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ABSTRACT

Supervised contrastive learning optimizes a loss that pushes together embeddings
of points from the same class while pulling apart embeddings of points from
different classes. Class collapse—when every point from the same class has the
same embedding—minimizes this loss but loses critical information that is not
encoded in the class labels. For instance, the “cat” label does not capture unlabeled
categories such as breeds, poses, or backgrounds (which we call “strata”). As a
result, class collapse produces embeddings that are less useful for downstream
applications such as transfer learning and achieves sub-optimal generalization error
when there are strata. We explore a simple modification to supervised contrastive
loss that prevents class collapse by uniformly pulling apart individual points from
the same class. More importantly, we introduce a theoretical framing to analyze
this loss through a view of how it embeds strata of different sizes. We show that
our loss maintains distinctions between strata in embedding space, even though it
does not explicitly use strata labels. We empirically explore several downstream
implications of this insight. Our loss produces embeddings that achieve lift on
three downstream applications by distinguishing strata: 4.4 points on coarse-to-fine
transfer learning, 2.5 points on worst-group robustness, and 1.0 points on minimal
coreset construction. Our loss also produces more accurate models, with up to 4.0
points of lift across 9 tasks.

1 INTRODUCTION

Supervised contrastive learning has emerged as a promising method for training deep models, with
strong empirical results over traditional supervised learning (Khosla et al.,[2020). Recent theoretical
work has shown that under certain assumptions, class collapse—when the representation of every
point from a class collapses to the same embedding on the hypersphere, as in Figure [[l—minimizes
the supervised contrastive loss Lgc (Graf et al) 2021). And modern deep networks, which can
memorize arbitrary labels (Zhang et al.,|2016), are powerful enough to produce class collapse.

Although class collapse minimizes Lg¢ and produces accurate models, it loses information that is not
explicitly encoded in the class labels. For example, consider images with the label “cat.” As shown in
Figure[I] some cats may be sleeping, some may be jumping, and some may be swatting at a bug. We
call each of these semantically-unique categories of data—some of which are rarer than others, and
none of which are explicitly labeled—a stratum. Distinguishing strata is important; it empirically
can improve model performance (Hoffmann et al., 2001) and fine-grained robustness (Sohoni et al.,
2020), and it is also critical in applications such as medical imaging (Oakden-Rayner et al., 2020).
But Lgc maps the sleeping, jumping, and swatting cats all to a single “cat” embedding, losing strata
information. As a result, these embeddings are less useful for common downstream applications in
the modern machine learning landscape, such as transfer learning.

In this paper, we explore a simple modification to L g¢ that prevents class collapse. We introduce a
theoretical framing to understand how this modification affects embedding quality by studying how it
embeds strata in embedding space. We evaluate our loss both in terms of embedding quality, which
we evaluate through three downstream applications, and end model quality.

In Section 3] we present our modification to Lgc, which prevents class collapse by changing how
embeddings are pushed and pulled apart. Lgc pushes together embeddings of points from the
same class and pulls apart embeddings of points from different classes. In contrast, our modified
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Figure 1: Classes contain critical information that is not explicitly encoded in the class labels.
Supervised contrastive learning (left) loses this information, since it maps unlabeled strata such
as sleeping cats, jumping cats, and swatting cat to a single embedding. We introduce a new loss
function Ly,.cqq that prevents class collapse and maintains strata distinctions. Lgy,.cqq produces
higher-quality embeddings, which we evaluate with three downstream applications.

loss Lpreqq includes an additional class-conditional InfoNCE loss term that uniformly pulls apart
individual points from within the same class. This term encourages points from the same class
to be maximally spread apart in embedding space, which discourages class collapse (see FigurelI]
middle). Surprisingly, even though L,,...q does not use strata labels, it still produces embeddings
that qualitatively appear to retain more strata information than those produced by Lgc (see Figure2).

In Section ] motivated by these empirical observations, we build off previous theoretical work (Graf]
et al., 2021; |Wang & Isolal [2020) to study how well Ly,.cqq preserves distinctions between strata in
the representation space. We propose a simple thought experiment considering the embeddings that
the supervised contrastive loss generates when it is trained on a fraction of the dataset. This setup
enables us to distinguish strata based on their sizes by considering how likely it is for them to be
represented in the sample (larger strata are more likely to appear in a small sample). When strata do
not appear in the sample, we view them as out-of-distribution data with embeddings characterized by
their information-theoretic properties. As a result, we can show that the supervised contrastive loss
has different effects on different strata depending on their size and distribution—and that Lp,cqq
increases the magnitude of these differences. Colloquially, rarer and more distinct strata are farther
away from common strata, and we show that this property is important for embedding quality.

In Section[5} we empirically explore several downstream implications of these insights. We demon-
strate that Lp,cqq produces embeddings that retain more information about strata, which enables
lift on a number of downstream applications that require strata recovery. We present three such
downstream applications to evaluate embedding quality in this paper:

* We evaluate how well L,,c.q4’s embeddings encode fine-grained subclasses with coarse-to-fine
transfer learning. Lp,cqq achieves up to 4.4 points of lift across four datasets.

* We evaluate how well embeddings produced by L, cqq can recover strata in an unsupervised
setting by evaluating robustness against worst-group accuracy and noisy labels. We use our insights
about how Lp,cqq €mbeds strata of different sizes to improve worst-group robustness by up to 2.5
points and to recover 75% performance when 20% of the labels are noisy.

* We evaluate how well we can differentiate rare strata from common strata by constructing limited
subsets of the training data that can achieve the highest performance under a fixed training strategy
(the coreset problem). We construct coresets by subsampling points from common strata. Our
coresets outperform prior work by 1.0 points when coreset size is 30% of the training set.

