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ABSTRACT

We study the ability of foundation models to learn representations for classifi-
cation that are transferable to new, unseen classes. Recent results in the liter-
ature show that representations learned by a single classifier over many classes
are competitive on few-shot learning problems with representations learned by
special-purpose algorithms designed for such problems. In this paper we pro-
vide an explanation for this behavior based on the recently observed phenomenon
that the features learned by overparameterized classification networks show an
interesting clustering property, called neural collapse. We demonstrate both theo-
retically and empirically that neural collapse generalizes to new samples from the
training classes, and — more importantly — to new classes as well, allowing foun-
dation models to provide feature maps that work well in transfer learning and,
specifically, in the few-shot setting.

1 INTRODUCTION

In a variety of machine learning applications, we have access to a limited amount of data from the
task that we would like to solve, as labeled data is oftentimes scarce and/or expensive. In such
scenarios, training directly on the available data is unlikely to produce a hypothesis that generalizes
well to new, unseen test samples. A prominent solution to this problem is to apply transfer learning
(see, e.g.,|Caruanal, (1995} Bengiol 2012} |Yosinski et al.,2014). In transfer learning, we are typically
given a large-scale source task (e.g., ImageNet ILSVRC, Russakovsky et al, [2015)) and a target
task from which we encounter only a limited amount of data. While there are multiple approaches
to transfer knowledge between tasks, a popular approach suggests to train a large neural network
on a source classification task with a wide range of classes (such as ResNet50, He et al., 2016}
MobileNet, [Howard et al., |2017| or the VGG network, [Simonyan & Zisserman, 2014), and then to
train a relatively smaller network (e.g., a linear classifier or a shallow MLP) on top of the penultimate
layer of the pretrained network, using the data available in the target task.

Due to the effectiveness of this approach, transfer learning has become a central element in the
machine learning toolbox. For instance, using pretrained feature maps is common practice in a
variety of applications, including fine-grained classification (Chen et al., 2019aj;Huang & Li}2020;
Yang et al.,|2018]), object detection, (Redmon et al.,|2016j Ren et al.| 2015; |He et al.,2017), semantic
segmentation (Long et al.L|2015;|Chen et al.,|2018), or medical imaging (Chen et al.|[2019b)). In fact,
due to the cumulative success of transfer learning, large pretrained models that can be effectively
adapted to a wide variety of tasks (Brown et al., [2020; Ramesh et al., 2021) have recently been
characterized as foundation models (Bommasani et al) [2021), emphasizing their central role in
solving various learning tasks.

Typically, a foundation model is pretrained on a source task at a time when the concrete description
of the target task (or target tasks) is not — or only partially — available to the practitioner. Therefore,
the ability to precondition or design the training regime of the foundation model to match the target
task is limited. As a result, there might be a domain shift between the source and target tasks, such
as a different amount of target classes, or a different number of available samples. Hence, intuitively,
a foundation model should be fairly generic and applicable in a wide range of problems.
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On the other hand, when some specifics of the target tasks are known, often special-purpose algo-
rithms are designed to utilize this information. Such an example is the problem of few-shot learning,
when it is known in advance that the target problems come with a very small training set (Vinyals
et al., [2016; Ravi & Larochelle} [2017; [Finn et al., | 2017; [Lee et al.| 2019). While these specialized
algorithms have significantly improved the state of the art, the recent work of |Tian et al.| (2020);
Dhillon et al.| (2020) demonstrated that predictors trained on top of foundation models can also
achieve state-of-the-art performance on few-shot learning benchmarks.

Despite the wide range of applications and success of transfer learning and foundation models in
particular, only relatively little is known theoretically why transfer learning is possible between two
tasks in the setting mentioned above.

Contributions. In this paper we present a new perspective on transfer learning with foundation
models, based on the recently discovered phenomenon of neural collapse (Papyan et al., [2020).
Informally, neural collapse identifies training dynamics of deep networks for standard classification
tasks, where the features (the output of the penultimate layer) associated with training samples
belonging to the same class concentrate around their class feature mean. We demonstrate that this
property generalizes to new data points and new classes (e.g., the target classes), when the model is
trained on a large set of classes with many samples for each class. In addition, we show that in the
presence of neural collapse, training a linear classifier on top of the learned penultimate layer can
be done using only few samples. We verify these findings both theoretically and via experiments.
In particular, our results provide a compelling explanation for the empirical success of foundation
models, as observed, e.g., by Tian et al.| (2020); Dhillon et al.| (2020).

The rest of the paper is organized as follows: Some additional related work is discussed in Sec-
tion@ The problem setting, in particular, foundation models, are introduced in Section@ Neural
collapse is described in Section[3] Our theoretical analysis is presented in Section[d} generalization
to unseen examples is considered in Section to new classes in Section while the effect of
neural collapse on the classification performance is discussed in Section[#.3] Experiments are pre-
sented in Section [5] and conclusions are drawn in Section [f] Proofs and additional experiments are
relegated to the appendix.

1.1 OTHER RELATED WORK

Various publications, such as Baxter| (2000); Maurer et al.| (2016); [Pentina & Lampert| (2014);
Galanti et al.| (2016); [Khodak et al.| (2019); Du et al.| (2021), suggested different frameworks to
theoretically study various multi-task learning settings. However, all of these works consider learn-
ing settings in which the learning algorithm is provided with a sequence of learning problems, and
therefore, are unable to characterize the case where only one source task is available.

In contrast, we propose a theoretical framework in which the learning algorithm is provided with one
classification task and is required to learn a representation of the data that can be adapted to solve
new unseen tasks using few samples. This kind of modeling is aligned with the common practice of
transfer learning using deep neural networks.

While in unsupervised domain adaptation (DA) (Ben-David et al.,|2006; Mansour et al., 2009) one
typically has access to a single source and a single target task, one does not have access to labels from
the former, making the problem ill-posed by nature and shaping the algorithms to behave differently
than those that are provided with labeled samples from the target task. In particular, although in
transfer learning we typically train the feature map on the source dataset, independently of the target
task, in DA this would significantly limit the algorithm’s ability to solve the target task.

2 PROBLEM SETUP

We consider the problem of training foundation models, that is, general feature representations
which are useful on a wide range of learning tasks, and are trained on some auxiliary task. To
model this problem, we assume that the final target task we want to solve is a k-class classification
problem T’ (the target problem), coming from an unknown distribution D over such problems, and
the auxiliary task where the feature representation is learned on an [l-class classification problem,
called the source problem. Formally, the target task is defined by a distribution P over samples
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(z,y) € X x Vi, where X C R4 is the instance space, and )y is a label space with cardinality k.
To simplify the presentation, we use one-hot encoding for the label space, that is, the labels are rep-
resented by the unit vectors in R* and Vi, = {e;:i=1,...,k} where e; € R” is the ith standard
unit vector in R*: with a slight abuse of notation, sometimes we will also write y = ¢ instead of
y = e;. For a pair (x, y) with distribution P, we denote by P; the class conditional distribution of z
giveny =i (i.e., B;(-) =Pz € - | y = 1]).

A classifier h : X — RF assigns a soft label to an input point 2 € X, and its performance on the
target task 7' is measured by the risk

LT(h) = E(x,y)NP[g(h(x)v y)} 3 (D

where ¢ : R* x ), — [0, 00) is a non-negative loss function (e.g., zero-one or cross-entropy losses).

Our goal is to learn a classifier h from some training data S = {(z;,v;)}?_; of n independent and
identically distributed (i.i.d.) samples drawn from P. However, when n is small and the classi-
fication problem is complicated, this might not be an easy problem. To facilitate finding a good
solution, we aim to find a classifier of the form h = g o f, where f : R? — RP is a feature map
from a family of functions 7 C {f’ : R? - RP} and g € G = {¢’ : R? — R*} is a classifier used
on the feature space RP. The idea is that the feature map f is learned on some other problem where
more data is available, and then g is trained to solve the hopefully simpler classification problem of
finding y based on f(z), instead of . That is, g is actually a function of the modified training data
{(f(=i),v:) }7—1; to emphasize this dependence, we denote the trained classifier by gy g.

We assume that the auxiliary (source) task helping to find f is an [-class classification problem over
the same sample space X, given by a distribution P, and here we are interested in finding a classifier
h:X — Rl ofthe formh = jo f, where § € G C {¢' : R? — R'} is a classifier over the feature
space f(X) = {f(z) : x € X'}. Given a training dataset S = {(Z;, 7;)},, both components of

the trained classifier, denoted by fz and g5 are trained on .S, with the goal of minimizing the risk in
the source task, given by

Ls(hg) = E(, 4 pl0G3(f3(2), )]

(note that with a slight abuse of notation we used the same loss function as in (IJ), although they
operate over spaces of different dimensions). A standard assumption is that S is drawn i.i.d. form
P; however, in this work instead we will use hierarchical schemes where first classes are sampled
according to their marginals in P, and then for any selected class ¢, training samples S, are chosen
from the corresponding class-conditional distribution (or just class conditional, for short) P,; the
specific assumptions on the distribution of S will be given when needed. Since f,§ and h always
depend on the source data only, to simplify the notation we will often drop the S subscript whenever
this does not cause any confusion.

In a typical setting h is a deep neural network, f is the representation in the last internal layer of the
network (i.e., the penultimate embedding layer), and g, the last layer of the network, is a linear map;
similarly g in the target problem is often taken to be linear. The learned feature map f is called a
foundation model (Bommasani et al., 2021)) when it can be effectively used in a wide range of tasks.
In particular, its effectiveness can be measure by its expected performance over target tasks:

Lp(f) = Er~pEs~pn[L1(gs o f)]
(recall that P is the distribution associated with task 7).

Notice that while the feature map f is evaluated on the distribution of target tasks determined by D,
the training of f in a foundation model, as described above, is fully agnostic of this target. In con-
trast, several transfer learning methods (such as few-shot learning algorithms) have been developed
which optimize f not only as a function of its training data S, but also based on some properties of
D, such as the number of classes and the number of samples per class in .S. Perhaps surprisingly,
recent studies (Tian et al., 2020; |Dhillon et al.||2020) demonstrate that the target-agnostic training of
foundation models (or some slight variation of them, such as transductive learning) are competitve
with such special purpose algorithm. In the rest of the paper we analyze this phenomenon, and
provide an explanation through the recent concept of neural collapse.
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Notation. For an integer k > 1, [k] = {1, ..., k}. For any real vector z, ||z|| denotes its Euclidean
norm. For a given set A = {a1,...,a,} C B and a function v € U C {v' : B — R}, we define
uw(A) = {u(ar),...,u(a,)} and U(A) = {u(A) : u € U}. Let Q be a distribution over X C R?
and u : X — RP. We denote by 11,(Q) = E,q[u(z)] and by Var,(Q) = E,o[||u(z) — 1. (Q)|*]
the mean and variance of u(z) for z ~ Q. For A above, we denote by Avg! ;[a;] = AvgA =
LS~ | a; the average of A. For a finite set A, we denote by U[A] the uniform distribution over A.

