASE (Yoon et al., 2019) and DPS (Huijben et al.,
2019) convert the images into single channel images (e.g.
grey-scaled images) before subsampling pixels. In more
extreme cases such as subsampling of training instances
(different from instance-wise feature selection), each feature
is itself an image (each possibly multi-channel) and hence
those subsampling techniques are inapplicable. Finally, we
show in our experiments that most of these methods fail un-
der extremely low subsampling rates and their performance
is similar to random sampling in this setting.

In order to tackle these limitation, we propose to consider
each feature or instance as an element of a set. We formulate
the subsampling problem as selecting a subset of features or
instances that minimizes the performance degradation of an
arbitrary model on an arbitrary task such as image classifi-
cation, regression or instance subsampling for target tasks
such as few-shot classification. As a result, there are several
advantages compared to the previous works. First, we can
handle arbitrary input structure using set functions (Zaheer
etal., 2017; Lee et al., 2019) parameterized with expressive
neural networks. Second, a subsampling model with set
functions can process arbitrary number of elements. As a
result, the model is robust to a wide range of subsampling
rates at test time even when trained with a fixed sampling
rate. Lastly, the set-based formulation unifies the feature
and instance subsampling tasks under a single framework.

However, it is prohibitively expensive to process all the
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(a) Candidate Selection

(b) Autoregressive Subsampling

Figure 1. Concept: Two-stage set-based stochastic subsampling process. (a) In the first stage, we screen out less important samples to
construct the candidate subset. (b) In the second stage, we autoregressively subsample from the candidate subset.

set elements (e.g. all the pixels in an image) with expres-
sive set function such as Set Transformer (Lee et al., 2019)
due to the self-attention among elements. Hence we pro-
pose an efficient two-stage subsampling method. In the
first stage, as shown in Fig. 1-(a), we learn the sampling
rate for individual samples and efficiently screen out less
important ones resulting in a subset which we call the can-
didate set. The second stage is more fine-grained and de-
signed to select a smaller subset from the candidate set by
considering the relative importance of the samples in the
candidate set using a conditionally dependent Categorical
distribution through an autoregressive procedure as shown
in Fig. 1-(b). Once optimized, the resulting subsampling
model can perform stochastic subsampling of a given input
with linear time complexity. We call the resulting model
Set based Stochastic Subsampling (SSS) which is a general
subsampling framework that is applicable to both feature
and instance selection.

We validate SSS on multiple datasets and tasks such as 1D
function regression, 2D image reconstruction and classifica-
tion for both feature and instance selection. The experimen-
tal results show that SSS is able to subsample with minimal
degradation on the target task performance under extremely
low subsampling rates, largely outperforming the relevant
baselines. We summarize our contribution as follows.

* We reformulate the feature and instance subsampling
problem by treating all the features or instances as
members of a set. This allows us to apply set based
functions to the subsampling problem and extend its
range of applicability.

* We propose a set based two-stage stochastic subsam-
pling method that learns to efficiently subsample a set
with minimal performance degradation on a target task.

* We verify the efficacy and generality of our method on
various datasets for feature selection in the input space
(e.g. pixels) and instance selection from a dataset,
and show that it significantly outperforms the relevant
baselines.

2. Related Work

Set Functions Recently, extensive research efforts have
been made in the area of set representation learning with the
goal of obtaining order-invariant (or equivariant) and size-
invariant representations. Many propose simple methods to
obtain set representations by applying non-linear transforma-
tions to each element before a pooling layer (Ravanbakhsh
et al., 2016; Qi et al., 2017b; Zaheer et al., 2017; Sannai
et al., 2019). However, these models have limited expres-
sive power. Other approaches such as Set Transformer (Lee
et al., 2019) consider the pairwise interactions among set
elements and hence can capture more complex statistics of
set distributions. For large sets, the computational cost is
expensive due to the self-attention operation.

Deep Learning Based Subsampling Interest in deep
learning based subsampling methods has produced many
works mostly applied to feature selection. In Balin et al.
(2019), continuous approximation of the Concrete Distri-
bution (Maddison et al., 2017) is used for global feature
selection where a fixed set of features are sampled across an
entire dataset. In Chen et al. (2018), instance-wise feature
selection is used for interpretation of deep learning models
applied to medical data. Dovrat et al. (2019) propose learn-
ing to subsample by generating virtual points, then matching
them back to the original input. Several works (Qi et al.,
2017a;c; Li et al., 2018b; Eldar et al., 1997; Moenning &
Dodgson, 2003) also propose farthest point sampling, which
selects K points from an input by ensuring that the selected
samples are far from each other on a metric space. However
our work is most similar to the recent works of Yoon et al.
(2019) and Huijben et al. (2019) which learn a subsampling
model conditioned on an given task. However these models
have limitations both in terms of their range of applicability
and poor performance under extremely low subsampling
rates. Our method on the other hand is flexible, performs
well under extremely low subsampling rates, and applicable
to a wide range of subsampling problems.

Image Compression Due to the huge demand for data trans-
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fer over the internet, some works attempt to compress inbDe nition 3.3 (Permutation Equivariance)We sayf

ages with minimal distortion. These models (Todericietal. X" ! Y" is permutation equivariant iff (f (x)) =

2017; Rippel & Bourdev, 2017; Mentzer et al., 2018; Li f ( (x)) forall 2 S, andforallx 2 X".

ethal., fr?lga) ti’jpiC?"y cfonsistﬂ?f an encoqtﬁr and dec?debe nition 3.4 (Exchangeability) A distribution for a set of
where the encoder transforms the image with a compact m i = fy. . i i -

trix and the decoder reconstructs the image. These metho%n?ir])q)\?i?ztﬁlexz S : Xigiy Is exchangeable [p(X)

while highly successful for the image compression problem,

are less exible than ours. Our model can be applied to arin the following sections, we propose a two-stage Set based
bitrary set structured data while the aforementioned modelStochastic Subsampling (SSS) method that leverages permu-
mainly work for images represented in tensor form. tation invariant and equivariant set functions parameterized