In addition, we find that Ly,.cqq produces higher-quality models, outperforming Lgsc by up to 4.0
points across 9 tasks. Finally, we discuss related work in Section [f]and conclude in Section[7}

2 BACKGROUND

We present our generative model for strata (Section 2.1 Then, we discuss supervised contrastive
learning—in particular the SupCon loss Lg¢c from Khosla et al.[(2020) and its optimal embedding
distribution [Graf et al.| (2021)—and the end model for classification (Section 2:2).
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Figure 2: Lgy,,cqq produces embeddings that are qualitatively better than those produced by Lgc.
We show t-SNE visualizations of embeddings for the CIFAR10 test set and report cosine similarity
metrics (average intracluster cosine similarities, and similarities between individual points and the
class cluster). Lgy,.cqq produces lower intraclass cosine similarity and embeds images from rare strata
further out over the hypersphere than Lgc.

2.1 DATA SETUP

We have a labeled input dataset D = {(z;,v;)}Y,, where (z,y) ~ Pforz € Xandy € Y =
{1,..., K}. For a particular data point =, we denote its label as h(x) € ) with distribution p(y|z).
We assume that data is class-balanced such that p(y = i) = % forall ¢ € V. The goal is to learn a
model p(y|z) on D to classify points.

Data points also belong to categories beyond their labels, called strata. Following
(2020), we denote a stratum as a latent variable z, which can take on valuesin Z = {1,...,C}. Z
can be partitioned into disjoint subsets S1, ..., Sk such that if z € Si, then its corresponding y label
is equal to k. Let S(c) denote the deterministic label corresponding to stratum c¢. We model the data
generating process as follows. First, the latent stratum is sampled from distribution p(z). Then, the
data point x is sampled from the distribution P, = p(-|z), and its corresponding label is y = S(z)
(see Figure 2 of [Sohoni et al| (2020). We assume that each class has m strata, and that there exist at
least two strata, z1, 2o, where S(z1) # S(z2) and supp(z1) N supp(z2) # 0.

2.2  SUPERVISED CONTRASTIVE LOSS

Supervised contrastive loss pushes together pairs of points from the same class (called positives) and
pulls apart pairs of points from different classes (called negatives) to train an encoder f : X — R
Following previous works, we make three assumptions on the encoder: 1) we restrict the encoder
output space to be S?~1, the unit hypersphere; 2) we assume K < d + 1, which allows
to recover optimal embedding geometry; and 3) we assume the encoder f is infinitely powerful,
meaning that any distribution on S?~! is realizable by f(x).

SupCon and Collapsed Embeddings We focus on the SupCon loss Lgc from |[Khosla et al.
(2020). Denote o(z,2') = f(z)' f(z')/7, where T is a temperature hyperparameter. Let B

be the set of batches of labeled data on D and P(i,B) = {p € B\i : h(p) = h(i)} be the

points in B with the same label as x;. For an anchor z;, the SupCon loss is ﬁgc( f,xzi,B) =

PGB 2opep(i,B) 108 5 exi)(zng(i)v)x 75» Where P (i, B) forms positive pairs and B\ forms neg-
3 s aeB\i i»La

ative pairs.

The optimal embedding distribution that minimizes Lgc contains one embedding per class, with the
per-class embeddings collectively forming a regular simplex inscribed in the hypersphere Graf et al |
. Formally, if h(x) = i, then f(z) = v; for all x € B. {v;}X£ | makes up the regular simplex,
defined by: a) Zfil v; = 0;b) ||lv]|2 = 15 and ¢) Feg € Rs.t. v v; = ck fori # j. We describe
this property as class collapse and define the distribution of f(z) that satisfies these conditions as
collapsed embeddings.
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End Model After the supervise contrastive loss is used to train an encoder, a linear classifier W &
R% >4 5 trained on top of the representations f(x) by minimizing cross-entropy loss over softmax
scores. We assume that |, ||2 < 1 for each y € ). The end model’s empirical loss can be defined
A _ exp(f(@:) Whiay)
as E(W D) - Z Z;K:l exp(f(z:)TW;)
f(z) and W to generate predictions p(y|z) = p(y|f(z)). Finally, the generalization error of
the model on P is the expected cross-entropy between p(y|x) and p(y|x), namely L(z,y, f) =

Eq.y [—logp(ylf(x))].

. The model uses softmax scores constructed with

v €D~ log

3 METHOD

We now highlight some theoretical problems with class collapse under our generative model of strata
(Section [3.1). We then propose and qualitatively analyze a loss function Lycqq (Section [3.2).

3.1 THEORETICAL MOTIVATION

We describe conditions when collapsed embeddings minimize generalization error on coarse-to-fine
transfer and the original task. We find that these conditions do not hold when distinct strata exist.

Consider the downstream coarse-to-fine transfer task (z, z) of using embeddings f(z) learned on
(z,y) to classify points by fine-grained strata. Formally, coarse-to-fine transfer involves learning an
end model with weight matrix W € R“*? and fixed f(x) (as described in Section on points
(z, z), where we assume the data are class-balanced across z.

Observation 1. Class collapse minimizes L(x, z, f) if for all x, 1) p(y = h(x)|x) = 1, meaning
that each x is deterministically assigned to one class, and 2) p(z|x) = i where z € Sp(y). The
second condition implies that p(z|z) = p(z|y) for all z € S,, meaning that there is no distinction
among strata from the same class. This contradicts our generative model assumptions.

Similarly, we characterize when collapsed embeddings are optimal for the original task (x, ).
Observation 2. Class collapse minimizes L(x,y, f) if, for all x, p(y = h(x)|z) = 1. This contra-

dicts our generative model assumptions.

Proofs are in Appendix We also show in Appendix that a one-to-one encoder obeys the
Infomax principle (Linsker, [1988) better than collapsed embeddings on new distributions (z’, /).
These observations suggest that a distribution over the embeddings that preserves strata distinctions
and does not collapse classes is more desirable.