For a complete list of notation, see Appendix [H]

3 NEURAL COLLAPSE

Neural collapse (NC) is a recently discovered phenomenon in deep learning (Papyan et al., [2020):
it has been observed that during the training of deep networks for standard classification tasks, the
features (the output of the penultimate, a.k.a. embedding layer) associated with training samples
belonging to the same class concentrate around the mean feature value for the same class. More
concretely, Papyan et al.| (2020) observed essentially that the ratio of the within-class variances
and the distances between the class means converge to zero. They also noticed that asymptotically
the class-means (centered at their global mean) are not only linearly separable, but are actually
maximally distant and located on a sphere centered at the origin up to scaling (they form a simplex
equiangular tight frame), and furthermore, that the behavior of the last-layer classifier (operating on
the features) converges to that of the nearest-class-mean decision rule. [Han et al.| (2021)) provided
further empirical evidence regarding the presence of neural collapse in the terminal stages of training
for both MSE- and cross-entropy-loss minimization.

On the theoretical side, already [Papyan et al.| (2020) showed the emergence of neural collapse for
a Gaussian mixture model and linear score-based classifiers. [Poggio & Liao| (2020bga)); [Mixon
et al.| (2020) theoretically investigated whether neural collapse occurs when training neural networks
under MSE-loss minimization with different settings of regularization. Furthermore, Zhu et al.
(2021)) showed that in certain cases, any global optimum of the classical cross-entropy loss with
weight decay in the unconstrained features model satisfies neural collapse.

Papyan et al.|(2020) defined neural collapse via identifying that the within-class variance normalized
by the intra-class-covariance tends to zero towards the end of the training (see Appendix for
details). In this paper, we work with a slightly different variation of within-class variation collapse,
which will be later connected to the clusterability of the sample feature vectors. For a feature map f
and two (class-conditional) distributions @01, ()2 over X, we define their class-distance normalized
variance (CDNV) to be

Vary(Q1) + Vary(Q2)
2/[pp(Q1) — pp(Q2))?

The above definition can be extended to finite sets S;,82 C A by defining
Vi(S1,52) = Vp(U[S1],U[S2]). Our version of neural collapse (at training) asserts that
limy— 00 AV, e[V, (Sis S5)] = 0. Intuitively, when decreasing the variance of the features of
a given class in comparison to its distance from another class, we expect to be able to classify
the features into the classes with a higher accuracy. This definition is essentially the same as
that of [Papyan et al.| (2020), making their empirical observations about neural collapse valid for
our definition (as also demonstrated in our experiments), but our new definition simplifies the
theoretical analysis. Furthermore, the theoretical results of |[Papyan et al.| (2020); [Zhu et al.| (2021));
Mixon et al.| (2020); [Poggio & Liao| (2020ajb) also identify settings in which neural collapse
holds for training, or the feature map f induced by the global minima of the training loss satisfies
Avg,.; Vi(Si, Sj) = 0 (for large enough sample sizes). In later sections, we also consider slight
variations of neural collapse, requiring that some version of the CDNV converges to zero towards
the end of the training.

Vi(Q1,Q2) =

4 NEURAL COLLAPSE ON UNSEEN DATA

In this section we theoretically analyze neural collapse in the setting of Section [2} with particular
attention of variance collapse on data not used in the training of the classifier. First, in Section
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we show that if neural collapse happens on the training set S, then it generalizes to unseen samples
from the same task under mild, natural assumptions. Next we show, in Section that one can also
expect neural collapse to happen over new classes when the classes in the source and target tasks are
selected randomly from the same class distributions. The significance of these results is that they
show that the feature representations learned during training are immediately useful in other tasks;
we show in Sectiond.3]how this leads to low classification error in few-shot learning.

4.1 GENERALIZATION TO NEW SAMPLES FROM THE SAME CLASS

In this section, we provide a generalization bound on the CDNYV, Vf(f:’i, Pj), between two source
class-conditional distributions Pi and 13]» in terms of its empirical counterpart, Vf(gi, Sj), and cer-
tain generalization gap terms bounding the difference between expectations and empirical averages
for f and its variants, where f is the output of the learning algorithm with access to S. Assume that
forall ¢ € [I], S, is a set of m,. i.i.d. samples drawn from P, and for any § € (0, 1), let €; (P,, m, 6)
and ¢- (Pc, m., §) be the smallest positive values such that with probability at least 1 — 9, the learning
algorithm returns a function f € JF that satisfies

IN

B, w5, [f(@)] = Ave, ez [f@]]| < er(Peyme,8) =: €
B,z 1/ @)1P] = Ave,es, I (@)IP)] < ex(Peyme,d) =: €5(9),

A

respectively.

Typically, these quantities can be upper bounded using Rademacher complexities (Bartlett &

Mendelson, [2002) related to JF, scaling usually as O(y/log(1/6)/m.) (for a fixed c), as we show in
Proposition 3] (in Appendix [E)) for ReLU neural networks with bounded weights.

Next, we present our bound on the CDNV of the source distributions; the proof is relegated to
Appendix

Proposition 1. Fix two source classes, i and j with distributions P; and P;, and let § € (0,1). Let
Se ~ P forc € {i,j}. Let

_ A/ +de L Mt [€5(5/4) + 2l (P - €5(6/4) + €5(5/4)° .

s (B) = g (P)] s (S3) = s (S5)]12

Then, with probability at least 1 — & over S, we have V;(P;, Pj) < (V;(S:,5;) + B) (1 + A)*.

Writing out the bracket, the bound in the proposition has several terms. The first one is the empirical

CDNV V;(S;, S;) between the two datasets S; ~ P/ and S; ~ ijj. This term is assumed to be
small by the neural collapse phenomenon during training. The rest of the terms are proportional to
the generalization gaps €§(4/4) and €5(5/4) — as discussed above, typically we expect these terms

to scale as O(y/log(1/6)/m.). In addition, according to the theoretical analyses of neural collapse
available in the literature (Papyan et al.} 2020; Mixon et al.,[2020; Zhu et al.,|2021; Rangamani et al.,
2021), under certain conditions the function f converges to a solution for which {7 (S;)}._, form a
simplex equiangular tight frame (ETF), that is, after centering their global mean, p ¢ (5‘1) are of equal
length, and ||z25(S;) — j17(S;)|| are also equal and maximized for all i # j. This implies that if f is
properly normalized, the distance ||27(S;) — g7 (S;)|| is lower bounded by a constant, and hence A
and B indeed are small (in Appendix [B.3|we demonstrate empirically that the minimum distances of
the class means are indeed not too small in Ehe scenarios we consids:r). Finally, we alsQ note that with
probability 1 — 6, we have |11/ (7;) — 17 ()| = 117 (55) — 17 (S;)l| — €4 (/2) — € (5/2). Hence,

if m; and m; are large enough, ||z15(P;) — 15 (P;)|| is larger than a constant with high probability.

Therefore, assuming we have a large enough training set for a pair of source classes i, 7, if the CDNV
Vf(Si, S j) is small, then we expect it to be small for new, unseen samples as well. That is, if neural
collapse emerges in the training data of two source classes, we should also expect it to emerge in
unseen samples of the same classes.
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4.2 NEURAL COLLAPSE GENERALIZES TO NEW CLASSES

Previously, we showed that if the CDNV is minimized by the learning algorithm on the training data,
we expect it to be small for unseen source samples. As a next step, we show that if neural collapse
emerges in the set of source classes, we can also expect it to emerge in new, unseen target classes.

To analyze this scenario, we essentially treat class-conditional distributions as data points on which
the feature map f is trained (in a noisy manner, depending on the actual samples), and apply stan-
dard techniques to derive generalization bounds to new data points, which, in this case, are class-
conditional distributions. Accordingly, we assume that both the source and the target classes come
from a distribution over D¢ over a set of classes C. Each class is represented by its class-conditional
distribution, and hence, with a slight abuse of notation, we say that the source class-conditional dis-
tributions P = {P;}!_, are selected according to D (Py,...,P, | P, # Pjforalli # j € [I]).
Below we show that if neural collapse emerges in the source classes it also emerges in unseen target
classes ¢ # ¢ with class-conditional distributions P., P.s ~ D¢(P., P | P. # P./) in the sense
that V¢ (P,, Pe) is expected to be small. Our bound below applies a uniform convergence argument
based on Rademacher complexities. The Rademacher complexity of a set Y C R" is defined as
R(Y) = Ecsup,cy [(€,9)], where € = (€1, ..., €,) ~ U[{£1}"]. For a given feature map f € F,
we also define a mapping Hy : C — RPH as Hy(P.) = (ps(Pe), Vary(P,)), and for a class of
functions F*, we define Hz-(P) = {(Hf(P.))\_, : f € F*}.

Proposition 2. Letr F* C F be any finite set of functions with A(F*) =
infrereinfp p, |py(Pe) — py(Pe)l| > 0. Then, with probability at least 1 — 0 over the

selection of source class distributions P,

16  sup Varp(P')

fEF*,P'eC 27 log IE (Hz~ (P B
Epoar, Vi (Pe Po)] < Aveis| V(P B+ |8+ A(F) \/(17—1) AF)? )l
log(1/6) - sup  Varg(P')
+ (1 + 4Supz€X, feF* ||f($)”> ) feF Prec
A(F*) VI A(F*)?

The above proposition, proved in Appendix |D| (based on Corollary 3 of Maurer & Pontil, [2019),
provides an upper bound on the discrepancy between the expected value of V(P,., P.) for two
class-conditional distributions P, # P, and its averaged value across a set of source distributions
Py, ..., P, that were sampled from D¢. In addition, we treat ™ as a set of candidate functions from
which the learning algorithm selects its candidates. Similarly to Corollary 3 of Maurer & Pontil
(2019), this set is assumed to be finite only for technical (measurability) reasons.

The proposition shows that if Avg, ., [V¢(P;, P;)] is small, we expect Vi (P, P./) to be small for
two new classes c and ¢/, if the source data is representative enough, as discussed below. First note
that by Proposmonl each term Vf (PZ, P; ;) is expected to be small in the presence of neural collapse
(for large enough training sets S.), so their average Avg, ; [V¢(P;, P;)] is also small. According to

Proposition |4 I in Appendix [E} the Rademacher complexity in the bound scales as O(p\ﬁ ) for ReLU
networks with bounded weights, so the corresponding term in the bound is O(p/(VIA(F*)?)),
which is of similar order as the last term (neglecting the supremum terms and the exact dependence
on p for now).