Active Learning Active learning aims to select data points byt tto learn ;hs fond;tlotnal dldsttr':butlop (SS{D)' ;I'he
for labeling given a small labeled set. This domain is dif- rststage,candidate selectigrand the second stagajtore-

ferent from ours since active learning does not consider thgr:Ses';’.ﬁgigstﬁgse;er;ﬁqﬁzr'!”;;;at:csi 'rt‘)g;gn;llinln griqe;erﬁl,
label information for the selected data points but our method" &3 P u ping mobly

does utilize label information. Also, our motivation is quite mrllnlmlzmgdthe ftoIIowmg IOSiEP(D)[Ept(DéiDt).[b( t;.DS)]]’
different. We focus on optimal subsampling conditioned on” erep( ) denotes some unknown data distribution.
an arbitrary task and this greatly differs from the goal of

active learning. Methods such as (Sener & Savarese, 2018;2- Set based Stochastic Subsampling

Coleman et al., 2020; Wei et al., 2015) all tackle the datayg selectD s, we propose to model the pairwise interactions
selection problem in the active learning setting. among the elements &f and then choose a few representa-

Core-set SelectiorCore-set (Feldman, 2020) methods aim tive elements iD ba_sed on t.he relative sample importance
at selecting a smaWeightedsubset of a given dataset that cOmputed from the interaction scores. However, when the
approximates the fultiatasetwith theoretical guarantees. cardinality ofD is large, modeling pairwise interactions
They are mostly targeted at instance selection and not, iR€COMes computationally infeasible since we neebto-
generally, applicable to feature selection. Although we carPare €ach element ib with all the other elementsThis
utilize our subsampling method, SSS, for some instancgor_nputatlonal _bottleneck motivates the rst stage of SSS of
selection tasks, our subsamplimg method, as well as thod#hich the goal is to construct a smaller sutisgt which we

of Huijben et al. (2019) and Yoon et al. (2019)rista referto as th«-:a_ndldate_ setat a coarse level without pon5|d-
core-set selection method. Ours is based on a data drivéi{ing pairwise interaction. We call the rst stagandidate
approach, where we leverage expressive neural networke!ectionand the second stage, which is more ne-grained,
to learn to subsample the most representative subset f@ttoregressive subset selectiamd select® from De.

various downstream tasks.
3.3. Candidate Selection

3. Approach We formulate the candidate selection problem as a random
Bernoulli process where the parameters of the Beronulli
distribution are conditioned on tset representationf D

We consider a sdd = fdig', as aninputwhere each  and the individual element} 2 D. Speci cally, we rst
either represents an instance-label griry;) or afeature ~ encode the sdd to a single representatidd, with a set
such as the pixel value of animage. We cast the subsamplingncoding function (see Fig. 1-(a)) as follows:

problem as the selection of a subBet = fs; gjk:1 D 0
withk  nsuchthat(;D) (;Ds) for an arbitrary De= =  g(d); n=jDj (1)
loss function™( ;D) over the full setD. In order to ap- L

ply set functlpns o the subsampling problem, we need t(\)/vhereg is a neural network which projects each element
properly design the neural network components to have

X . S in D independently to a lower dimensiorD, captures
some symmetrical properties such as permutation invari-

ance (De nition 3.2), equivariance (De nition 3.3), and coa_rse-gram_ed globgl |nformat|or_1|D1_W|_th computational
I . ef ciency. This encoding scheme is similar to DeepSets (Za-
exchangeability (De nition 3.4).

heer et al., 2017) except that we do not perform message-

De nition 3.1 (Permutation) We say a function is a  passing, which is computationally expensive, between the
permutation iff 2 S, = ff :[n]! [n]]f is bijectivay. set elements.

3.1. Preliminaries

De nition 3.2 (Permutation Invariance)We say a function Proposition 3.5. Given the seD and the af ne transfor-
f : X" 1 Y ispermutation invariantiff ( (x)) = f(x)  mation with non-linearityg, the set encodin®. in Eq. 1 is
forall 2 S, andforallx 2 X". permutation invariant.
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We then concatenate evegyd;) with De, denoted asl. scores between eIementsmit) and' outputs element-
Thatis,d; = [d;; De], where[ ] is the concatenation opera- wise logits using the interaction scores. Furthé?, is the
tion. This ensures that each elemenDohas aglobalview  vector of interaction scores for all elementsid’ at the
of all the other elements in the set at a coarse level. For eacfyrrent time step. Given ~i(t) > Oforalli =1;:::;m¢,

di 2 D, we sampleamask p (zjd;;D) with we can compute the probability of an elemefit being

p (zijdi:D) = Ber(z:; (d@)); ()= (h(d)) (2 selected frorD{" as:

whereh is a neural network that outputs the logits for the N
probability thatd; is in the candidate s&@. and () is the p(sVip®;p¢t Vy= O, ©= Py )
sigmoid function, and Ber denotes the Bernoulli distribu- j=[1 7

tion. z; is a binary random variable where= 1 indicates

thatd; is an element irD.. We concatenate a#i's to  \wherem, = ng‘)j_ That is, we normalize(!) over all the

coo T el _ X 9 elements i at time stef to obtain a valid probability
from the Bernoulli distribution is not differentiable, during qictripution. The key to avoiding redundant elements in
training, we use the continuous relaxations of the BernouIIiDS lies in the fact that for each element addedtg its
distribution (Maddison et al., 2017; Jang et al., 2017; Galg|action is conditioned on both the candidate$t and
etal., 2017) to samplg for eachd;. This is illustrated s 5| the elements in the subsef' ¥ as described in Eq. 4
Mask Sampling in Fig. 1-(). Although pairwise interactions g 5 o the choice of the functioh, we use a MultiHead
are not considered in this stage, the ablation studies (Afxyention Block (MAB) (Lee et al., 2019) which we describe
pendix D) show that learning (zijd;; D) leads to selecting  j, getaj| inAppendix |. Additionally, we can stack multiple

highly informative samples compared to random selectiony;ags for the functionf to model higher level interactions.
of the candidate sé.. . _ o

o . ] ) Proposition 3.7. The functions andf , and the pairwise
Constraining the size ofD For computational ef ciency, jyteraction score, are permutation equivariant for all time

we want to restrict the size @, to save computational stepd in the autoregressive subset selection stage.

cost when constructin@s. Hence we introduce a sparse
n

Bernoulli priorp(Z) = ~j_; Ber(z;r) with smallr > 0 \wjth Eq. 5, we can sample an elemest!