3.2 MODIFIED CONTRASTIVE LOSS Lgpread

We introduce the 10ss Lp,cqd, a weighted sum of two contrastive losses Lyt¢race and Lyeper- Lattract
is a supervised contrastive loss, while L,.pe; encourages intra-class separation. For o € [0,1],

Lsp'r'eadz aLaiiract + (1 - a)L7'epel- ()

For a given anchor z;, define ;Y as an augmentation of the same point as z. Define the set of
negative examples for i to be N (i, B) = {a € B\i : h(a) # h(7)}. Then,

. -1 exp(o(zi, zp))
Lattract(f7 Ty, B) e — log (2)
Pl B 2% expl(er,0)) + S ) (o a2
. exp(o(z;, 24
Lyeper(f,xi, B) = —log p(of i) 3

Zpep(i,B) exp(o(zi, 7p))

Lgtiract 1s a variant of the SupCon loss, which encourages class separation in embedding space
as suggested by |Graf et al.[(2021). L, is a class-conditional InfoNCE loss, where the positive
distribution consists of augmentations and the negative distribution consists of i.i.d samples from the

same class. It encourages points within a class to be spread apart, as suggested by the analysis of the
InfoNCE loss by [Wang & Isolal (2020).
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Qualitative evaluation Figure [2| shows t-SNE plots for embeddings produced with Lgc versus
Lgpreaq on the CIFARIO test set. Lgpreqq produces embeddings that are more spread out than those
produced by Lsc and avoids class collapse. As a result, images from different strata can be better
differentiated in embedding space. For example, we show two dogs, one from a common stratum and
one from a rare stratum (rare pose). The two dogs are much more distinguishable by distance in the
Lgpreaq embedding space, which suggests that it helps preserve distinctions between strata.

4 THEORETICAL ANALYSIS

In this section, we first apply current theoretical tools to L pycqq to understand the optimal embedding
distributions. These tools do not fully capture strata behavior. In Section[d.1] we propose a simple
thought experiment about the distances between strata in embedding space when trained under a finite
subsample of data to explain our prior qualitative observations. Then, in Section[d.2] we analyze how
Lspreqaa produces better representations for both coarse-to-fine transfer and the original task (z, y).

Existing Analysis Previous works have studied the geometry of optimal embeddings under con-
trastive learning (Graf et al.,|2021; |Wang & Isola, 2020; Robinson et al.,2020), but their techniques
cannot analyze strata. As an example, we adopt and expand the analysis from |[Wang & Isolal (2020).
First, we set up some notation to analyze Lg;,cqq asymptotically. For an anchor z, the positive
example z7 is drawn from p*(-|x) = p(:|h(z™) = h(x)). Negative examples 2~ are drawn from
p~ (-]) = p(:]h(xz7)). An augmentation 2“9 is drawn from p, (:|z).

Theorem 1. Define nt = |P(i, B)|,n™ = |N(i, B)|. Asn",n~ — oo, the population-level loss
over batches and anchors, which we denote as Lgpreqa(f, n™,n7) (see Definition , converges to:

h£n LSpTead(f7 ’I’L+, n_) - (1 - a) IOg 7’L+ - OélOg n- = Lalign(f) + Luniform(f) + Lneg(f)a

ntn” =

where

1. Laiign(f) = — (0B, p+p+ [0(z, )] + (1 — @)Eg gouony, [o(z, 2%9)]) is minimized when
all points from a class collapse to one embedding.

2. Luniform(f) = (1 = a@)Egnp [10g Byt wpt (o) lexp(o(x, 2 ))]] is minimized when points in
each class are distributed uniformly on the hypersphere.

3. Lneg(f) = aBpp [l0gEy-p- (1) lexp(o(x,27))]] is minimized when points from a class
collapse to one embedding and collectively form a regular simplex inscribed in the hypersphere.

The proof is in Appendix @ While the optimal distributions for Ly form and Ly, suggest
better spread both among and within classes, several issues prohibit a closer analysis of Ly,cqq for
strata. First, the individual minima of Ly form and Ly, do not intersect, which prevents us from
characterizing Lgpreqq’s optimal distribution. Second, even if a unique optimal distribution were
deduced in this way, it would not capture strata. This is because this approach models embeddings
not as a mapping from X', but as a distribution on the hypersphere based on information in the loss
function. However, strata are unknown at training time and thus impossible to incorporate explicitly
into the loss. Therefore, we need another explanation for our empirical observations that strata
distinctions are preserved in embedding space under Lgpread-

4.1 GEOMETRY OF STRATA UNDER SUPERVISED CONTRASTIVE LOSS

We propose a simple thought experiment based on subsampling the dataset—randomly sampling
a fraction of the training data—to analyze strata. Consider the following: we subsample a fraction
t € [0,1] of a training set of N points from 7. We use this subsampled dataset D; to learn an encoder

ft, and we study the average distance under ft between two strata z and 2z’ from the same class as ¢
varies.

The average distance between z and 2’ is 6(f;, 2,2') = ||[Eamp. [fi(2)] — Eznp,, [f¢(x)]|]2 and
depends on whether z and 2’ are both in the subsampled dataset. We have three cases (with
probabilities stated in Appendix [C.2)) based on strata frequency and t—when both, one, or neither of
the strata appears in Dy:
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1. Both strata appear in D; The encoder ft is trained on both z and 2’. For large N, we can
approximate the setting by considering f; trained on infinite data from these strata. The optimal
embedding distribution from Theorem |I|is defined on these strata, so d(f:, z, z’) can be analyzed

by examining properties of that distribution. Note that if L were used, d(f¢, z, 2") converges to
0. This case occurs with probability increasing in p(z), p(z’), and ¢.

2. One stratum but not the other appears in D, Without loss of generality, suppose that points
from z appear in D; but no points from z’ do. Since the downstream classifier p(y|f;(z)) is a
function of distances in embedding space, we can equivalently consider how the end model learned
using the “source” distribution containing z performs on the “target” distribution of stratum z’.
Borrowing from literature in domain adaptation, the difficulty of this out-of-distribution problem
depends on both the divergence between source and target distributions and the capacity of
the overall model. For instance, the HA?H-divergence from Ben-David et al| (2010; [2007),
which is studied in lower bounds in|Ben-David & Urner|(2012)), and the discrepancy difference
from Mansour et al.| (2009) capture both concepts. Moreover, Ly,.cqq and Lgc induce different
end model hypothesis classes, which can help explain why L,,cqq better preserves strata distances.
This case occurs with probability increasing in p(z) and decreasing in p(z’) and ¢.