Hence, the bound tends to zero as the number of source classes [ increases as long as A(F*) is
not too small (in particular, is not zero). While there is no way to guarantee this (e.g., if two class-
conditional distributions are too close, A(F*) can be very small), we can say that if the feature maps
f € F* keep the classes apart, the bound may become reasonably small. If the feature dimension
p is large and f € F* are similar to random maps, this assumption typically holds (e.g., if f is
not a constant function, which can be expected with a proper training method). Even when the
number of classes is very large, the bound can be reasonable: if the corresponding feature means
are more-or-less uniformly distributed in a p-dimensional unit cube for all f € F*, A(F*) =

Q(/p - |C]7P) (see Lemma I in Appendlxtﬁ) and hence combining with the dependence of the
Rademacher complex1ty on [ and p, and the fact that Vary(P’) < p and sup,cx, rer [|f(2)]] <

/- the bound is O(+/p/1 - |C |6/P) which tends to zero as [ increases.
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Method Architecture Mini-ImageNet CIFAR-FS FC-100
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Matching Networks (Vinyals et al.[[2016) 64-64-64-64 43.56 £0.84 55.31+0.73 - - -
LSTM Meta-Learner (Ravi & Larochelle|[2017) 64-64-64-64 43.44 +£0.77  60.60 £ 0.71 -
MAML (Finn et al.| 2017} 32-32-32-32 48.70+1.84  63.11+£0.92 589+ 1.9 715+ 1.0 - -
Prototypical Networks (Snell et al.}[2017}) 64-64-64-64 49.42 +£0.78"  68.20 £ 0.66 55.5+0.7 72.0+0.6 35.3+0.6 48.6 £ 0.6
Relation Networks (Sung et al.[[2018] 64-96-128-256  50.44 £0.82 65.32 £0.7 55.0 £ 1.0 69.3+0.8 - -
SNAIL (Mishra et al.|[2018) ResNet-12 55.71£0.99  68.88 +0.92 - - - -
TADAM (Oreshkin et al.[[2018) ResNet-12 58.50 £ 0.30 76.7+0.3 - - 40.1+0.4 56.1+0.4
AdaResNet (Munkhdalai et al.{|2018} ResNet-12 56.88+0.62  71.94 +0.57 - - - -
Dynamics Few-Shot (Gidaris & Komodakis2018}  64-64-128-128  56.20 £ 0.86 73.0+0.64
Activation to Parameter (Qiao et al.|[2018) ‘WRN-28-10 59.60 4+ 0.41F  73.74 4+ 0.19" - -
R2D2 (Bertinetto et al.||2019} 96-192-384-512 51.24+0.6 68.8£0.1 65.34+0.2 79.4+0.1
Shot-Free (Ravichandran et al.|[2019) ResNet-12 59.04+n/a  T7.64+n/a  69.2+n/a 84.7+n/a
TEWAM]|Qiao et al. [(2019] ResNet-12 60.07+n/a 7590 +n/a 70.4+n/a 81.3+n/a
TPN (Liu et al.|2019] ResNet-12 55.51+£0.86 75.64+n/a - -
LEO (Rusu et al.![2019] WRN-28-10 61.76 £ 0.08"  77.59 £ 0.12f
MTL (Sun et al.}|2019} ResNet-12 61.20+1.80  75.50 £ 0.80 - - - -
OptNet-RR (Lee et al.|2019] ResNet-12 61.414+0.61  77.88+0.46 72.6 £0.7 84.3+0.5 40.5+0.6 57.6+0.9
MetaOptNet (Lee et al.[[2019) ResNet-12 62.64+0.61  78.63+0.46 72.0£0.7 84.24+0.5 41.1+0.6 55.3+0.6
Transductive Fine-Tuning (Dhillon et al.}[2020] WRN-28-10 65.73+0.68 7840+0.52 76.58+0.68 85.79+0.5 43.16+0.59 57.57 £0.55
Distill-simple (Tian et al.||2020] ResNet-12 62.02+0.63  79.64 £0.44 71.5+0.8 86.0+0.5 42.6+0.7 59.1+0.6
Distill (Tian et al.||2020] ResNet-12 64.824+0.60  82.14+0.43 73.9+0.8 86.94+0.5 44.6 £0.7 60.9 +0.6
Ours (simple) WRN-28-4 5812+ 1.19 72.0+0.99 68.81+£1.20 81.494+0.98 44.96+1.14 57.21+10.89
Ours (Ir scheduling) WRN-28-4 60.37+1.25 72354099 70.0+£1.29 81.394+0.96 43.42+1.0 54.14+ 1.1
Ours (Ir scheduling + model selection) WRN-28-4 61.274+1.14 74744£0.76 72374112 82.9440.89 45814+1.27 56.85 £ 1.30

Table 1: Comparison to prior work on Mini-ImageNet, CIFAR-FS, and FC-100 on 1-shot and
5-shot 5-class classification. Reported numbers are test target classification accuracy of various
methods for various data sets. The notation a-b-c-d denotes a 4-layer convolutional network with a,
b, ¢, and d filters in each layer. tThe algorithm was trained on both train and validation classes. We
took the data from|Dhillon et al.| (2020) and [Tian et al. (2020).

4.3 CDNV AND CLASSIFICATION ERROR

In this section we study the relationship between the value of the CDNV and the classification per-
formance it induces. Consider a balanced k-class classification problem with class distributions
Py,..., Py, datasets S, ~ P, c€ [k]landn; = ... =ng. Let S = Uce[k] S, denote all the sam-
ples and consider the ’nearest empirical mean’ classifier hs ¢ (z) = argmin g, || f () — 7 (Se)||
(note that hg y is a classifier with convex polytope cells on top of f, and it is a linear classifier when
k = 2). Then, as it is shown in Proposition [5]in Appendix [G| the expected classification error of
hs, s is upper bounded by 16(k — 1)V (Pi, P2)(1 + 1/n.) and if f o P, and f o P, are spherically
symmetric, then the classification error is upper bounded by 16(k — 1)Vy (P, P2)(1/p + 1/n.). If
f o P; are (assumed to be) Gaussian as in [Papyan et al.| (2020), we also derive much better bounds,
namely exponentially small in p/V;. Therefore, in case of neural collapse (i.e., small V; (P, P,)),
the error probability is small, explaining the success of foundation models in the low-data regime
(such as in few-shot learning problems) in the presence of neural collapse.

Putting together Propositions[I]and 2] and Proposition [5|in Appendix [G] it follows in a straightfor-
ward way that, with high probability (over the selection of the source, as well as the source samples),
the expected error (over the target classes and target samples) of a nearest class-mean classifier over
the target classes can be bounded by the average neural collapse over the source training samples
plus terms which converge to zero as the number of source training samples m., as well as the
number of source classes [ increase.

5 EXPERIMENTS

In this section we experimentally analyze the neural collapse phenomenon and how it generalizes to
new data points and new classes. We use reasonably good classifiers to demonstrate that, in addition
to the neural collapse observed in training time by [Papyan et al.|(2020), it is also observable on test
data from the same classes, as well as on data from new classes, as predicted by our theoretical re-
sults. We also show that, as expected intuitively, neural collapse is strongly correlated with accuracy
in few-shot learning scenarios. The experiments are conducted over multiple datasets and multi-
ple architectures, providing strong empirical evidence that neural collapse provides a compelling
explanation for the good performance of foundation models in few-shot learning tasks.
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5.1 SETUP

Method. Following our theoretical setup, we first train a neural network classifier h = g o f on
a source task. Then we evaluate the few-shot performance of f on target classification tasks by
training a new classifier h = g o f. More specifically, h is trained by minimizing the cross-entropy
loss between the logits of the network and the one-hot encodings of the labels. The training is
conducted using SGD with learning rate 1 and momentum 0.9 with batch size 64. Here, g is the
top linear layer of the neural network and f is the mapping implemented by all other layers. At
the second stage, given a target few-shot classification task with training data S = {(z;,y;)}71,
we train a new top layer g as a solution of ridge regression acting on the dataset {(f(x;),y:)}"
with regularization \,, = a/n. Thus, g is a linear transformation with the weight matrix wg ; =
(FX)TF(X) + XD Hf(X)TY, where f(X) is the n x d data matrix for the ridge regression
problem containing the feature vectors {f(z;)} (i.e., f(X)T = [f(z1),..., f(z,)]) and Y is the
n x k label matrix (i.e., YT = [y1,...,9n]), where X € R"*4 Y € R"** and fy(X) € R"*P,
We did not apply any form of fine-tuning for f at the second stage. In the experiments we sample
5-class classification tasks randomly from the target dataset, with n. training samples for each class
(thus, altogether n = 5n. above), and measure the performance on 100 random test samples from
each class. We report the resulting accuracy rates averaged over 100 randomly chosen tasks.

Architectures and hyperparameters. We experimented with two types of architectures for h:
wide ResNets (Zagoruyko & Komodakis) |2016) and vanilla convolutional networks of the same
structure without the residual connections. The networks are denoted by WRN-N-M and Conv-NN-
M, where N is the depth and M is the width factor. We used the following default hyperparam-
eters: 7 = 274, batch size 64 and o = 1 in setting the ridge regression regularization parameter
An = a/+/n. In the Figs. in the appendix we provide experiments showing that the results are
consistent for different 77. We also provide experiments with a standard learning-rate schedule. See
Appendix [A]for a complete description of the architectures.

Datasets. We consider four different datasets: (i) Mini-ImageNet (Vinyals et al.| [2016); (ii)
CIFAR-FS (Bertinetto et al., [2019); (iii) FC-100 (Oreshkin et al., 2018); and (iv) EMNIST (bal-
anced) (Cohen et al.||2017). For a complete description of the datasets, see Appendix @

Experimental results are reported averaged over 20 random initialization together with 95% confi-
dence intervals.