and minimize tr]e KL divergence along with a target down-Ca( gt); e r(]gz) from the candidate subsBt" and con-
stream task losy ;D) w.r.t as follows:

structD? = D' Y [f sV g, where Cat is the Categorical
Epp) Ep (0.jo)[(;Ds)1+ KL[p (ZjD)jip(Z)] (3)  distribution. During training, it can be expensive to sample

) Q. . . k times from the Categorical distribution since it involves
wherep (ZjD) = ~i.; p (zjdi;D)and > Oisahyper-  ;omnuting Eq. 4« times. We remedy this by selectig

parmet(.er used to control th_e sparsity I(?veZm _ ~ elements fronD{" at once, which reduces the number of
Proposition 3.6. The candidate selection function which jterations tok=I for selectingk elements. We may also

outputs the probability for each elemetis permutation  samplel elements from the multinomial distribution with
equivariant and the probabilitp (ZjD) is exchangeable.  propability ) without replacement. However, this sam-
pling procedure is non-differentiable, and hence it cannot
3.4. Autoregressive Subset Selection be trained with backpropagation. Instead, we independently
At this stage in the pipeline, we have a St with m = samplel el'em.ent's from the qontinuous relaxation of Cat-
iD¢j j Dj, which is small enough to perform ne-grained egorical _d|str|but|ons (I\/Iadd|§(_)_n et al, 2017; Jang et al.,
subset selection through pairwise modeling. To select £017) using the same pr_obab_lhtle_s n Eq._ Sto approximate
subset withk elements fromD., we requirek iterative sgmpllng frqm the multlnomlgl d|str|but|on.as sI_10wn n
steps. As shown in Fig. 1-(b), at time stepve have the Fig. 1-(b). Slnce.we want to simulate sampling without re-
subseD!  constructed from the previous iteration with pIapement, we discard all elements sampled more than once.
o O _ e (). G « 1 This sampling procedure guarantees that we get at most
s’ = ;andD¢’ = fs;’;:ii;smg = DcnDs

) . c 1 Ys elements at each iteration. A similar sampling procedure is
Assuming we have a functidn f (Set Attentionin Fig 1-  gqqnted in previous works (Bal n et al., 2019: Chen et al.,
(b)) for modeling pairwise interactions between the elementszow)' We detail this training algorithm #ppendix B.
of an input set, we autoregressively compute the interaction

scores at time stefpas follows: Proofs of Propositions 3.5, 3.6 & 3.7 are in Appendix E.
() = (~ gt); e ~r(]§2) = ( f (D((:t); Dgt 1))) @) Time Complexity The time complexity of SSS depends

heavily on the choice of the functidn Using MAB asf ,
where () denotes the sigmoid function and f is a the time complexity of SSS i®(n) + O(k?m=l) where
composition of two neural networkg:computes interaction n;m;k correspond tgD], jD.j andjDj respectively.
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Figure 2.Target Tasks: (a) Feature selection for reconstructidfn) Feature selection for predictiofic) Selection of representative
instances(d) Instance selection for few-shot classi cation.

3.5. Tasks and predicts a distribution of the elements in the original

setD. It mimics the behaviour of a Gaussian Process but
with reduced inference complexity. We present experimen-
tal results for this task in Section 4.3 and a corresponding
graphical model depiction iAppendix F.

Set Classi cation & Prediction As shown in Fig. 2-(a),
we train a neural network parmeterized witho predict a
single target valugp for the subseDg of the given full
setD, whereD is a collection of the features from a single
instance such as the pixels of an image. For instance, thRataset Distillation: Instance Selectionin this task, we

the attributes of a face in animage. Here, our goal is leamningyith D) \ D) = ; fori 6 j andD® ™ p(D). The

to select the most representative sulidet D such that j

we can maximize _the log IikeIihootd)gp_(yDjD_s) with ngi)j i D] for each datas@ () = ORI 'dﬂ)g >

computational ef ciency. In order to achieve this goal, we (i) : ; ) Loveees

jointly train the SSS model and the neural network whichP+ Whered; " is a data point uniformly sampled from the

predicts the target valug, for D to minimize the negative entire datasetd. Using Celeb(A) dataset as an illustrative
o i !

log-likelihood, the loss functioR( ; D) described in Eq. 3 €Xa@mple, shown in Fig. 2-(cp™’ consists oh randomly

and KL divergence to enforce sparsityan(the selection sampled faces fror(r?) the entire dataset and t_he task is to

masks for the candidate set) as follows: construct a subse)s”’, most representative & (.

In order to learn to select the sub&et from eachD 2 D
(6)  with unsupervised learningve jointly train the SSS model

goal is to select the most representative suBsBt with

Ep)[Ep (0sjp)[ 10gp (YpjDs)]

+ KL[p (ZjD)iip(2)]] and a generative model such that the SSS model chooses
n ] the most representative subset so that the generative model
wherep(Z) = i, Ber(z;r) with smallr > 0. We pro-  ¢can reconstruct all the images 2 D from the subset.
vide egperlmenta'l results in Section 4.2 anda correspondlnga-vew’ we can minimize the sum of negative log-likelihood
graphical model iAppendix F. 420 logp (dijDs) for the loss function( ; Ds) and

Set ReconstructionGiven a full seD = fX;Y gconsist- KL divergence in Eq. 3. However, we nd that the genera-
ing of 2d coordinateX = fx; 2 R?gl., and correspond- tive model outputs mean images for dll To capture varia-
ing pixel valuesy = fy; 2 R%g, , we want to select the tions of different images, we introduce three latent variables
most representative subs®t = fXs;Ysj Xs  X;Ys i, G, andw; which both depend od;. We provide graphi-

Y g to reconstruct all pixel valugg 2 Y for eachx; 2 X,  cal modelillustration of this task in théppendix F. Since

as shown in Fig. 2-(b). We jointly train the SSS model andit is intractable to compute the log likelihodagp (dijDs)

a neural network with parametersjredicting pixe| values by marglnallzmg over all the latent variables, we derive the

to minimize the loss function w.r.tand as follows: upper bound of the marginal negative log likelihood using
variational inference and plug the upper bound into the loss

Ep)[Ep (0.jo)l logp (YjX;Ds)] function™( ; Ds) in Eq. 3 as follows:

7
+ KLIp ZID)ip()] @ »
Epo) Ep (0sip) [Eq (wicijaips) [ 10gp (dijwi;ci)]
We enforce sparsity on the subg2i by minimizing the di2D
KL-divergence betwe@n the mask probabijity(ZjD) and + KL[g (wijdi)jjp (wi)]l+ KL[g ( ijdi)jjp ( i)
sparse priop(Z) = ., Ber(z;r) with smallr > 0. i #

Moreover, minimizing the negative log likelihood, which + KL[q (cijDs; i)jjp (c)ll + KL[p (ZjD)jip(Z)]
corresponds to( ; Ds) in Eq. 3, ensures that the constructed ®)
Ds is the most representative for the downstream tasks. We

implementp (YjX;D ) as an Attentive Neural Process wherep ((Q) are priors on their respective latent variables,
(ANP) (Kim et al., 2019). The ANP takeBs as input p(Z) = ~[_; Ber(z;r) is sparse prior with smatl > 0
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over the mask for candidate set selection in §58) is  2)LTS (Dovrat et al., 2019): a model that learns to generate

the decoder to reconstrudt, and all variational posteriors k virtual elements which can be matched to elemeni3 in

g () are parameterized with neural networks. All priors and optimized for the downstream task. We use LTS for both

are the standard normal distribution. the function reconstruction and the image reconstruction

In summary, we jointly train both the SSS and generativetaSks' DPS and IN_VASE_ar_e not gppllcable for these_tasks
A L since each feature is multi-dimensional. Note that LTS is not

model to minimize the objective in Eq. 8 w.r;t , and

forall D 2 D and leverage the optimized SSS to select aapphcable for the classi cation tasks since the virtual points

S . %enerated by LTS cannot be converted back into image form
few representative instances of the dataset, which results M cerve as inout to an image classi er
distilled dataset. Experimental results are in Section 4.4. P 9 '

o L . Instance Selectiornin Section 4.4, we compare SSS with
Dataset Distillation: Classi cation Finally for the dataset 1) k-Center-Greedy: this algorithm iteratively selects el-

distillation task, we cons_|der_the problem qf se_lectmg prOto'ements irD closest to a set of centroids andERS this
types for few-shot classi cation as shown in Fig. 2-(d). We . . : .
. algorithm iteratively selects the most distant elements to a
adopt Prototypical Networks (Snell et al., 2017) and deploy S .
X ! randomly initializedD s and3) Random Selectioron the
the SSS model for selecting representative prototypes from .
N .. Instance selection tasks. Here also, DPS, INVASE, and LTS
the support set for each class. We minimize the obJectNeélre all inaoplicable
in Eg. 3, where we use the distance loss induced by the PP '
metric space from Prototypical Networks for the target taskMultiple Subsampling RatesFor all the neural network
loss™( ; Ds), to jointly train the Prototypical Networks and based baselines (DPS, INVASE, LTS), we train a separate
SSS. Note that we ud®g, the subset of the support set, for model foreverysubsampling rate. For instance, to select
computing loss and prediction. By learning to select thel5, 20, 25, 30, 50 and 100 pixels from MNIST images in
prototypes, we can remove outliers that would otherwiseSection 4.2, we need to train 6 different models for DPS,
change the decision boundaries in the classi cation taskNVASE and LTS each with the corresponding target sub-
where we need to predict the lalyelfor an unseen instance sampling rate. However for SSS, we traisiaglemodel and

X . Experimental results for this task are in Section 4.4 andzary the sampling rate on each iteration. During evaluation,

its graphical model description is Appendix F. we use this single model faidl the different sampling rates.
We nd that applying a similar training technique to the
4. Experiments baselines result in drastic performance degradation. Thus

the set formulation of SSS makes it generalize to varying
An extensiveAblation on SSS can be found #ppendix D.  subsampling rates at test time with train time ef ciency.

4.1. Baselines

Feature Selection for Classi cationWe compare SSS with

the following models on MNIST. 1Random Selection Figure 5.(a) Full-image,(b) Random(c) DPS,(d) INVASE, (e)

it randomly subsamples features. RIPS (Huijben et al.,,  SSS. All models select 15 pixels of the original image. Note that
2019): this model jointly optimizes the sampling param-under these low subsampling rates, the baseline models end up
eters along with the parameters of a task modelIN3)  selecting background pixels as showr(éhand(d).

VASE (Yoon et al., 2019): this model uses actor-critic (Pe-

ters & Schaal, 2008) to optimize the parameters of a sanf-2- Feature Selection for Classi cation

pling network and target task model (Section 4.2). In this subsection, we validate our model on the image
Additionally, we perform attribute classi cation on the classi cation task with feature selection as illustrated in

CelebA dataset using the selected features from a givefild- 2-(2). The goal is to select a subset of pixels of an
image. However, weannotapply DPS and INVASE to this Image and predict the label using the chosen subset.

experiment. Since each feature is a tuple of 3-d RGB pixelgyINIST Given an MNIST image with 784 pixels, the task
attening these features results in ambiguities as to whichs to subsamlpe 15, 20, 25, 30, 50 and 100 pixels to be used
features to select with INVASE or DPS. For instance, applyzas input to train and evaluate two classi cation models, a
ing these methods to a 3-channel image can resultin som@_p and a ConvNet. We detail the exact architectures in
channels being selected by the models, while others argppendix 1.2. Since images in the MNIST dataset have
zeroed out. It might lead to the entire pixel being preservedingle channel, each feature is of dimension 1 and thus we
and hence violate the subsampling objective. can train a classi er with DPS or INVASE. We keep the

Feature Selection for Reconstructiorin Section 4.3 we Pixels values for the selected pixels and set all the other

compare SSS against the followings.Random Selection pixels to zero. Note that we set the subsampling rates to be
much lower than the experimental setup in Huijben et al.
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(a) (b) (©) (d)
Figure 3.(a) MNIST Classi cation. (b) CelebA classi cation(c) 1D Function Reconstructiorid) Image Reconstruction on CelebA.

Figure 4.Visualization of 1D function reconstruction with three different subset selection models.

(2019) and Yoon et al. (2019). ( 1.3% of total pixels in an image), SSS achieves a mean
AUC of 0.9093 (99.3% of the accuracy obtained with the

As shown in Fig. 3a, SSS signi cantly outperforms all the full image). SSS achieves a signi cantly higher AUC score

baselines with large margin on both the MLP and ConvNe ) . .