3. Neither strata appears in D, The distance 6 ( fi, 2, ') is at most 2Dy (P, P,/) (total variation
distance), regardless of how the encoder is trained. This case occurs with probability decreasing
inp(2),p(z’), and t.

We make two observations from these cases. First, if z and 2’ are both common strata, then as ¢
increases, the distance between them depends on the optimal asymptotic distribution. Therefore, if
we set @ = 1in Lgppeqq, these common strata will collapse. Second, if z is a common strata and 2’ is
uncommon, the second case occurs frequently over randomly sampled D;, and thus the strata are
separated based on the difficulty of the respective out-of-distribution problem. We thus arrive at the
following insight from our thought experiment:

Common strata are more tightly clustered together, while rarer and more semanti-
cally distinct strata are far away from them.

Figure [3] demonstrates this insight. Points from the largest subclasses (dark blue) cluster tightly,
whereas points from small subclasses (light blue) are scattered throughout the embedding space.

4.2 IMPLICATIONS

Subclass Size

We discuss theoretical and practical implications of
our subsampling argument. First, we show that on ® 500 Points
both the coarse-to-fine transfer task (z, z) and the ® 250 Points
original task (x, y), embeddings that preserve strata »%‘x %% @ 100 Points
yield better generalization error. Second, we discuss ’ i 50 Points
practical implications arising from our subsampling
argument that enable new applications.

Theoretical Implications Consider f;, the encoder g0 yre 3. Points from large subclasses cluster
trained on D with V" points using Lpyead, and sup- tightly; points from small subclasses scatter

pose a mean classifier is used for the end model. On (CIFAR100-Coarse, unbalanced subclasses).
coarse-to-fine transfer, generalization error depends ’

on how far each stratum center is from the others.

Lemma 1. The generalization error on the coarse-to-fine transfer task is at most
L(z,z, f1) <E, [log (Zi:S(i):S(z) exp(—Gintra(2: 1)) + X050 £5(2) exp(—&nter(z,i)))] -1,

where Sintra(2,1) and Sinter (2, 1) are quantities that scale with the distances between strata z and
i depending on if S(z) = S(i) (see Appendix [D.3| for exact expressions). Note that &;pirq(z,1)
corresponds with the distances considered in our thought experiment in Section

The larger the distances between strata, the smaller the upper bound on generalization error. A similar
result holds on the original task (x, ), but there is an additional term that penalizes points from the
same class being too far apart.
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End Model Perf.
Dataset Lss Lsc  Lspread
CIFAR10 897 90.9 915 Coarse-to-Fine Transfer
CIFAR10-Coarse 97.7  96.5 98.1 Dataset Lss Lsc Lspread
CIFAR100 68.0 67.5 69.1

CIFAR10-Coarse 71.7 525 76.1
CIFAR100-Coarse 620 624 63.9
CIFAR100-Coarse-U 619 595 62.4

CIFAR100-Coarse 769 772 78.3
CIFAR100-Coarse-U 72.1 71.6 72.4

MNIST 99.1 993 992
MNIST-Coarse 99.1 994 994 _MNIST-Coarse 7.1 988 90
Waterbirds 718 739 77.9
ISIC 878 887  90.0

Figure 4: Left: End model performance training with Lp,cqq On various datasets compared against
contrastive baselines. All metrics are accuracy except for ISIC (AUROC). Lp,¢qq produces the best
performance in 7 out of 9 cases, and matches the best performance in 1 case. Right: Performance
of coarse-to-fine transfer on various datasets compared against contrastive baselines. In these tasks,
we first train a model on coarse task labels, then freeze the representation and train a model on
fine-grained subclass labels. Lgprcqq produces embeddings that transfer better across all datasets.

Lemma 2. The generalization error on the original task is at most L(x,y, fl) <
E. {log (exp(—émtm(z)) + Z#S(z) exp(—émter(z))) + %y(sintra(z)}~ A > 0 is a constant.
dintra(Z) scales with the average distances between z and other strata in its class, which we analyze

in Section dinter(2) scales with the average distances between z and strata in other classes. See
Appendix|D.3|for exact expressions.

Practical Implications Our discussion in Section [ZLI'] suggests that training with Lgp,.cqq better
distinguishes strata in embedding space. As a result, we can use differences between strata of
different sizes for downstream applications. For example, unsupervised clustering can help recover
pseudolabels for unlabeled, rare strata. These pseudolabels can be used as inputs to worst-group
robustness algorithms, or used to detect noisy labels, which appear to be rare strata during training
(see Section[5.2]for examples). We can also train over subsampled datasets to heuristically distinguish
points that come from common strata from points that come from rare strata. We can then downsample
points from common strata to construct minimal coresets (see Section @]for examples).

5 EXPERIMENTS

This section evaluates Ljyeqq On embedding quality and model quality:

» First, in Section[5.1] we use coarse-to-fine transfer learning to evaluate how well the embeddings
maintain strata information. We find that L,c.q achieves lift across four datasets.

e In Section we evaluate how well L,..qq can detect rare strata in an unsupervised setting. We
first use Lpreqq to detect rare strata to improve worst-group robustness by up to 2.5 points. We
then use rare strata detection to correct noisy labels, recovering 75% performance under 20% noise.

e In Section@, we evaluate how well L;,cqq can distinguish points from large strata versus points
from small strata. We downsample points from large strata to construct minimal coresets on
CIFARI10, outperforming prior work by 1.0 points at 30% labeled data.

* Finally, in Section@ we show that training with L,,¢,q improves model quality, validating our
theoretical claims that preventing class collapse can improve generalization error. We find that
L spreqq improves performance in 7 out of 9 cases.