5.2 RESULTS

While the ridge regression method to train the few-shot classifier g may seem simplistic, it provides
reasonably good performance, and hence it is suitable for studying the success of recent trans-
fer/transductive learning methods (Dhillon et al., [2020; |Tian et al., | 2020) for few-shot learning. To
demonstrate this, we compared the 1 and 5-shot performance of our simplistic method to several
few-shot learning algorithms on Mini-ImageNet, CIFAR-FS and FC-100, summarized in Table
On each dataset, we report the average performance of our method on epochs between 90 and 100.
As can be seen, the method we study in this paper is competitive with the rest of the literature on the
three benchmarks, especially in the 1-shot case (even achieving the state of the art on FC—lOO)E] To
improve the performance of our method a bit, we employed a standard learning rate scheduling with
initial learning rate 7 = 0.05, decayed twice by a factor 0.1 after 30 epochs each (accuracy rates
are reported averaging over epochs 90-100, as before). Since the performance of these networks
plateaued slightly after the first learning rate decay on the source test data, we also applied model
selection based on this information, and used the network from the first 60 epochs (to avoid over-
fitting to the source data and classes happening with the smallest learning rate) with the best source
test performance. The combination of these two variations typically resulted in a small improvement
of a few percentage points in the problems considered, see the last line of Table|T]

As our main experiment, we validate the theoretical assessments we made in Section [} We argued
that in the presence of neural collapse on the training classes, the trained feature map can be used for

'The inferior performance of our method compared to a similarly simple method of [Tian et al| (2020),
Distill-simple, is most likely due to the choice of the final few-shot classifier: our ridge regression classifier is
inferior to their logistic regression solution (as shown in Table[I)), while it is superior compared to their nearest
neighbor classifier (see Table 5 in their paper).
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Figure 1: Within-class variation collapse.(a) CDNV on the source training data; (b) CDNV over
the source test data; (¢) CDNV over the target classes, all plotted in log-log scale. (d) Target accuracy
rate (lin-log scale). In each experiment we trained the model using SGD on different number of
source classes | € {5, 10, 20, 30, 40, 50, 60} (as indicated in the legend).

training a classifier with a small number of samples on new unseen classes. The argument asserts that
if we observe neural collapse on a large set of source classes, then we expect to have neural collapse
on new unseen classes as well, when assuming that the classes are selected in an i.i.d. manner. In
this section we demonstrate that neural collapse generalizes to new samples from the same classes,
and also to new classes, and we show that it is correlated with good few-shot performance.

To validate the above, we trained classifiers h with a varying number of [ randomly selected source
classes. For each run, we plot in Figure[I|the CDNV as a function of the epoch for the training and
test datasets of the source classes and over the test samples of the target classes. In addition, we plot
the 5-shot accuracy of ridge regression using the learned feature map f. Similar experiments with
different numbers of target samples are reported in Figures {] and [5]in the appendix.

As it can be seen in Figure [T} the value of the CDNV decreases over the course of training on
the training and test datasets of the source classes, showing that neural collapse generalizes to new
samples from the training classes. Since the classification tasks with fewer number of source classes
are easier to learn, the CDNV tends to be larger when training with a wider set of source classes.
In contrast, we observe that when increasing the number of source classes, the presence of neural
collapse in the target classes strengthens. This is in alignment with our theoretical expectations
(the more “training” classes, the better generalization to new classes), and the few-shot performance
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also consistently improves when the overall number of source classes is increased. To validate the
generality of our results, this phenomenon is demonstrated in several settings, e.g., using differnet
network architectures and datasets in Figure E} As can be seen, the values of the CDNV on the
target classes are relatively large compared to those on the source classes, except for the results
on EMNIST. However, these values still indicate a reasonable few-shot learning performance, as
demonstrated in the experiments. These results consistently validate our theoretical findings, that is,
that neural collapse generalizes to new source samples, it emerges for new classes, and its presence
immediately facilitates good performance in few-shot learning.

In Appendix[B.2] we also show that similar phenomena as described above happens for feature maps
obtained from lower layers of the network, as well, although to a lesser extent.

6 CONCLUSIONS

Employing foundation models for transfer learning is a successful approach for dealing with over-
fitting in the low-data regime. However, the reasons for this success are not clear. In this paper we
presented a new perspective on this problem by connecting it to the newly discovered phenomenon
of neural collapse. We showed that the within-class variance collapse tends to emerge in the test data
associated with the classes encountered at train time and, more importantly, in new unseen classes
when the new classes are drawn from the same distribution as the training classes. In addition, we
showed that when neural collapse emerges in the new classes, then it requires very few samples to
train a linear classifier on top of the learned feature representation that accurately predicts the new
classes. These results provide a justification to the recent successes of transfer learning in few-shot
tasks, as observed by [Tian et al.|(2020) and Dhillon et al.| (2020).
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A EXPERIMENTAL DETAILS

Datasets. Throughout the experiments, we consider four different datasets: (i) Mini-
ImageNet (Vinyals et al.,|2016) and (ii) CIFAR-FS (Bertinetto et al., 2019), (iii) FC-100 (Oreshkin
et al.,[2018) and EMNIST (balanced) (Cohen et al.,|2017). Each dataset is split into meta-train, meta-
validation and meta-test classes; we select the data for the source classes from the meta-training, and
use similarly the meta-test data for the target tasks (we do not use the meta-validation classes). Each
one of the class splits is also partitioned into train and test samples; we use these for training and
evaluating our models. The Mini-ImageNet dataset contains 100 classes randomly chosen from Im-
ageNet ILSVRC-2012 (Russakovsky et al., 2015) with 600 images of size 84 x 84 pixels per class.
It is split into 64 meta-training classes, 16 meta-validation classes and 20 classes for meta-testing.
CIFAR-FS and FC-100 are two derivatives of the CIFAR-100 dataset (Krizhevsky, 2012). CIFAR-
FS consists of a random split of the CIFAR-100 classes into 64 classes for meta-training, 14 for
meta-validation and 20 for meta-testing. FC-100 contains 100 classes which are grouped into 20 su-
perclasses. These classes are partitioned into 60 meta-train classes from 12 superclasses, 20 classes
from 4 superclasses for meta-validation, and 20 meta-test classes from 4 superclasses. We also con-
sider the EMNIST dataset, which is an extension of the original MNIST dataset. We randomly split
its classes into 35 source classes and 12 target classes (which are: 2, 10, 11, 12, 13, 16, 18, 22, 25,
33, 34, 44). We use random cropping augmentations at training time across all of the experiments.

Architectures. We experimented with two types of architectures for h: wide ResNets (Zagoruyko
& Komodakis, [2016)) and vanilla convolutional networks. Wide ResNets start with a convolutional
layer (with kernels 3 x 3 and 16 output channels), followed by three groups of layers. Each group
of layers includes a convolutional layer, followed by a sequence of N residual layers. Each residual
layer in the i’th group contains two convolutional layers using 3 x 3 kernels and output 243\
channels. Each convolutional layer is followed by a ReL.U activations and batch normalization post
activations. The network’s penultimate layer is a mean pooling activation with kernels of size 4 x 4,
returning an output of dimension 256 and followed by a linear layer. The vanilla convolutional net-
works have the same architectures as the wide ResNets, except that we omit the residual connections.
The networks are denoted by WRN-/N-A and Conv-NN-M, respectively.

B ADDITIONAL EXPERIMENTS

In this section we report additional experiments to provide further insights.

B.1 VARYING HYPERPARAMETERS

We start by presenting experimental results to validate the consistency of our findings when varying
different hyperparameters.

Varying learning rates. We repeated the experiments in rows 1 and 4 of Figure || with learning
ratesn = 2722 fori = 1,2, 3, 4. We also report the train and test accuracy rates on the source data.
The results are reported in Figure[2]and Figure[3] The results are consistent with the observations we
had in Figure[I] Interestingly, when using smaller learning rates, the CDNV over the source training
and test data tends to be smaller, while the CDNV on the target classes tends to be larger. We
attribute this observation to overfitting to the source classes and indeed we observe that the few-shot
performance is generally worse in those cases.

Learning rate scheduling and varying number of target samples. To further demonstrate the
relationship between neural collapse and generalization to new classes, we experimented with the
default learning rate and standard learning rate scheduling (also used by [Tian et al.| (2020)), with
varying number of target samples. In this experiment, we trained WRN-28-4 using SGD with the
default learning rate and learning rate scheduling, starting with learning rate n = 0.05 with decay
factor 0.1 which is applied every 30 epochs twice. For the default training setting, in Figure [4[a-c)
we report the dynamics of the CDNV on the source training data, the source test data (i.e., unseen
test samples from the source classes), and the target classes (resp.) and in Figure[5(d-g) we plot the
1, 5, 10 and 20-shot accuracy rates of the network during training time. The results of learning rate
scheduling are provided in Figure[3}
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Similarly to Figure[T] as expected, we can observe that when increasing the number of source classes,
the few-shot performance improves, while the CDNV on the target classes tends to decrease. Also,
in line with our theory, the CDNV on the target classes is negatively correlated with the few-shot
performance, that is, better neural collapse yields better performance. For example, in Figure 5[d-g)
it is evident that the peak performance on all few-shot experiments for the case of 64 source classes
is achieved around the minimal value of the CDNV on the target classes in Figure [5(c). This is
achieved around iteration 16, 000 for CIFAR-FS and around iteration 20, 000 for Mini-ImageNet,
a little bit after the first learning rate decay (at 15,000 and 18,000 steps, respectively). As can
be seen, the performance slightly decreases after the peak iteration, while the CDNV on the target
classes slightly increases, when the training starts to overfit to the source data and the source classes.
This effect can be mitigated by selecting the final network based on the performance on the source
test data, as we show in Table/[I]

B.2 NEURAL COLLAPSE AND LOWER LAYERS

We conducted a comparison between the behaviour of the penultimate layer (the top embedding
layer) and a lower layer in the network, as the feature layer. We trained a WRN-28-4 on CIFAR-
FS using the default hyperparameters as described in Section [2] but in this experiment we used
the second-to-last embedding layer of the network as the feature layer for few-shot learning. A
comparison of the behavior of this layer and the top embedding layer (that we use everywhere else
in the paper) is shown in Figure[6]in terms of the CDNV on the source training data, the source test
data, and the new classes (the target data), as well as for the 5-shot 5-class classification accuracy.
As can be seen, the few-shot performance of the top embedding layer is superior to the performance
of the lower layer. This is in agreement with the evidently smaller values of the CDNV given by
the top embedding layer in comparison to the second-to-last embedding layer in all three cases (i.e.,
source train and test data and the target data). Nevertheless, we can see that the neural collapse
phenomenon and the associated good few-shot performance is preserved in this lower layer of the
network, however, less pronounced.