. : : .than Random Selection, showing the effectiveness of our
architectures. The MLP is the same architecture used "YQubset selection method. We also include another baseline
Huijben et al. (2019). However, we test on the full MNIST ' '

test set instead of reserving half the test set for validation agamelySSS-rec This is the SSS model trained for im-

done in Huijben et al. (2019). SSS reacB886accuracy age reco_nstr_uctlon in the Section 43 but then later used
. . for classi cation without any netuning. Our model also

using only 15 pixels and shows better performance than . . . . .

’ . . outperforms this variant, showing the effectiveness of train-

the baselines with 100 pixels. Moreover under these low

subsampling rates, the performance on the baselines alg with the target task. Note that we cannot apply LTS,

on par with random selection as shown by the ConvNe[ VASE, or DPS to this experiment. During training, the

I ; —virtual points generated by LTS cannot be converted back to
results in Fig. 3a. Crucially, the performance of SSS is_ . . ) .

. . an image in matrix form due to the virtual coordinate, thus
consistent across both the MLP and ConvNet architectures

. . : we cannot train the LTS model with CNN-based classi ca-
DPS, which performs relatively well using the MLP shows tiPn for this task. For DPS and INVASE, they require the
poor performance on the same dataset using the ConvN

. . . Imension of each feature to be 1, thus it is not applicable

architecture and we observe similar drop in performance a; . ;
0 multi-channel images.

well for INVASE.

Lastly, we provide qualitative results in Fig. 5 where we 4.3, Feature Selection for Regression

visualize the 15 selected pixels by all the baselines and SSS. . ] )
Again we nd that SSS selects representative pixels (Fig. 5FUnction Reconstruction Suppose that we have a function
(€)) so that the classi er can predict the correct label off *[&H! R.We rstconstruct a set of data points with

the input image. However, all the baselines tend to seled? = T(x1;y1 = f(x1));2:1:(Xn yn = T(Xn))g, where
background pixels under these extremely low subsamplin<t: : *+;Xn) are uniformly sampled from the intervial, bj
rates, which are uninformative for the classi cation task. andf is a Gaussian process. We samy;:::;yd)) "
N (0; K + Zly) fori = 1;:::;N whereK i
CeIgbAThe CelebA.dataset cons Ists of high-quality imagessq(uoc';;re(>1|(f<exponye|:t)ialokernel \;vith ,the se? (e)f izgmss:a

.Of size218 178 Like the previous experiment, _the task X1;:::;Xpgand 2 is variance for small likelihood noise.
is to subsample 100, 200, 300, 400, and 500 pixels froml'his leads 1o a céllection of se®® - DM, We

the full 38804pixels and perform binary classi cation for . . . o "

40 attributes of a face. We use the ConvNet architectyrdr@n our model which consists of the subset selection model

. . ; o D¢jD) and a task network (YjX;D ), which is an
A .3 as the cl k. PO XiDs .
described in Appendix 1.3 as the classi cation networ Attentive Neural Process (ANP) (Kim et al., 2019) on this

We report the mean AUC score on all 40 attributes for varydataset and report the negative log-likelihood (NLL).
ing sizes ofDs. Fig. 3b shows that using only 500 pixels
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Table 1.FID Score (the lower is the better) with varying the number of instances

#Instances 2 5 10 15 20 30

K-Greedy 8.8800 5.5857 4.4306 1.3313 4.2199 1.4214 3.7160 1.1314 3.2431 1.3881 2.7554 0.8554
FPS 6.5014 4.3502 4.5098 2.3809 3.0746 1.0979 2.7458 0.6201 2.7118 1.0410 2.2943 0.8010

Random 3.7309 1.1690 1.1575 0.6532 0.8970 0.4867 0.3843 0.2171 0.3877 0.1906 0.1980 0.1080
SSS 2.5307 1.3583 1.0186 0.1982 0.5922 0.3181 0.3331 0.1169 0.2381 0.1153 0.1679 0.0807

Table 2.Accuracy onrminiimageNet perform inference with little degradation in accuracy. Simi-

#Instances 1 2 5 lar gains can be obtained for models in the Neural Process
FPS 04320005 05010002 05980000  [amilyof models(Garneloetal, 2018a;b).
Random  0.4440.003 0.5250.005 0.618 0.003 R
K-Greedy 0.2900.006 0.4130.005 0.5700.002 4.4. Dataset Distillation
SSS 0.4750.006 0.5450.011 0.625 0.006

Instance SelectionThe goal is to select only a few rep-
. esentative images from a given dataset as described in

Fig. 3¢ ShO\.NS the performance .(NLL) of SSS CO'm)""r(:"JSection 3.5 and Fig. 2. We split the CelebA dataset into

to the baselines, Random Selection and LTS. As shown i

Fig. 3c, SSS outperforms the baselines, verifying that th

subset selection modgl (Ds]D) leamns a meaningful distri- in Eq. 8 withD. After training, we discard the generative

bution over subsets. We visualize a reconstructed functiopnodel and leverage the subsampling model to choose a few
and the selected points by each models in Fig. 4. As ShOWPepresentative images from the full CelebA dataset.
in the rightmost gure (Fig. 4), SSS tends to pick out more

elements (red dots) in the drifting parts of the curve, whichWe evaluate the selected subset with thecket Inception

is reasonable since those are harder to reconstruct than tBéstance (FID) (Heusel et al., 2017), which measures simi-
others. However, the other baselines sometimes fail to dtarity and diversity between two datasets and compare SSS
that, which leads to inaccurate reconstructions. to k-Center-Greedy, FPS and Random Selection. We re-

CelebA | R tructionGi . | port the experimental results in Table 1 where SSS achieves
€lebA Image Reconstructionsiven an image, we leam .o ovest FID score for all selection sizes. Speci cally,

to select a reprgseptative subset Qf pixels th"."t best reco8ss outperforms all the baselines for selecting very few
3?“’?3 the qngmsi l_m?r?e.Rg%rE;_ |s|the| 2d pxel OO " instances since SSS is able to model the interactions within
inates and; IS the PIX€! value. Ve US€ an .o gataset and hence selects the most representative subset.