Datasets and Models Figure E] (left) lists all our datasets. CIFAR10, CIFAR100, and MNIST are
the standard computer vision datasets. We also use coarse versions of each, wherein classes are
combined to create coarse superclasses (animals/vehicles for CIFAR10, standard superclasses for
CIFAR100, and <5, >5 for MNIST). In CIFAR100-Coarse-U, some subclasses have been artificially
imbalanced. Waterbirds and ISIC are real-world datasets with documented hidden strata (Sagawa
et al.} 2019;|Codella et al., 2019;|Sohoni et al., 2020). We use a ViT model (Dosovitskiy et al., [2020)
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Noisy Label Performance, CIFAR10 Coreset Performance, CIFAR10
Sub-Group Recovery 90 96 4 -
Dataset Lew  Lsc  Lspread \
861
Waterbirds  56.3 472 59.0 ¥ 92" —e=Ours \
ISIC 74.0 92.5 93.8 < 824 —e= correction, L *EOV%G’\}“”‘J \
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Waterbirds 884 865 89.0 7gJ 2 No Correction i _® Random
ISIC 92.0 93.3 92.6 0% 20% 40% 100% 60% 20%
Noise Rate Coreset Size

Figure 5: Left: Unsupervised strata recovery performance (top, F1), and worst-group performance
(AUROC for ISIC, Acc for others) using recovered strata. Center: Performance of models under
various amounts of label noise for the contrastive loss head. Right: Performance of a ResNet18
trained with coresets of various sizes.

(4x4, 7 layers) for CIFAR and MNIST and a ResNet50 for the rest. For the ViT models, we jointly
optimize the contrastive loss with a cross entropy loss head. For the ResNets, we train the contrastive
loss on its own and use linear probing on the final layer. More details in Appendix [E]

5.1 COARSE-TO-FINE TRANSFER LEARNING

In this section, we use coarse-to-fine transfer learning to evaluate how well Lp,cqq retains strata
information in the embedding space. We train on coarse superclass labels, freeze the weights, and
then use transfer learning to train a linear layer with subclass labels. We use this supervised strata
recovery setting to isolate how well the embeddings can recover strata in the optimal setting.

Figure@(right) reports the results. We find that L,..,q produces better embeddings for coarse-to-fine
transfer learning than Lgc and Lgg. Lift over Lge varies from 0.2 points on MNIST (16.7% error
reduction), to 23.6 points of lift on CIFAR10. Lg,c.q also produces better embeddings than Lgg,
since Lgg does not encode superclass labels in the embedding space.

5.2 ROBUSTNESS AGAINST WORST-GROUP ACCURACY AND NOISE

In this section, we use robustness to measure how well Ly, cqq can recover strata in an unsupervised
setting. We use clustering to detect rare strata as an input to worst-group robustness algorithms, and
we use a geometric heuristic over embeddings to correct noisy labels.

To evaluate worst-group accuracy, we follow the experimental setup and datasets from [Sohoni
et al.[(2020). We first train a model with class labels. We then cluster the embeddings to produce
pseudolabels for hidden strata, which we use as input for a Group-DRO algorithm to optimize
worst-group robustness (Sagawa et al.,[2019). To evaluate robustness against noise, we introduce
noisy labels to the contrastive loss head on CIFAR10. We detect noisy labels with a simple geometric
heuristic: points with incorrect labels appear to be small strata, so they should be far away from other
points of the same class. We then correct noisy points by assigning the label of the nearest cluster in
the batch. More details can be found in Appendix

Figure 5] (left) shows the performance of unsupervised strata recovery and downstream worst-group
robustness. We can see that Lj,¢qq outperforms both Lsc and Loy on strata recovery. This
translates to better worst-group robustness on the Waterbirds task, outperforming L gc by 2.5 points,
and Lo g by 0.6 points.

Figure 3] (center) shows the effect of noisy labels on performance. When noisy labels are uncorrected
(purple), performance drops by up to 10 points at 50% noise. Applying our geometric heuristic (red)
can recover 4.8 points at 50% noise, even without using Lsp,cqd. But Lgpreqq recovers an additional
0.9 points at 50% noise, and an additional 1.6 points at 20% noise (blue). In total, L,.cqq recovers
75% performance at 20% noise, whereas Lgc only recovers 45% performance.

5.3 MINIMAL CORESET CONSTRUCTION

Now we evaluate how well training on fractional samples of the dataset with L,;.cqq can distinguish
points from large versus small strata by constructing minimal coresets for CIFAR10. We train a
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ResNet18 on CIFARI10, following [Toneva et al.|(2019), and compare against baselines from Toneva
et al.| (2019) and [Paul et al.|(2021). For our coresets, we train with Lp,.cqq On subsamples of the
dataset and record how often points are correctly classified at the end of each run. We bucket points in
the training set by how often the point is correctly classified. We then iteratively remove points from
the largest bucket in each class. Our strategy removes easy examples first from the largest coresets,
but maintains a set of easy examples in the smallest coresets.

Figure [5] (right) shows the results at various coreset sizes. For large coresets, our algorithm outper-
forms both methods from |Paul et al.|(2021) and is competitive with [Toneva et al.|(2019). For small
coresets, our method outperforms the baselines, providing up to 5.2 points of lift over Toneva et al.
(2019) at 30% labeled data. Our analysis helps explain this gap; removing too many easy examples
hurts performance, since then the easy examples become rare and hard to classify.

5.4 MODEL QUALITY

Finally, we confirm that Lp,.qq produces higher-quality models and achieves better sample com-
plexity than both Lgc and the SimCLR loss Lgg. Figure|4| (left) reports the performance of models
across all our datasets. We find that L,,cqq achieves better overall performance compared to models
trained with Lgc and Lgg in 7 out of 9 tasks, and matches performance in 1 task. We find up to
4.0 points of lift over Lgc (Waterbirds), and up to 2.2 points of lift (AUROC) over Lgg (ISIC). In
Appendix [F| we additionally evaluate the sample complexity of contrastive losses by training on
partial subsamples of CIFAR10. Lj,¢qq outperforms Lgc and Lgg throughout.