B.3 DYNAMICS OF THE CLASS-EMBEDDING DISTANCES

In Section we argued that the generalization bound in Proposition [1| is meaningful when
the minimal distances min,z; ||us(S;) — pus(S;)||*> (between the empirical class means) and
minz; || (P;) — pr(P;)||? (between the true class means) are not too small. Therefore, we
empirically investigated their dynamics during training in our standard setting (WRN-28-4 with
the default hyperparameters, see Section [2) on CIFAR-FS, considering a varying number | €
{5,10, 20, 30,40, 50,60} of source classes and learning rates € {27%72}?_,. As can be seen
in Figure the values of min ;|| 7 (S;) — 17 (S;)||? and mingz; ||pe s (P;) — s (P;)||? tend to in-
crease during training. For completeness, we also plotted the values of min;¢; || s (P;) — pup(P;)||?
for the target classes { P.}*_; (k = 20 for CIFAR-FS). Interestingly, min,z; ||pe s (P;) — pup(P;)||?
tends to grow with the number of source classes, showing improved generalization to new classes.

B.4 CLASS-COVARIANCE NORMALIZED VARIANCE

In this section we consider the formal definition of [Papyan et al.| (2020) for neural collapse (their
first definition), which uses a normalized variance definition somewhat different from CDNV we
used in our analysis. For completeness, we present some experiments which demonstrate that our
findings based on CDNYV also apply to their normalization.

To give the formal definition, consider a training set S = Ulczl S. = Ulczl{(sﬁcj7 c)}j, for an
l-class classification problem, where S, is a collection of m, samples from class c. Assume that a
neural network is trained to classify the samples in .S, where after ¢ steps of the training we obtain

the classifier ﬁt = gio f¢, where, as before, g; denotes the linear map of the last layer of the network,
and f; is the feature map.

Class-Covariance Normalized Variance. |Papyan et al.| (2020) define the class-covariance nor-

malized variance (CCNV) to define neural collapse: For a given feature map f, let 4/ = p¢(S.)
denote the mean feature value of class c, and let ﬁé = Avgizl[/}{ ] denote the global fea-
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Figure 2: Averaged class variance and accuracy rates when varying the number of source
classes on CIFAR-FS. In (a) we plot the CDNV and accuracy rates on the source training data
(resp.), in (b) on the source test data and in (c¢) on the target test data. In each experiment we trained
a WRN-28-4 with SGD on a set of [ € {5, 10, 20, 30, 40, 50, 60} source classes (as indicated in the
legend). The ¢’th column stands for learning rate 7 = 2~ 2i-2

ture mean. The CCNV is defined to be Tr (E%Eg), where E&, and E],; are the intra- and

inter-class covariance matrices E{:V = Avg C?[l]] [(f(Ze;) — i) - (f(@cj) — )] and Eé =
Jj€lme

Avg ey [( il — ﬁé) (f — [Lé)—r} , where A stands for the Moore-Penrose inverse of a (square)
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Figure 3: Averaged class variance and accuracy rates when varying the number of source
classes on EMNIST. In (a) we plot the CDNV and accuracy rates on the source training data (resp.),
in (b) on the source test data and in (c) on the target test data. In each experiment we trained a WRN-
28-4 with SGD on a set of [ € {5, 10, 20, 30, 40, 50, 60} source classes (as indicated in the legend).
The i’th column stands for the results when training with learning rate n = 272=2,

matrix A. According to [Papyan et al| (2020), (their first version of) neural collapse happens if
limg oo Tr (525 = 0.

In Figures [T0] and [TT] we plot the CCNV as a function of training iterations on the source training
data, source test data and target classes. As can be seen, the value of the CCNV decreases on the
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train and test data of the source classes. In addition, the CCNV on the target classes decreases when
training with a larger set of source classes, which is due to better generalization. In contrast, the
CCNYV on the source classes increases when training with a larger set of source classes, since it
increases the complexity of the optimization problem. These results are qualitatively very similar to
the once presented for CDNYV, showing that both definitions of neural collapse behaves essentially
the same way. The corresponding train/test/few-shot accuracy rates are provided in Figures 2|3 In
Figures[8}9) we provide the CDNV, CCNV and accuracy rates of training WRN-28-4 and Conv-28-4
on Mini-ImageNet and CIFAR-FS (resp.) with a varying number of source classes.
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Figure 4: Within-class variation and few-shot performance with learning rate n = 274, We
trained WRN-28-4 using SGD with learning rate scheduling on ! € {5, 10, 20, 30, 40, 50, 64} source
classes (as indicated in the legend). For each dataset, in (a-c) we plot the CDNV on the train and
test data and the target classes (resp.). In (d-g) we plot the 1,5,10 and 20-shot accuracy rates (resp.).
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Figure 5: Within-class variation and few-shot performance with learning rate scheduling. We
trained WRN-28-4 using SGD with learning rate scheduling on ! € {5, 10, 20, 30, 40, 50, 64} source
classes (as indicated in the legend). For each dataset, in (a-c) we plot the CDNV on the train and
test data and the target classes (resp.). In (d-g) we plot the 1,5,10 and 20-shot accuracy rates (resp.).
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Figure 6: Within-class variation collapse of the second-to-last embedding layer. In each ex-
periment we trained a WRN-28-4 using SGD with = 27% on a set of | = 64 source classes
on CIFAR-FS. We compare the CDNVs and 5-shot accuracy rates of the second-to-last embedding
layer and the top embedding layer of the network. In (a) we compare the CDNV on the source train
data, in (b) the CDNV on the source test data, (¢) the CDNV on the target classes and in (d) the
5-shot accuracy rates.
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of the number of training iterations. In each experiment we trained a WRN-28-4 using SGD on a set
of I € {5,10,20, 30,40, 50,60} source classes on CIFAR-FS (as indicated in the legend). The i’th
column corresponds to the results of training with SGD with n = 272=2,
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Figure 8: Results of WRN-28-4 on Mini-ImageNet. (row 1) CDNV, (row 2) CCNV, and (row 3)
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the legend).
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Figure 10: Within-class variation collapse on CIFAR-FS. In (a) We plot the CCNV on the source
training data, in (b) on the source test data and in (c¢) on the target test data. In each experiment
we trained a WRN-28-4 using SGD on a set of [ € {5,10,20,30,40,50,60} source classes (as
indicate2d 1121 the legend). The 7’th column stands for the results when training with learning rate
n=2"""%
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Figure 11: Within-class variation collapse on EMNIST. In (a) We plot the CCNV on the source
training data, in (b) on the source test data and in (c) on the target test data. We trained a WRN-28-4
with SGD on a set of [ € {5, 10,15, 20, 25, 30, 35} source classes (as indicated in the legend). The

i’th column shows results for learning rate n = 27212,
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C PROOF OF PROPOSITION]]

Lemma 1. Let P. be a class distribution, § € (0,1) and S, = {%.; Py ~ P™¢ be a dataset of m,,
samples. Let f be the output of the learning algorithm. If

B, [f ()] = Ave,es [f@)]]| < €1(0); )
By p 1 (2)I7] = Ave,es (IF@)I7]] < €(9),
then we have
Vary(P.) < Varg(Sc) + e5(8) + 2|l us (Pe) || - €5(6) + €5(6)* . 3)
Proof. Recall that
Vary(Pe) = E,_p [If(2)°] = |E,op,[f(@)]I*. )

We would like to upper bound E 5 [[| f(2)||?] in terms of Avg, s [[|f(2)]|*] and to lower bound

xrn~

1B, 5, [f (@)]I|” using || Avg, s, [f (@)]]*. By @)
E, 5 1f@)I) < Avel [lIf(@c;)]*] + €5(0) - (5)
By the triangle inequality,
I, L @] + |

By (). ‘

By Lf (@] +€1(6) = || Avel [f(Zep)]Il

E,p, [f@)] - Avel, [ (aes)]| = Il Ave[F (el -

E,p, ()] = Ave]s [ (3e)]|| < €5(0).

Hence,

which implies
me ot 2 2 c c
[AveT [f @) < [[Euup F @7 +261(8) - By [f ()]l + €1(8)* - (6)
Combining (3) and (6)), we obtain
Varg(P,) < Varg(Sc) + €5(8) + 2 ||E, _p [f(2)]]| - €5(5) + €5(5)°
= Vary(Se) + €5(8) + 2|l s (Pe)ll - €5(8) + €5(8) ,
completing the proof. O

Proposition 1. Fix two source classes, i and j with distributions P; and P;, and let § € (0,1). Let
Se ~ P forc € {i,j}. Let

G A M [SO/0 4 2B €6/ + 56/
s (Fi) — s (B g (Si) — s (S5)I1?
Then, with probability at least 1 — & over S, we have V;(P;, Pj) < (V;(S:,5;) + B) (1 + A)*.

Proof. By definition and the union bound, with probability at least 1 — ¢, the following inequalities
hold simultaneously for all ¢ € {4, j}:
€5(6/4);

|, p.[f(2)] — Avg, s [f(2)]]] < o
B, 5 1 £(2)]2) = Ave,es 1/ (2 >|| 2| < €(5/4).
In the rest of the proof, we assume that the above inequalities hold. Let A = ‘ Il 7 ( [31) — iy ( [:)j) Hz o

ll125(Si) — s (S;)|I? ’ By simple algebraic manipulations,

L I 1274 ¢ 5 b W(})II2 iz (85) — (N'S“)II2
g (P = (PN g (Si) = g (SN2 g (P) =g (P12 - llpog (S2) = pap (5)]12 )
1 A
<

lras (Si) =1 (S7)1I2 ! lpag (P) = pug (PRI - g (i) = g (S
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By (7) and Lemma [I| we have
Ve € {i,j} : Varp(Pe) < Varg(Se) +€5(5/4) + 2l (Pe)| - €§(8/4) + €1(8/4)* . ©)

Multiplying both sides of (8) by Var f(]5 ), and using (9), combining the above inequality with (8),
we obtain

Yarf(Pc) ) < Yarf(gc) . ~ Yarf(gc) A ~
s (P = g (P2~ Nt (50 = mpSDIP ™ Ny (B) = g (P)IP - g (S6) — s (S)]2
(50/4) + 2y (P 56/ + 5(6/9?) - A
i (P) = g ()12 - 115 (5) = i (S)IP
5(0/4) + 2\|uf< Pl - €5(5/4) + €§(0/4)?