ANP to reconstruct the remaining pixels from the SUbseEAdditionaIIy, given that the dataset is highly imbalanced,

= fy. ‘v oK ;
\|/3Vs - f)é" ’:’l['hg'zl construc:tted Eﬁ/ egclh Eibjatmpl'?ngO?e“'k—Center—Greedy and FPS perform worst since by selecting
20el%0n FLfC 35 er:(perm;ﬁnt onthe de Ie Aca asil ( |ute Alaxtreme or similar elements in the given set and cannot cap-
). Fig. 3d shows that our model signi cantly ou PE™1ure the true representation of the full dataset. We provide

form_s Randpm_ Selection an_d LTS "_1 terms of NLL. We selected images by SSS from the full datasé{ppendix H.
provide qualitative examples #ppendix G.2.

%ss and the generative model to minimize the objective

Note that LTS perf th d lecti WCIassi cation In this task, we perform few-shot classi ca-
o e performs worse than random setection. Wejqp, yyith theminiimageNet dataset (Vinyals et al., 2016)

nd that the generated coordinates values by LTS are 'Mihere the models select 1, 2, or 5 instances from the support

precise. Th's makes matching the virtual points with theset with size 20. As shown in Table 2, we compare SSS
original pixel values extremely dif cult. Such inaccurate

dinate val iti ; th b against Random Selection, FPS, and k-Center-Greedy. SSS
coordinate values resuft in poor periormance as th€ SUDSAIRG, s 14 select more representative prototypes than the oth-
pling rate increases even compared to random subsampli

s especially for smal s where the choice of prototypes

gTFdAelgle(gEd n Fltgurci 3d£ V\f obser\;e ds!mi‘?“ pat;ern n th(?natters more. Notably, the K-Greedy method performs
reconstruction task presented in Figure 154gn poorly for small subset sizes given that the model over ts to

pendix J. On the other hand, for the function reconstructiona few samples and does not generalize to unseen examples
task in Section 4.3, the point matching stage in LTS is fairlyW )

e show samples of selected prototypesppendix H.1.
easy and hence the LTS model shows better performance P P ypesmp

than random subsampling. .
, . _ . 5. Conclusion
Ef ciency in Nonparametric models In all the experiments

where we used an ANP, we greatly improve the inferencen this paper, we reformulated the subsampling problem
time complexity. By design, these models need to leveragas the selection of a subset from a set (e.g features and
the full training data at inference time. However by subsaminstances). Based on this reformulation, we proposed a
pling few highly informative instances, we can ef ciently Set based Stochastic Subsampling method that can han-
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dle arbitrary input structure as well as variable input set Proceedings of the IEEE Conference on Computer Vision
sizes. Additionally, to reduce the cost of modeling pairwise- and Pattern Recognitiqrpp. 2760-2769, 2019.
interactions for large sets, we devised a two-stage subsam- , ,

pling algorithm where we utilize set encoding functions to Eldar, Y., Lmd_enbaum, M., Porat, M., a_nd _ZeeV|, Y. The
obtain coarse grained global information in the candidate farthest point _strategy for progressive image sampling.
selection stage followed by a more expressive set interaction IEEE Transactions on Image Processiigo7.

network in the autoregressive subset selection stage. Weeldman, D. Introduction to core-sets: an updated survey.
validated the ef cacy and generality of our model on vari-  arXijv preprint arXiv:2011.093842020.

ous tasks such as feature selection for classi cation and set

reconstruction, instance selection for few shot classi cationGal, Y., Hron, J., and Kendall, A. Concrete dropout. In
and dataset distillation. We demonstrated that SSS works Advances in neural information processing systeups
well and outperforms the relevant baselines. 3581-3590, 2017.
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A. Organization Algorithm 2 Fixed Size Subsamplings. is the subset size.

o . . _ | is the number of elements to select at each iteratidn.
Organization The Appendix is organized as follows: rst, is the full setands D is the nal subset after running
we describe the pseudo-code for the Training Algor|thm 5SS,

then provide ablation for each components of our method
and proofs for propositions described in Section 3. Finally,
we illustrate the generative process of each task using graph
ical models and and additional experimental results with

w!

functlon S%‘_‘(k, ;D)

m (mini-batch size)
p(D) (distribution of sets)
(learning rate)
“(;Ds) (loss function)
Output  trained models with and

detailed elaboration on experimental setups. 4 De ﬁ = 9(dh)
5 d  Concafg(di);De)
Algorithm 1 Greedy Training Algorithm 6: z Berz; (d)fori=1; R
- 7. D f di2Djz=1;1 i ng
Input k (max subset size) ) .
8: D5 ;
9:

fort =1 tok=ldo

10: Ds Ds[ AUTOSELECT(;Ds;D¢)
11: end for

12: end function

13: function AUTOSELECT(;D{ ¥:Dy)

1: Randomly initialize parameter of SSSand down- 14: D(t) _ fs(t) _____ smg D, an)
stream task model.
: 15 -0 f(s;DL )
2: while not convergedio . F ey © i s . ©
3:  Samplem setsD® ;:::; DM from p(D) 16 (15t my) P—m(~ """ ;~me)
. () = (J) ..... (1) () =
4 Szimpl_gz_.l Fzi o g p@EIPY)for 47  sampld elements fronDét)
=4 m(]) 0 0 with the probability ®)
5. ConstructDd’ = fd'!’ 2 DO) : 7! = 1gfor 18 returnQ
j=10m 19: end function
Sample integel  Unif[1; k] _
7. DY) select-elements fronD Y (with the auto-
regressive modg) elements from the candidate & as described in line 13
. 1 (i) from Algorithm 2 to construct the representative sulizet
8 r = “(5Ds)
: m J
o ro A0 (pd)
m 1_1 ’ .
10: end while D. Ablation

We perform extensive ablation studies on the two-stage Set
based Stochastic Susbsampling method using the function
reconstruction tasks presented in Section 4.3. First, we
In order to reduce the computational cost at training timegxplore the contribution of the candidate selection and au-
we use a greedy training algorithm with stochastic gradientoregressive subset selection stages. Then, we verify the
descent as described in Algorithm 1. First, we uniformlyimportance of stochasticity in SSS.