6 RELATED WORK AND DISCUSSION

From work in contrastive learning, we most directly extend [Wang & Isolal (2020) and |Graf et al.
(2021)), who study representations on the hypersphere along with [Robinson et al.[(2020). We take
inspiration from Arora et al. (2019), who use a latent classes view to study self-supervised contrastive
learning. Similarly, Zimmermann et al|(2021) considers how minimizing the InfoNCE loss recovers
a latent data generating model. We initially started from a debiasing angle to study the effects of
noise in supervised contrastive learning inspired by [Chuang et al.| (2020), but moved to our current
strata-based view of noise instead. Recent work has also analyzed contrastive learning from the
information-theoretic perspective (Oord et al., 2018} [Tian et al., [2020; Tsai et al.,|2020), but does not
fully explain practical behavior (T'schannen et al.,|2020), so we focus on the geometric perspective in
this paper because of the downstream applications. Our work builds on the recent wave of empirical
interest in contrastive learning (Chen et al.,|2020a}; [He et al.,|2019; (Chen et al., [2020bj |Goyal et al.,
20215 Caron et al., 2020) and supervised contrastive learning (Khosla et al., [2020).

Our treatment of strata is strongly inspired by |[Sohoni et al.[(2020) and |Oakden-Rayner et al.| (2020)),
who document empirical consequences of hidden strata. We are inspired by empirical work that has
demonstrated that detecting subclasses can be important for performance (Hoffmann et al., 2001}
d’Eon et al.} 2021)) and robustness (Duchi et al.| |2020; Sagawa et al.| | 2019; |Goel et al.,|2020).

Each of our downstream applications is a field in itself, and we take inspiration from recent work
from each. Our noise heuristic is similar to the ELR (Liu et al.| 2020) and takes inspiration from a
various work using contrastive learning to correct noisy labels and for semi-supervised learning (L1
et al., 2021} Ciortan et al., [2021; L1 et al., [2020). Our coreset algorithm is inspired by recent work in
coresets for modern deep networks (Ju et al., 2021 |Sener & Savaresel, 2018}; |Paul et al., 2021}, and
takes inspiration from [Toneva et al.|(2019) in particular.

7 CONCLUSION

We propose a new supervised contrastive loss function to prevent class collisions and produce higher-
quality embeddings. We show that our loss function maintains strata distinctions in embedding space
and explore several downstream applications. Future directions include encoding hierarchies in the
contrastive loss functions and extending our work to more modalities, models, and applications. We
hope that our work inspires further work in more fine-grained supervised contrastive loss functions
and new theoretical approaches for reasoning about generalization and strata.
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Reproducibility Statement For theoretical results, the main assumptions are listed in Section[2] A
glossary of terms is provided in Appendix [A} definitions are provided in Appendix |B| and proofs are
provided in Appendix [D] Full experimental details about datasets and models are given in Appendix[E}
Code will be publicly released before publication.

Ethics Statement We hope that our work encourages the community to consider strata as a tool to
analyze and evaluate the generalization of machine learning methods from a different perspective.
We hope that our methods and analysis inspire future work in using contrastive learning to improve
the robustness of machine learning models, especially when understanding the actions of different
approaches on strata is important for safety or fairness.
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We provide a glossary in Appendix [A] Then we provide definitions of terms in Appendix [B] We
discuss additional theoretical results in Appendix[C] We provide proofs in Appendix [D] We discuss
additional experimental details in Appendix [E] Finally, we provide additional experimental results in

Appendix [

A GLOSSARY

The glossary is given in Table[T| below.

Symbol Used for
Lsc SupCon (see Section[2.2)), a supervised contrastive loss introduced by Khosla et al.|(2020).
Lspread Our modified loss function. It is defined empirically in Sectionand theoretically in
x Inputdata z € X.
y Class labely € Y = {1,...,K}.
D Dataset of N points {(x,y:)} Ly drawn i.i.d. from P.
h(z) The class that = belongs to, i.e. h(x) is a label drawm from p(y|x). This label information
is used as input in the supervised contrastive loss.
p(y|x) The end model’s predicted distribution over y given x.
z A stratum is a latent variable z € Z = {1, ..., C'} that further categorizes data beyond labels.
Sk The set of all strata corresponding to label k (deterministic).
S(e) The label corresponding to strata ¢ (deterministic).
P- The distribution of input data belonging to stratum z, i.e. © ~ p(-|z).
m The number of strata per class.
d Dimension of the embedding space.
f The encoder f : X — R? maps input data to an embedding space and is learned by
minimizing the contrastive loss function.
s-t The unit hypersphere, formally {v € R? : ||Jv||2 = 1}.
T Temperature hyperparameter in contrastive loss function.
o(z, ) Notation for 7f(z):f<zl) :
B Set of batches of labeled data on D.
P(i, B) Points in B with the same label as x;, formally {p € B\i : h(p) = h(4)}.
{v; i A regular simplex inscribed in the hypersphere (see Definition .
w The weight matrix that parametrizes the downstream linear classifier
(end model) learned on f(x).
ﬁ(W, D) The empirical cross entropy loss used to learn W over dataset D (see (7).
L(z,y,f)  The generalization error of the end model of predicting output y on x using
encoder f (see (8) and @)).
Lattract A variant on SupCon that is used in Lspreaq that pushes points of a class together (see (@2)).
Lireper A class-conditional InfoNCE loss that is used in Lgpreqq to pull apart points
within a class (see (3)).
« Hyperparameter o € [0, 1] controls how to balance Lattract and Lyeper-
9 An augmentation of data point z.
N(z, B) Points in B with a label different from that of z;, formally {a € B\i : h(a) # h(2)}.
pt(-|x) The distribution for positive example =, p(-|h(z") = h(z)) given anchor =.
p~ (]z) The distribution for negative example 2, p(-|h(x ™) # h(x)) given anchor z.
pa (| The distribution for augmented point x*“Y given anchor x.
t Fraction of training data ¢ € [0, 1] that is varied in our thought experiment.
Dy Randomly sampled dataset from P with size equal to ¢ - IV fraction of D.
ft Encoder trained on sampled dataset D;.
o( ft, z,2')  The distance between centers of strata z and 2z’ under encoder ft,

namely 6(fr, 2,2') = |[Eanp. [fe(2)] = Bonrp,, [fe(@)]]2.

Table 1: Glossary of variables and symbols used in this paper.

B DEFINITIONS

We restate definitions used in our proofs.