(10)
e (Si) = 15 (S5)II2
Averaging (TI0) over ¢ € {i, j} gives
Vi(P;, Py) < Vf@iﬁj)( e |2>
AVBeeqi ) [ez(a/4>+2||uf< OG0/ + GG A

1 (Po) = pg (By) 12 e (55) = ey (5512
AVE.c(i ) [es<6/4> 2y (P - €(5/4) + €5.(5/4)?]
+ — — .
I (B5) — s (512

By the triangle inequality and (7

s (i) = s (SHIl < ||Mf( 1) — f(f’j)ll+Huf(gi)—/{f(lf’i)ll+||Mf(5j)—uf(13j)ll
< g (P) = g (P + €(6/4) + € (6/4),

IN

Vi(Pi, Pj) < Vi(Si,S;) (1+

—

This and (7)) imply
(1079 + €l (0/9)) - (Mg (Pr) = s ()] + €1(6/4) + € (6/4)) -
g (B = g (B [l (Po) = g (By)] )
, Aectin [e5(5/4) + 2lg (P - €5(65/4) + e5(5/4)2] - (e (6/4) + el (6/4))”
i (56) = s (S

and by a symmetric argument,
it (Py) = (Pl = Il (56) = (Sl < €1(8/4) +€](6/4)
A = [lus(P) = g (PP = g (55) = s (S)I?)
= ‘lluf(sz') — (P = g (S5) = uf(gj)ll‘ (”Nf(pi) — pp (Pl + [lps (S5) — Mf(gj)\l)
Plugging the above bound into (TT)) shows that, with probability at least 1 — 4,
€1(0/4) + €](5/4) €1(0/4) + €](5/4)
| PAvcq [€6(0/4) + 20lps (Po)| - €6(6/4) + €6(6/4)2] - (€15/4) + €] (5/4))
ey (Py) = pup (P - Nlpap (Se) = o (S5)12
e (Po) = g (P12 - g (Si) = pap (S)112
, Aectin [€5(6/4) + 2l (Pl - €6(5/4) + €5(6/4)?]
< (V3(S,9)) + B) (1+ A)%,
completing the proof. [
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D PROOF OF PROPOSITIONS 2]

Proposition 2. Letr F* C F be any finite set of functions with A(F*) =
infrer-infp 2p, ||up(P.) — pg(Pe)|| > 0. Then, with probability at least 1 — ¢ over the

selection of source class distributions P,

16 sup Vary(P')

Epoer [Vi(Pey Po)] < Ave,| Vi (P, By)| + |84 — 200 . W@[iggﬁpm
9) - r /
+<1 + 4Supz€X‘ feF* ||f(1’)”) . 24/log(1/9) fefs*u,g/ecva (P
A(F) Vi- A(F*)?

To prove this proposition, we apply Theorem 2 of Maurer & Pontil| (2019). In order to do so,

we need the following definitions (their Definition 1): Let I/ be any set and A : ' — R. For

z=(z1,...,21),j € {1,...,1} and 2 € U, we define the j-th partial difference operator on A as
D%A(Z) = A( ce 9 Rj—15R55 %541 - - ) - A( ce s Zj—1, Z;', Zj41y .- ) .

In addition, we denote

DZ,;{A(Z)
M(A) = max sup —F——,
i€l Lar = =2l
z;GZ/{: z;;éz]'
and ‘
D7, D?, A(z)
J(A) = I+ max sup = ———,
r#j€[l] zcld! HZJ —ZJH
Z;EM: z;;ézj
z €U 2, Fzp

and the maximal difference

K(A) = max sup Di,A(z) :
aul el J
z; cu: z;;ézj

Now we are ready to proceed with the proof.

Proof. LetU = Hr-(C), z = (u;,v;) _; € U, Tozp = I]a # b] and

v; + V;

A(z) = Avg#j [Huﬁéuj : m

Furthermore, assume that P = {Pi,..., P} ~ De(P1,...,P | Vi # j € [I] : P, # P;)is

an independent and identical copy of P. Then, by Corollary 3 of Maurer & Pontil (2019) and the

fact that the Gaussian complexity of any set A C R! is at most 2+/log(l) times its Rademacher

complexity, with probability at least 1 — § over the selection of P,
max |Ep [A(Hy (P))] — A(H; (P))]

< 2v/2rlog(l) (2M (A) 4+ J(A)) - E[R(Hz-(P))] + K (A) - /11og(1/6) .

Since P, ..., P, are sampled such that P; # P; (for all i # j € [I]) and A(F*) > 0, we have
I[pf(P;) # pg(Pj)] = 1forall ¢ # j, and so

AH(P) = Avgys, [Hng(P) # g (P Vy(PPy)| = Aveis, Vi (i, P)]

Similarly, we have A((H;(P)) = Avg,.;[V;(P;, P;)], and by the linearity of expectation,
Ep [A(Hf(P))] = Ep,+p, [Vf(Pe, P)]. By substituting these into (I2)), we obtain that for any

(12)
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f € F*, we have

Ep.zp, [Vi(Pe, Po)] < Avgyy; Vi(Pi, P))
+ 2+/27log(l) (2M (A) + J(A)) - E[R(Hz-(P))] (13)
+ K(A)-+/llog(1/9) .

To finish the proof, we bound M (A), J(A) and K (A). Let j € [I] be some index and z’ = (z;)!_, =

(uj,v})i—; € U" be a vector, such that, z} = z; for all i # j and 2 # z;. Then,

[%A@)zlﬂﬂ—Awﬁ

1 [ v; +v; v; + v
= Huz‘#uj ’ 2 Huz‘#u'n /j 2
=D 2=, M Tl =]

; (14)

since only pairs involving j are non-zero in the average defining A. To simplify notation, let a =

lui — ;]| and b = [[u; — )|l and ¢ = ||z; — 2| = [|(u;,v;) — (u], V). Next we bound the terms

in the sum in (T4) individually. We divide the analysis into three cases:

Case 1. Assume u; = u; = u; In this case we simply have

I v; + v I V; JFU;‘
. T . ) — ==
Ui AU ||Uz _ ujH2 U FU; ||Uz — U;H2

Case 2. Assume u; # u; and u; = u; (a bound can be obtained similarly for u; = w; and

u; # u;.). In this case, since z;, z; € U, we have v;,v; <  sup  Vary(P'), implying
feF=pPec

2 sup Vary(P')

; vitv; v; + V] v; + v feF* Prec (15)
el e gR| S e wlP S AG)
In addition, since ¢ > ||u; — u || > A(F*), we have
2 sup Var,(P’
I Vi + ;5 _ vi + U; fEF*,P'eC f( ) (16)
M s =gl s = P AF)

Case 3. Assume u; # u; and u; # u; By simple algebraic manipulations, we have

I v; + Vg v; + U;
uﬁéuj ||’U/Z _ UJHQ Ui#uj ||'U/Z _ u;HQ
B Vi + v; v; + U;'
lwi = wjl* fJus — w2
(b—a)(b+a) vj—]
= (Ui + ’Uj) 22 + = J
b—a|-(b+a) vy — vl
< (vi +vj) TS 02 !
[uj —wjll - (b+a) = |v; — v
< (vi + ) ;2172 B2 =,
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where the last inequality follows from the triangle inequality. Since [|u; — || < [lug|| + [lu}| <

f(x)| and v;,v; < sup  Vary(P’), we have
feF=, P'eC

QSUPxeX, feF*

Vi + U 'Ui"'v/'
_ ]Iuﬁéu] HU - Ul ||2

]qu, u; (2
7 i = g
) ) 2 sup Vary(P')

s @I s V(P () - LTS

= vEX, fEF* feF+, Prec A(F*)?
8sup,cx, rer- [If(x)l-  sup  Varg(P’) 2  sup Vary(P')
< feF*, pP'eC + feF*,pecC
= A(F)3 A(F)2
We notice that [|u; — u}|| < cand |[v; — v}| < c. Therefore, we obtain
L I Lvl
I TR e PR

1 1 1
s @it \Gpt o)t

4 sup  Vary(P')

feF*, P'eC 1
< - .
= AF ) TAF)?
Therefore, in each case we have
v; + U; vi + v
]Iul u —J _]Iul (T ETE
e LT P
dsup,cx per If(@)| - sup  Vary(P) 2 sup Varg(P)
< ’ fEF*, PrecC 4 _feFrPrec
- A(F*)3 A(F*)2
and also
4 sup Varg(P'
1 vitv v; + V] feF=Prec g )Jr 1
R e i e I OO AFP
Hence,
8SUp,cx, fer f(a:)||f }_sull)m CVarf(P') 2f fsu% CVarf(P’)
D7, A(z)| < €rn e S 17
DlAG)| < - A(F)? T raEe W
and 4 Var ¢ (P')
J sup ar
’D%A Z)‘ feF+, Pec ! N 1 as)
llz; =zl — L A(F)? L-A(F*)?

Therefore, K(A) and M (A) are also bounded by the right hand sides of and (T8). Next, we
upper bound J(A). Let r # j and z,. € U. We have

V40

DgiDi;A(Z) 1 Lo, u; ﬁ IR e
lzj =25l W—1) 2
1 i, i — L oo
Cul-1) c
I vrtv; I vr+v
1 wot T, =y P~ Lue ) Ta=u) 2
S l-1) ¢
U [T e~ T e
AT ¢
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Hence, by (I8) we have
8 sup Vary(P')

1 feF*,PeC 2
J(A) < ’
A = 7= AFP T AT
Substituting the bounds of M (A), K(A) and J(A) into (T3] proves the proposition. O

E ANALYSIS FOR SECTIONS 4. 1H4.2)

In this section we analyze the asymptotic behaviour of €¢(8) and €5(8) (see Section[d- 1), as well as
of E5[R(H - (P))] (see Proposition [2) for ReLU neural networks. A ReLU neural feature ma is
a function of the form f(x) = Wig(W4=1. . o(Wlz)) : RY — RP, where o is the element-wise
ReLU function o(z) = max(0,z), and W € R%+1*% for i € [q], where d; = d and d,+1 = p.
Throughout this section, we use F to denote the set of ReLU neural feature maps (with the depth
q and the dimensions dy, ..., dq41 of the layers fixed). The spectral complexity of a network f is

defined as C(f) = max;e ) W]l -Hﬁ;} |W|| where for vectors, || -|| denotes the Euclidean norm,
while for matrices, it is the spectral (Lo-induced) norm. This quantity upper bounds the Lipschitz
constant of f and is similar in fashion to other (slightly different) notions of spectral complexity for
neural networks (Golowich et al., 2017} Bartlett et al.| 2017).

Throughout the section, for a given function g : A — B* and j € [k], we denote the j’th coordinate
of g(z) by g(z); and foraclass G C {g: A — B*}, we define G|; = {g(-); : g € G}.

Before presenting the main claims of this section, following [Poggio et al.| (2020), we start with
describing a canonical representation of ReLU neural networks (the proofs of our statements are
given for this representation). Since max(0,ax) = amax(0,z), for all z € R and ¢ > 0, any
neural network f = Wig(W9=1...oc(W'x)) € F can be represented as a modified network

f(x) = Vig(Vat. . o(V'iz)), where VI = W4 . [[/Z] [W"||and Vr < g —1: V" = LA
In particular, |[V"|| = 1 for all » < ¢ — 1 and, since V¢ = W} - 1221 W], max;e, Vi =
max;e, W)l - Hg;} [W7™|| = C(f). Thus, for any f € F, there exists an equivalent neural
network f” which belongs to the set

FM — {V[/qa(Wq_1 oWl e Fivr<q—1: |W"||=1and I_n?)]<||WJq|| < M}
j€lp

forany M > C(f). Therefore, F = |J3;_, FM (FM C F is trivial by definition).