sample an integdrfrom f 1;:::; kg, which is the subset

size for a given mini-batch. Then we seléetlements for Random Selection with Autoregressive Subset Selection
Ds from the candidate sett onceusing the autoregressive To show the importance of the candidate selection stage of
selection model. Finally, we perform gradient descent withSSS, we replace it with random selection (labeRathdom
respect to the parameters of SSS modahd target task + Stage 2in Fig. 2). As shown in Fig. 6, we nd that
network to minimize the target task loss on the selectedwhile this model performs better than the model with only
subsetDs. As a result, we do not have to run the auto-candidate selection, it performs worse than SSS (red line in
regressive moded time during training, which signi cantly  Fig. 6) and the autoregressive subset selection stage used

B. Training Algorithm

reduces the computational cost during training. alone (green line in Fig. 6). We provide visualizations of
the reconstructed functions in the second column of Fig. 8.
C. Fixed-size Subset Selection Random selection in place of the candidlate selection can

ignore elements from certain parts of the function and hence
At test time, we run the xed size subset selection algorithmthe autoregressive selection model cannot select elements
to choose the most task relevant elements from th®set from those regions for reconstruction. In short, ltering
as described in Algorithm 2. We do not use the greedyelements with candidate selection helps the autoregressive
training algorithm. Instead, we autoregressively sekect selection model to choose more informative instances from
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Figure 6.Ablation on SSS.

Figure 7.Accuracy with varying subset size and the number of

Table 3.CelebA Attributes Classi cation. particles for MCMC.
Model # Pixels  Storage mAUC
FullImage All 38804 114KB 0.9157 Carlo sampling as follows:
RS 500 5KB 0.8471 10
St M MG oM 6o ooal § P 06D
: i=1
SSS(ours) 500 5KB 0.9093

whereD{) "% p (D¢jD);

However inall experiments, we only report the result with
one sampled subset, since it gives the best trade-off between
computational cost and accuracy. We compare SSS against
) ) ) another variantSSS-MC which use 5 sampled subsets for
A_utoRegresswe Subset Selection On_IyAs shown in . MC sampling. As shown in Fig. 3b, it obtains a mean AUC
Fig. 6 we observe that the qutoreresswe subset_ Se,leCt'cB? 91:32%, which is slightly better than SSS which achieves
model (labelledStage 2 Onlyin Fig. 6) performs signi - 90:93% Note SSM-MC increases the computational cost

cantly better than the SSS model with candidate selectio nference) and memory requirement up to 5 times as shown
and autoregressive selection stage. Qualitative results apﬁ Table 3. The result justi es the inference procedure of

Erovided Iiln_third column of F_ig.|8d. Whilehth:]s_ ?Odel PEr™ 555 which achieves good performance for the target tasks
orms well, it is not very practical due to the high computa- ..\, memory and computational ef ciency.

tional cost when the size of the set becomes large.

the input set than random selection.

Additionally, in Figure 7 we show how the uncertainty of
Candidate Selection Only In order to validate the impor- SSS decreases as we increases the subset size. For each sub-

tance of the autoregressive selection stage, we construct§t Sizé, we draw 5 different subsets from the subsampling
subset using only the candidate selection stage. As shown fficdel trained on the MNIST classi cation task described
Fig. 6 (labelledStage 1 Only), removing the autoregressive " Section 4.2 and_ average the predictions of the sampled
selection stage signi cantly degrades the performance of th€UPSets. This requires 5 forward pass of the model. Ata sub-
SSS model. Inthe rst column of Fig. 8, the model without S&MPling rate of 50, the model with a single subset shows
autoregressive selection signi cantly underperforms comSimilar performance with the one with multiple draws of
pared to SSS since it heavily focuses on the drifting partSUPSets.

of the function and ignores the other parts of curve. In sum, ) .

it is not always desirable to select only highly activating ©0St of Running SSS We report the cost of running SSS
samples in the set without considering any dependencid§" Pixel subsampling, which has the largest set size (38804

among the others since it may choose redundant element®XelS). In this experiment, we select 500 pixels in total
with | = 20, i.e., we select 20 pixels at once in the second

Generally, we nd that SSS performs better than the variantstage described in Section 3.4. We measure the FLOPS and
considered here and provide a better tradeoff between modghemory requirements for the forward pass of SSS. We nd
performance and computational requirements. that the computational cost of running SSS is 8.38 GMac

(40% of the FLOPS for the full model which is 20 GMac)
Stochasticity of SSS Since our method is stochas- with 217.09k memory requirement (compared to 958.85k
tic with the following predictive distribution: for the full model) which shows that SSS is computationally
Ep (0.jp)[P (YpjDs)l, we approximate it with Monte cheap to run.
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Figure 8.Ablation: Visualization of 1D function reconstruction. In the ablation studies, we compare the rst Stage) and

the second stagdUTO) with SSS Additionally, we replace the Candidate Selection stage (Stage 1) in SSS with random selection
(RANAUTO) and compare the performance of these models. As can be seen from the visualized reconstructed outputs, the combination
of the Candidate Seletion stage with the Autoregressive stage results in the best subset selection for the reconstruction task.
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E. Proofs

De nition E.1. LetS, = fg:[n]! [n]] gis bijectivey
be a set of all permutation an where[n] = f1;:::;ng.
We sayf : X" ! Y is permutation invariant if and only
if for any permutation 2 S, f( (x)) = f(x) for all
X2 X",

De nition E.2. LetS, = fg:[n]! [n]] gis bijectiveg
be a set of all permutation an where[n] := f1;:::;ng.

We sayf : X" I Y" is permutation equwanant |f and
only if for any permutation 2 S, (f(x)) = f( (x))
forallx 2 X",

Proposition E.3. LetD = fdi 2 R ji =1;:::;ngbe
a nite set and letg be an af ne transformatpn W|th non-
linearity. De ne a functiork(dy;:::;dn) = 2 L, g(d)).
Then the set encodirige = k(d1;:::;d,) is permutation
invariant.

Proof. Let a permutation 2 S|, be given.

1 X
k(diiiiidh) = = g(dh)
i=1
1 X (10)
=5 a(d )
i=1
= k(d @y;::5d (ny)
O
Proposition E.4. Letf : X" ! Y"andg:Y"! Z" be

(d1;:::;dy) be given.