13
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Definition 1 (Regular Simplex). The points {v;} XX | form a regular simplex inscribed in the hyper-
sphere if

1. Zfil v = 0
2. |Jvi|| = 1foralli
3. dex < 1s.t. viij =cg fori#£j

Definition 2 (Lspreaq). We present the population-level version of Lspyeqq defined in Section @
Lspread(fynT,n7). Recall that o(x,2") = f(z) T f(a') /.

Lspread(fv TL+7 ni) = aLattract (fa ni) + (1 - a)Lrepel(f; TL+), (4)
where
_ [ exp(o(z,zt
Lattract(fan ):wav?’, 710g p( ( n— )) — ] ; (5
wtrpt(lz), | exp(o(z,2t)) + i exp(o(z, z; )
{z; Y~ (=)
aug

Lrepel(f, TL+) = E;CN'P, - IOg exp(o(x’ ‘:Jr )) . (6)

g (), exp(o(x, z9)) + 37 exp(o (@, z;))

nt N
{e 1 ~pt ()

Definition 3 (Downstream model). Once an encoder f(x) is learned, the downstream model consists
of a linear classifier trained using the cross-entropy loss:

exp(f(z:) " Wh(a,))

LW, D)= —log : (7)
;e:p Soisy exp(f(a) TW)
Define W= argmin |y |2<1 E(W, D). Then, the end model’s outputs are the probabilities
i i exp(f(x) W)
pyle) = pylf(x)) = : (8)
i exp(f(x) TW;)
and the generalization error is
L(z,y, [) = Eqy [~ logp(y[f(2))]. ©)

C ADDITIONAL THEORETICAL RESULTS

C.1 TRANSFER LEARNING ON (z’,y')

We now show an additional transfer learning result on new tasks (z’, ). Formally, recall that we learn
the encoder f on (z,y) ~ P. We wish to use it on a new task with target distribution (z’, y’) ~ P’.
We find that an injective encoder f(x) is more appropriate to be used on new distributions than
collapsed embeddings based on the Infomax principle (Linsker, |1988)).

Observation 3. Define f.(y) as the mapping to collapsed embeddings and f1_1(x) as an injective
mapping, both learned on P. Construct a new variable yj with joint distribution (x',9) ~ p(y|z) -
p'(z") and suppose that y L y'|x’. Then, by the data processing inequality, it holds that I1(y,y') <
I(2',y') where 1(-,-) is the mutual information between two random variables. We apply f. to i and
f1_1 to @’ to get that

I(fc(@7y/) < I(flfl(x/)vy/)

Therefore, fi1_1 obeys the Infomax principle (Linsker [1988) better on P’ than f.. Via Fano’s
inequality, this statement implies that the Bayes risk for learning vy’ from x’ is lower using f1_1 than

Je
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C.2 PROBABILITIES OF STRATA z, 2’ APPEARING IN SUBSAMPLED DATASET

As discussed in Section the distance between strata z and 2’ in embedding space depends on if
these strata appear in the subsampled dataset D; that the encoder was trained on. We define the exact
probabilities of the three cases presented. Let Pr(z, 2z’ € D;) be the probability that both strata are
seen, Pr(z € Dy, 2’ ¢ D;) be the probability that only z is seen, and Pr(z, 2’ ¢ D, be the probability
that neither are seen.

First, the probability of neither strata appearing in D; is easy to compute. In particular, we have that
Pr(z,2" ¢ Dy) = (1 —p(z) — p(')'".

Second, the probability of z being in D; and 2’ not being in D; can be expressed as Pr(z € Dy|z’ ¢
Dy) - Pr(z' ¢ Dy). Pr(2' ¢ Dy) is equal to (1 — p(z"))*N, and Pr(z € Dy|2' ¢ Dy) =1 — Pr(z ¢
Dylz’ ¢ D) =1— (1 —p(z|z € Z\2'))"". Finally, note that p(z|z € Z\2') = £ ((),) Putting
this together, we get that Pr(z € Dy, 2’ ¢ D;) = (1 — p(2"))*N — (1 — p(2') — p(2))*, and we can
similarly construct Pr(z’ € Dy, z ¢ D).

Lastly, the probability of both z and 2’ being in D; is thus Pr(z,2’ € D;) =1 — Pr(z 2 ¢ Dy)—
Pr(2' € Dy, z ¢ Dy)—Pr(z € Dy, 2" ¢ Dy) = 1+(1—p(2')—p(2)) N —(1—p(z"))NV - (1—p(2)).

C.3 PERFORMANCE OF COLLAPSED EMBEDDINGS ON COARSE-TO-FINE TRANSFER AND
ORIGINAL TASK

Lemma 3. Denote f. to be the encoder that collapses embeddings. Then, the generalization error
on the coarse-to-fine transfer task using f. and a linear classifier learned using cross entropy loss is
at least

£(x,2 ) > log(mexp(1) + (C — m) exp(cx) — 1

where cy is the dot product of any two different class-collapsed embeddings. The generalization
error on the original task under the same setup is at least

L(z,y, fec) > log(exp(1) + (K — 1) exp(ck)) — 1

Proof. We first bound generalization error on the coarse-to-fine transfer task. For collapsed em-
beddings, f(x) = v; when h(z) = i, where h(z) is information available at training time that
follows the distribution p(y|x). We thus denote the embedding f(z) as vy, (). Therefore, we write
the generalization error with an expectation over h(x) and factorize the expectation according to our
generative model.

MQ
Wk

Es.. nio) [ log (2] f(2))] = - / p(z, 2, h(z)) log p(z|h(x))dz

1

I
I
—
>
BN
8
N
Il

H
MQ
] =

/ p(2)p(e|2)p(h(2) ) log H(z|h(x))da
z=1 h(z)=1
co X eXp(f,;r(x)Wz)
= (h(z)|z)log
;h(%:l/p e Zi1eXp<f;lT(m)Wi) ’
C
=> p(2)Eqnp. [Zp yle) (= v, W. +10gZeXP (v, W)
z=1 y=1 i=1

Furthermore, since the W learned over collapsed embeddings satisfies W, = v, for S(z) = v,
we have that log chzl exp(v, W;) = mexp(1) + (C — m) exp(ck ) for any y, and our expected
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generalization error is

Zp Eonp. [—p(y = S(2)|z) — p(y # S(2)|2)6 + log(m exp(1) + (C — m) exp(ck )]

C
= log(mexp(1) + (C — m) exp(cx)) — ex — (L —ex) Y p(2)Eanp. [p(y = S(2)[2)]

z=1
This tells us that the generalization error is at most log(m exp(1) + (C' — m) exp(ck)) — ¢k and at
least log(m exp(1) + (C' — m) exp(ck)) — 1.