Next we present the first claim of the section. The following proposition shows that the first and
second moments of ReLLU neural feature maps with bounded spectral norms concentrate around
their means. In particular, if a learning algorithm (in Section [4.1)) is guaranteed to return a neural
network f with C(f) < M, then €§(6) and €5(4) are bounded by the right hand sides of (I9) and
(20), respectively. Note that both of these terms scale as O(y/log(1/d)/m.). The analysis is based
on Theorem 1 of |Golowich et al.|(2017)) and the proof of Theorem 1.1 of Bartlett et al.| (2017).

Proposition 3. Let P = {150}221 be a set of class-conditional distributions over a bounded set
X C Réandletmy,...,m; € N. Let F be the class of ReLU neural feature maps as defined above.

Then, with probability at least 1 — & over the selection of S1 ~ 151”“ yoo s Sy~ P™M, forall c € [l
and f € F, we have

By, (@) — Avgses, /(3]

< PC(f) + 1) supycx |||
< N

(19
<3\/§ +24 710g(42pl/5) ++/log(C(f) + 1))

?ReLU neural networks for classification typically have an additional soft-max layer on top their feature
map.
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and

Esp, (@] - Aveses, (152 |

(20)
SPMQSI%X‘I“Q <6\/§+4+3\/@+3 log(C(f)+1)> :

Proof. We prove that, for any fixed ¢ € [l] and M € N, and, respectively, hold for all

f € FM simultaneously with probability at least 1 — m Then taking the union bound over
c and M proves the proposition (since F = [J3;_; FM).

Fix ¢ € [[] and M € N. By the triangle inequality, for any f € F, we have

By Theorem 3.3 of [Mohri et al.| (2018), with probability at least 1 —
of S'C ~ I:’CmC, forany f € FM we have

By, [F(@)] — Avezes, /@) || < Z

Jj=1

E;op [F(@)5] = Avezes, [F(@)5] | @D

6 .
SpIN(MFT) OVer the selection

E,p, 1f(@);] = Avses, [f(@);]]

2R(F}(S.)) @) \/1og(4le(M +1)/6)

2me

(22)
< +3 sup
Me zEX, flEFM

The first term on the right hand side can be bounded using Theorem 1 of |Golowich et al. (2017)
stating that

R(FM(S.) < M(«/ﬂog(?)q—&—l)MngHxH < Ve (L5 + 1) M sup ] (23)

Moreover, for any f' € FM we have |f'(x);| < M - sup,cx ||z. Substituting these inequalities
into (22) implies

E,.p, [F(@);] — Aveses, /@)1

(24)
3V/q+2)M -s log(4pIM (M +1)/6
GBI M el g O 1/8)
VMe reX 2me
By the union bound, holds for all j € [p] simultaneously with probability at least 1 — W.

Combining this with (ZI)), we obtain that for any fixed ¢ € [I] and M € N, with probability at least

L— m,forallf € FM\ FM=1 we have

[Bser. (£(@)] - Aveses, 1@ |

- PMsup,ex 2] <3 Jit24s \/1og<4p1M<M+1>/a>>

< B 5
< pMS“\I/)%X I=| (3\/a+ 2 +3\/71°g(42pl/5) +3\/m>
_ pel) + B%pmemn <3 Jit243 /1og<42m/6> s log(C(f)—|—2)> )

3The original statement makes use of the Frobenius norms of the matrices, however, the proof is exactly the
same if we replace the Frobenius norm with the spectral norm.
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where the last inequality follows from the fact that M < C(f) + 1, since C(f) € [M — 1, M]. Next,
we prove the second inequality for fixed c and M. As in , by Theorem 3.3 of Mohri et al.| (2018)),

with probability at least 1 — W over the selection of S'c, forall f € F M we have

i, [15@)2]) = Avezes, [IF@IP] |
2RO 5 o @) \/10g(4lM(M+l)/5)’

me zEX, fEFM 2mc

(26)

where G5 = {||f()||*> | f € FM}. By definition, with ¢ = (ey,...,€m,) denoting i.i.d.
Rademacher random variables (i.e., random variables taking values +1 with probability 1/2 each),

R<gs<§c>>=Ee[wp (Zcenf(fcci)?) B | e, SSS )

fer 1= 1=

1 1j=1 @7

P Me

< ZEE sup Z Glf(fi'cz)g .

j=1  [FeFM \i=1
Note that the jth terms (in the square bracket) at the right-hand side above is the Rademacher
complexity of the composite function class g o FM = {go f/|f' e FM} for gy) =
y®.  Since sup,cy |f/(2);] < Msup,cy ||lz| and g is 2M sup, y ||z|-Lipschitz on

[—M sup,¢cy |||, M sup,cy ||z]|], by Lemma 1.1 in Lecture 17 of Kakade & Tewari| (2008), the
Rademacher complexity of this composite function class can be bounded as

R(goFM(S.)) <2M sup ]| - R(FM(Se)). (28)
re

Combining with and yields

P
R(G*(5.)) < Z (g0 F}") < 2M sup [ ZR F}') < pM? sup Je* e (34 +2).
ex
j=1 j=1

(29)
Substituting into and using sup,c v preru |[f/(2)]|> < pM?sup,cy ||lz]|* imply, similarly
to (23), that with probability at least 1 — over the selection of S,, forall f € FM\ FM-1
simultaneously we have

Bz, [IF@IF] - Aveses, [I73))7] |

< pM2SliI/)7mTT€CX ||1’||2 (6\/(}4_4_’_3\/@4—3 10g<C(f)+2)> )

finishing the proof. O

5
20M (M+1)

Next we show that the Rademacher complexity in Proposition [2 scales as (’)(\ﬁ) for ReLU neural
networks with bounded spectral complexities.

Proposition 4. Let F* = {f € F|C(f) < M} be a class of ReLU neural networks with. Then,

B lR(H- (P))] < Vi(L3 VG + DM sup | (1 +4p s |:c||)

Proof. As discussed at the beginning of the section, 7* and F™ define the same function class
through different representations. Thus it suffices to consider 7 in place of F* (as trivially

Es[R(Hr-(P))] = Ep[R(Hyu (P))).

Fix P = (Py,...,P;). With e = (€cj)eeq),jefoyulp) denoting ii.d. Rademacher random variables,
by the definition of Hzux and because sup,c 4[f(a) + g(a)] < sup,ecq f(a) + sup,c4 9(a), we
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ferM =1 j=1
P ! ~ ! -
< E. | sup ecitbf(Pe)j || +Ee | sup ecoVarg(FP.) || - (30)
32:21 feFM \ =1 o ferM ; !

We bound the two terms in (30) separately. The terms in the first summation can be bounded as
l ) !
sup €cjbif(Pe ) = sup €ciBsz o p [f(‘fc) ]
s (Seonetr) = s (Secmeop o0,
| (Z “erf(Fe) )] G31)

= ]Eilf\fph...,il"v]is (‘/—:‘j ({‘%C}c=1))
< VI(L5 G+ )M sup ],
reX

IN

E

Z1~Py.. ,IlNPz

where the last inequality holds because of (23] (with [ instead of m, samples). The elements of the
second summation (30) can be bounded as

Ec | sup €coVary (P,
L“ eFM (Z )

r l
=E. _fi“f% (Czleco( pUFEN] = B 5 [f (fc)]||2)>1
r l
< E. S <Z€c0Eg~CCNPJ||f@c)HQ]> s ( Zecol\ﬂima )HQﬂ
L. cFM —1
- 1 l
=E. _fseupr (Z_‘; eco;_ 5[l f(:Ec)||2]> i, (;eCOHEmp [f(a*cc>]l2>] , (32)

where the last equation follows from the fact that €. are distributed symmetrically around 0. We
can bound the first term in (32) above using (29) (again, with [ instead of m,. samples) as

l
sup (ZECOE@NPC[”JC(‘%C”Q])]

ferFM \ =1

E.

(33)
<

= E561~151 ,,,,, H~P B

s (ZecoIIf Ze IIQﬂ < pM* sgglleQ\/l(i%\/éJr?)

The second term in (32) can be bounded similarly, but because now the expectation is inside the
squared norm, we need to provide a few more steps:

l

E. | sup (Z6c0||]Erc~Pc[f(fc)]||2>]

ferM c=1

!
E. | sup ZZ& (ic)j])2 (34)
ferM c=1j=1

p l 9
< ZEC sup eco (B (Zc);]) )] -

j=1 feFM \ =1
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Now similarly to (28},

max sup |[E; _5[f(Z),]| < maxsupE;_p[|f(2);[] < M - sup ||z
JjEpl p Jelprl p TEX

implies (via Lemma 1.1 in Lecture 17 of |Kakade & Tewari (2008)))
! 2
| (oo (onp 0’|

fer c=1
l
cl E. p ~c 7
fseljfgw (;6 0Bz, p,[f(Ze) ])]
! (35)
sup (Z Ecof(ic)j>‘|
fe

FM —1

< 2M sup ||z| - E.
reX

< 2M sup ||z|| - E E.
zeX

Lo~ P

=2M 51612 lzll - EsEz, 5, [R(ﬂy({ic}izl))]

< M? sug ||:E\|2\ﬁ(3\/§+ 2),
€

where in the last inequality we used again Theorem 1 of Golowich et al.| (2017)) adapted to the
spectral norm, as in (23). Combining (34) and (33) gives

fe].‘l\/f

l
Ee [ sup <2600||ch~ﬁc[f(jc)]2>] < pM? Sggllw\\Q\ﬁ(?ﬁx/?ﬂr?)

c=1

Substituting this and (33)) into (32) gives

!
sup <Z ecoVary (f%))

fer™ c=1

Plugging in this and (31) into (30) gives

E.

< 2pM? sup ||z]|*VI(3y/q +2).
reX

R(Hzm (P)) < VI(1.5y/q + 1)M sup ||z <1 + 4pM sup |a:||> ,
zeX reX

giving the desired bound. O

F ANALYSIS FOR SECTION [4.2]

Lemma 2. Let X;,...,X,, be a set of i.i.d. uniformly distributed points in the p-dimensional
unit cube.  There is a positive constant C > 0 (independent of n and p), such that,
E [min;4jepm [|X: — X;]] > C-n=2/7/p.