(D= d@):s d @)
= (h(d @ )) """ ; (h(d my))
(h(d @, De)) """ ; (h(d (ny; De))
= ( (h(d1;De));:it5 (h(dn;De)))
= ((x)

12)

er’gere denotes concatenation of two vectors dhg =
ﬁ iz1 9(di). () andh( ) af ne transformation followed

by non-linear activation. Since element-wise operations
h(); () are permutation equivariant afd;:::;d,) 7!
(d1;Deg;:::;dn; De) is permutation equwarlant composi-
tion of those functions is also permutation equivariant by
Proposition E.4. Therefore, fourth equality holds, i.es
permutation equivariant. O

Proposition E.6. The probabilityp (ZjD) induced by can-
didate selection function is exchangeable.

Proof. Let a permutation 2 S|, be given.

permutation equivarant functions. Then the composition of

two functiong f is permutation equivariant function.

Proof. Suppose that andg are permutation equivariant.

Let 2 S, be permutation. We want to show((g
f)(x)=(g f)( (x)) forallx 2 X". Letx 2 X" be
given.

(9 H)C )= gt ( (x))
g( (F ()
(a(f ()
((g F)x)

(11)

The second and third equality holds siricandg are per-
mutation equivariant. O

Proposition E.5. Let : X" ! Y" be afunction, mapping

(dy;:::;dn) 7! ( (di);:::; (dn)) for candidate selection.
Then is permutation equwarlant

Proof. Let a permutation 2 S, be given and lek =

. Y] .
p (ZjD)=  p (zjdi;D) (13)
i=1
= (di;De) (14)
i=1
= (d (i);De) (15)
i=1
= p(z @d D) (16)
i=1
=p ( (2)iD) (17)

P
whereD. = 2 L, g(di) and ; denotes concatenation of
two vectors. Equality in 15 holds sin€¥, is permutation
invariant and is element-wise operation. O

Proposition E.7. Letf be a stack of multi-head attention
blocks from Set Transformer (Lee et al., 2019) and lee
af ne transformation. For all time stepin autoregressive
selection, the functiors'; and ' f are permutation
equivariant, where is sigmoid function.

Proof. Since each multi-head attention blockfins per-
mutation equivariant, a stack of the blocks is also permu-
tation equivariant by Proposition E.4. Since we apply
independently to each element in a Setis permutation
equivariant. Similarly, is permutation equivariant since

it is an element-wise operation. As aresult,* f is
permutation equivariant again by Proposition E.4. [
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Figure 9.Graphical Models: (a) Feature selection for reconstructidb) Feature Selection for prediction tagk) Instance selection for
representative data point&l) Instance selection for few-shot classi cation.

F. Graphical Model FPS) and SSS on the same datasets. We compute the FID

metric (Heusel et al., 2017) on the instances and averaged

In Figure 9, we illustrate the generative process using graprb-n all the randomly constructed datasets. For FPS, we use
ical models for each tasks — (@) feature selection for set "She open-source implementation Ittps://github

construction, (b) feature selection for prediction (c) InStancecom/rustyls/pytorch cluster Further, we pro-

selection for representative data points and (d) instance SEie qualitative results on a single dataset in Figure 13

lection for few-shot classi cation. The shaded circles denotewhere our model picks 5 instances from the full set of 200
observed variables and the others latent variables. face images

G. Instance Selection Samples H.1. Dataset Distillation: Classi cation

In this section, we show more qualitative examples for thein Figure 14 we provide visualizations for the instance se-
1D and CelebA experiments on how the models subsampldgction problem as applied to the few-shot classi cation

elements of the given set for the target task. task. Here, we go from a 20-shot to a 1-shot classi cation
problem where the prototype is selected from the support
G.1. 1D Function - Reconstruction using SSS. The selected subset is then used in place of the

, i support set and used to classify new query instances.
Figure 10 shows the reconstruction samples of our model

on the 1D function dataset, where SSS clearly outperforms ) i
Learning to Sample (LTS) and Random Subset (RS). Sincé Model Speci cations

RS selects the points randomly, it can leave out importanf, s section, we describe the main components of our Set

part of the 1D curve leading to wrong reconstructions. Simbased Stochastic Sumbsampling modelge); (d) and
ilarly, LTS also miss some parts of the curves, resulting in, f(DO:p¢t V) '
C S .

suboptimal reconstructions.
For all the experiments, we desigras feedforward neural

G.2. CelebA network with ReLU to project each instandeto lower

. ) _.dimension and average them to obtain the set representation
F|gulre 11 shows samples of rec_:onstructe_d_ images vyhﬂge' following DeepSets (Zaheer et al., 2017).
varying the number of selected pixels. Additionally in Fig-
ure 12, we show the selected pixels of our model for bothVe parameterize () with a 3 layered feedforward neu-
the classi cation and reconstruction task. For the attributeral networkh followed by sigmoid function as described
classi cation task, the model tends to select pixels mainlyin Equation 2 from Section 3.3. Fdr, we use the func-
from the face, since the task is to classify characteristics ofion g in Eq. 1 to extract feature map for each instances in
the person. For reconstruction, the selected pixels are monaét); DQ Y and feed it to set transformer (Lee et al., 2019)
evenly distributed, since the background also contributesor set classi cation as follows:
signi cantly to the reconstruction loss.

f(0{;p¢ V)= MAB(DY;D{ V)
H. Dataset Distillation: Instance Selection MAB(DY;D{ V)= LayerNorm(H + rFF(H))

For the instance selection experiments, we construct a set = LayerNorn{D{" + MultiheadD(";D{' V;D{ b))
by randomly sampling 200 face images from the full dataset. (18)
To evaluate the model, we create multiple such datasets avdhere rFF is a row-wise feedfoward layer which processes
run the baselines (Random Sampling, K-Center Greedy andach instance independently and Multihead denotes Mul-
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Figure 10.Visualization of 1D function reconstruction with three different subset selection models. Each method selects 15 out of 400
elements. As can be seen, SSS selects elements that result in better reconstructed functions.
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Figure 11.Visualization of reconstructed images for the CelebA dataset. Each model selects 40, 60, 80, and 100 pix&l4 &rom a8
image and reconstruct the full image using only the selected pixels.

Figure 12 Zoom-In for best view. Selected pixels for different tasks on CelebA. As can be seen from the selected pixels, SSS adaptively
selects different pixels for both reconstruction and classi cation. Pixels for reconstruction are more spread out to include the background
since this contributes to the reconstruction loss. For classi cation, almost all the pixels are focused on the face since most of the attributes
can be found there.