Proof. For any pairi # j € [n],

Pr[|X; — X;| > D] > 1 G

r||| X — Xj|| = >l ————=D",

since the volume of the p-dimensional ball of radius D is %DP and the volume of the unit
cube is 1. Hence, by the union bound over all pairs i # j € [n]:

(n—1) 7p/?
2 T(p/2+1

P |min X, — X, > D| 2 max (0,1 iD") = h(n.D).
17]
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Since h(n, D) > 0if and only if D < D* = M~"/?, where M = "("=1) % we obtain

E [minHXl- - Xj||] :/ Pr {minHXi - X[ > D} dD
i#] 0 i#j

(D)

> h(l,D)dD = D* — M
_/0 4.D) (p+1)

()

:D*(l_l )
p+1

1/p 1/p
n

n — 1) 71'1/2

where the last inequality follows from Ramanujan’s approximations of the Gamma function (Karat-
subal |2001) for some C' > 0 independent of n, p. O

G ANALYSIS FOR SECTION [4.3]

In the following proposition we provide a formal statement of the analysis provided in Sec-
tion 4.3 We consider a balanced k-class classification problem and a given feature map f (e.g.,
pretrained). We upper bound the classification error of the nearest-mean classifier hy g(z) =
argmin, ey || f(z) — 17 (Se) | in terms of the averaged CDNV, that is, Avg,.; [V (5, P;)]. There-
fore, if the averaged CDNYV is small, then, we expect the nearest-mean classifier to have a small
classification error.

Proposition 5. Let T be a balanced k-class classification problem with distribution P along with
class-conditional distributions P = {P.}¥_,. Let S = Ule S¢ be a dataset, such that S, ~
Pre(ng = - =ng =n. € N). Let f: RY — RP be any feature map and let hy s(z) =
argmingcp, [|f(z) — pr(Se)| be the nearest-mean classifier. Then, for all y € (0,1), we have

B[En] = BB y)pllh(z) # 5] < 160k — 1) | stpy + 2| Ave,s, Vi(P P)]

where s(f,P) = pif {f o P.}r_, are spherically symmetric and s(f,P) = 1 otherwise. If {f o
P.}k_, are all spherical Gaussians, then
exp(—p/(32V{"™))

E[Er] < 3(k—1) GVEE
f

Jor Ve := max;z; Varg(P;) /| s () — ¢ (P))||* < 1/16. Furthermore, the condition on Vnax
can be relaxed to Vi* < y*n./4 for v € (0, 1) with bound

| avpex (1—-9)%p nere \P V2nep
E[EI‘I‘] S (k - 1) ( m " eXp <_ 4meax + (4‘/;‘“”‘) " €Xp _4V}nax

Proof. First note that

E[Err] = EsE, )~pllhys(x) # y]

1k
= %ZPr[hf,s(xi) # ]

(36)

1
=% > Prhys(e) = 4]
i#]
In the following we will fix ¢ and j # ¢ and bound Pr[hs g(x;) = j], which is the probability that
x; ~ P;is (wrongly) classified as j # 4, for all three cases (general, symmetric, Gaussian). Let ¢
be either i or j. Let . := ps(P.) and fic := ps(Se) and u; = f(x;). Let X == ||fic — u;|| and
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Y. = ||u; — pe|| and Z := ||t — fic|| for ¢ =4, j. Let a5 = ||p1s — 15| (or e for short since ¢ and
j are fixed) and 0 := Vary(P.) = E[Y,?] = n.E[Z2]. Note that V;(P;, P;) = (07 + 03)/203;.

General case: With this, and by triangle inequalities, Y; < X; + Z; and X; < Y; + Z; and
Y, +Y; > o, we get

Pr[hf’s(.’ti) = ]] = Pr[Xj S Xz]

< PrlY; <Y+ Z + Zj]
< PrlY; <3a VYi+Z+ Z; > 34]
<Py, >23VYi>$V Zi+27Z; > 5]
< PrlYi > §] + PriZi+Z; > §]

2 a2 2 2 a2
< PrlY? > %] + PrZ7+ 77 > %)

Now by Markov’s inequality,
80?7 + 8072
Pr(2} + 77 > %2] < E[Z22+Z]2]/(%2) = —,

and similarly P'r[Yi2 > ‘i‘—;] < 1607 /a7;. Plugging this into (36), by symmetrization, leads to the
desired inequality

1« 1602 802+ 802
E[En] < - > Sttt = 16— 1)(1+ L) Avg,; [Vi(P, Py))
itj ] €y

Spherical Gaussian case: For simplicity of notation, we assume that all Var(P;) are equal to
o and that {y1, ..., ux} span a regular simplex. The proof of the general case is essentially the
same with some additional max operations. By assumption « and o are independent of ¢ and 7j,
hence also V; := V;(P;, P;) = 0?/a?. Fix i and let X; := ||i; — w;|| and Y; := ||u; — p;]| and
Z; = ||p; — 1] for j € [k]. By the triangle inequality, Y; < X; + Z; and X; < Y; + Z; and
Y; +Y; > «. Next, we upper bound the probability that x; is misclassified as j # 4

Prlhys(z;) = j] < Pr[Y; > §] + Pr[Z; > §] + Pr[Z; > §]

< PrlYi> 4] + Pr[Y; > 4] + Prly; > 4]

Since u, ~ N(pe,021/p) and fi. ~ N (e, 021/ (n.p)), the random variable E; = Y?p/o? is a
chi-squared random variable with p components. We can write

e a?p )
P[Y,»>—}:P E > <1-F(22 0} = 1-F(p, p),
e r[ _1602] = (1602 p) (zp, p)

where F(x, p) is the CDF of the chi-squared distribution with p components and z = (a/40)? =
1/ 16VJ§“3X. By Chernoff’s bound, if z > 1, we have

p/2

exp (1= g7k ) exp(—p/(32Vmax))
_ _L))\P/2 = f f
1 F(va p) < (Z exp(l Z)) - 16V}nax < (5vfmax)p/2

Finally by averaging over i # j, we obtain the desired inequality,

exp(—p/(32V{"™))
(5V}nax)p/2

E[Er] < 3(k— 1)

Spherically symmetric case: In this case

Prih(z:) # j] = Prlllus — f;]] < Jui = ful]
= Prlu; € H] = Pr[d(u;, H) = 0], where

H = {z e R :[lz — | < |lo — ull}

{x €R?: (i — fij, 22 — i — fi;) > 0}
{z €R?: d(z,H) =0}
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is the half-space of all u, that are wrongly classified, and d(z, H) is the distance of x from separating
hyperplane OH if ¢ H and 0 if x € H. The distance D of the closest point of H to p; is

| — il 2

For fixed displacement magnitudes Z; and Z;, this distance is smallest if both displacements are
colinear in direction of y; — p;, in which case

D Z Dmin = g— Z7'+Zj
2 2
A formal proof of this claim is as follows: W.l.g. we can choose (a coordinate system such that)
;= 0:

op = _ Wi~y it i) (1] = [l
i — s | i — ]| il
= gl = ladll = egll = A = will = il = o= 25 = Zi = 2Dmin

where both inequalities are simple applications of the triangle inequality.

1° 12 - -y N ]|
(Al = ”,u'iH)Hl])f

Now, for fixed fi; and /i; i.e. fixed D and by rotational invariance, the probability that u; € H is the
same as the probability that (e.g.) the first coordinate of u; —yu; is larger than D. With V! := u} —p!
and v € (0, 1), this implies

Prlu; € H] = Pr[Y}! > D]
= PrY!>D A Zi+Z; <va] + Pr[Y;' > D A Zi+ Z; > va]
< Y > 05(1-7)a] + Pi{Zi+ 7, > yal
< Pr[()? 2 0.25(1 —9)%a’] + Pr[Z] + Z7 > 0.57%7] (37)
. _E())] | EZ+Z
~ 0.25(1 — )% y2a?
2 2, .2
_ 0.25(‘171_/1;)%2 ;L ;232)/"6. (38)

Plugging this into with v = 0.5, by symmetrization, leads to

80 —|—80 1

E[Err] < -

B < 252 D
i£] ”

16(k — 1) Ll) +

1
n} Avg, i [V (Pi, Py

Improved spherical Gaussian case:
We continue from (37). If we apply a standard Gaussian tail bound ®(—a) < e=a’/2 /aV/27 to
Y}'\/p/os with a = U=10VP get
1 _ 1vP ~ (I=y)ayp
Pr[Y;! > 0.5(1 —4)a] = Pr [11- 2> #}
= @(-a)

2Vn]ax max
< m ~exp(—(1— 7)2p/4Vf )

For the other term, we note that (Z? + Z?)ncp/ o} is x3,-distributed, hence by Chernoff’s bound
for 1 < z 1= 7*n.a® /407 > y*n. AV we get

Pr(Z2+ 22> <] = Pr[(Z2 + Z3)%f > 2p- 2]
(ze'7%)P

2 p P
()" - exp(—y2nep/avy™)

IN

IA

36



Under review as a conference paper at ICLR 2022

Plugging this into (36), leads to

1 2
E[Er] < z E:Pr[Y;1 > 9+ Pr[Z7 + Z7 > %]
i#]

2V (1 B 7)2]7 ney2e p ’yzncp
(k - 1) ( (1—v)2mp " €Xp <_ 4V;nax + <4VJ{“"‘X> " exp _4vfmax

IA
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H LIST OF NOTATION

X, YV instances and labels spaces
P, P source and target distributions
PC, P, source and target class-conditional distributions
D distribution over target tasks
¢ loss function
Lg(h), Lr(h) source and target generalization risks
Lp(f) transfer risk
c € [1]|[k] class index
C set of class distributions
De distribution over classes
leN number of classes in the train=source task
keN number of classes in the test=target task
m,n train=source and test=target sample size per task
My Ne number of samples with class label ¢ per source/target task
i € [n]|[m] index of data item
peN features dimension
deN input dimension
ferF feature map R? — RP. Penultimate layer of a neural network
geg mapping R? — R¥ from features to soft test labels
geg mapping R? — R! from features to soft train labels
Am regularization parameter \,,, = a/m
At pseudo-inverse of matrix A
S, Se target training data and its subset consisting of all samples from class ¢
S, S. source training data and its subset consisting of all samples from class ¢
g (P) mean of g(x) forz ~ P
Var, (P) variance of g(x) forz ~ P
Vi (Q1,Q2) class-distance normalized variance (CDNV)
R(A) Rademacher complexity of A C R?
€5(9) generalization gap terms
Avgf:1 [a] average
u(A) the projectionof u: B — Rover A C B
U(A) the set {u(A) : u € U}
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