For the original task, we can apply this same approach to the case where m = 1, C' = K to get that
the average generalization error is

Engay |£(a,y. f1)| =log(exp(1) + (K — 1) exp(ex))
C

—ex = (L=cx) Y p(x)Banp. [p(y = S(2)|2)]

z=1

This is at least log(exp(1) + (K — 1) exp(ck)) — 1 and at most log(exp(1) + (K — 1) exp(ck)) —
CK.

D PROOFS

D.1 PROOFS FOR SECTION[3.1]

First, we characterize the optimal linear classifier (for both the coarse-to-fine transfer task and the
original task) learned on the collapsed embeddings.

Lemma 4 (Downstream linear classifier for coarse-to-fine task). Suppose the dataset D, is class-
balanced across z, and the embeddings satisfy f(z) = v; if h(z) = i where {v;} X, form the regular

simplex. Then the optimal weight matrix W* € RC*4 that minimizes E(W D.) satisfies W} = v,
fory = S(2).

Proof. Formally, the optimization problem we are solving is

exp(v, W)

minimize — Z Z log (10)

y=12z2€8, Z] 16Xp( TWj)
st W.3<1vVze 2 (11)

The Lagrangian of this optimization problem is

c
Y W +mzlog (zexp W)+ AW - 1)
y=12z€8, i=1
and the stationarity condition w.r.t. W, is
vy exp(v, TW,
s +mZ vexpley W) oy = (12)

1 305 explvg W)

vy exp(v, Vs(z)

y=1 37| exp(v] vs(s)

VS (z) eXP(1)+5XP(5) 2 y#5(x) Yy
mexp(1)+(C—m) exp(d)

Substituting W, = vg(,), we get —vg(;) +m Z + 2X,vg(z) = 0. Using the

fact that v, vj = ¢ forall s # j, this equals —vg(.)+m- +2Xv5(,) = 0.
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We next use the fact that Zfil v; = 0 to get that \, = %(1 -m - mex;;‘ﬁgzge_xi(fgxp(&) >0,
satisfying the dual constraint. We can further verify complementary slackness and primal feasibility,

since [|[W |3 = 1, to confirm that an optimal weight matrix satisfies W} = v,, fory = S(z).

O

Corollary 1. When we apply the above proof to the case when m = 1, we recover that the optimal
weight matrix W* € RE*? that minimizes L(W, D) for the original task on (z,y) ~ P satisfies
Wy =y, forally € Y.

We now prove Observation[T]and2] Then, we present an additional result on transfer learning on
collapsed embeddings to general tasks of the form (z/,y’) ~ P’.

Observation 1. Class collapse minimizes L(x, z, f) if for all x, 1) p(y = h(x)|z) = 1, meaning
that each x is deterministically assigned to one class, and 2) p(z|x) = = where z € Sy(y). The
second condition implies that p(z|z) = p(z|y) for all z € S,, meaning that there is no distinction

among strata from the same class. This contradicts our generative model assumptions.

Proof. We write out the generalization error for the downstream task, L(z,z,f) =
Ey,. [ log p(z|x)] using our conditions that p(y = h(z)|z) = 1 and p(z|z) = +.

C

Ll o f)=— / p(2) S ple|) log (2| £ () )da

z=1

C T
e TW)
/ pl @1 LSS ey

1 exp(f(z) T W,
Z/m)y L o) T,

m g S exp(f(x) TW)

To minimize this, f(z) should be the same across all x where h(x) is the same value, since p(z|x)
does not change across fixed h(x) and thus varying f(z) will not further decrease the value of this
expression. Therefore, we rewrite f(z) as fj,(,). Using the fact that y is class balanced, our loss is
now

eXp(fo WZ)
‘C(‘rvyaz):_iz /}() g he)
z:h(x y

C T €z
die exp(fh(I)Wz)
1 exp(f, W-)
=—= log
¢ Z:J zs: Sy exp(f, Wi)

We claim that f,, = v, and W, = v, for all S(z) = y minimizes this expression. The corresponding
Lagrangian is

C
Sy W +mzlog(zexpﬂ )+Zuy (17 = 1)+ S nWil3 1)
i=1

y=12€8,

The stationarity condition with respect to W, is the same as (12), and we have already demonstrated
that the feasibility constraints and complementary slackness are satisfied on W. The stationarity
condition with respect to f, is

C T
- W;e Wi

z c
€5, >ioq exp(f) Wy)

> vsa) exp(v, vs()) 4200, = 0
>, exp(v) vs()) vy ’

Using the definition of the regular simplex, this simplifies to —muv,, + mzzzsz(ggzaﬁ%ig({?) +

Substituting in W; = vg(;) and f, = vy, we get — Zzesy Vy+m-
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2Myvy = 0. We thus have that \, = % (1 - ezléff)%?cf;p)g;( 3) ) and the feasibility constraints

are satisfied. Therefore, f, = W, = v, for y = S(z) minimizes the generalization error £(z, z, f)
when p(h(z)|z) = 1 and p(z|z) = L.
Because p(z|z) = L and p(y = h(z)|x) = 1, this means that p(z) = [ h(z)=S(z) P p(z,x)dr =
L wih(2)=5(=) P plz) = = = % p(z) being class balanced means that p(x|z) = %

Kp(z) = plylalp(@) p(z|y). Therefore, this condition suggests that there is no distinction among

p(y)
the strata within a class.

O

Observation 2. Class collapse minimizes L(x,y, ) if, for all x, p(y = h(x)|z) = 1. This contra-
dicts our generative model assumptions.

Proof. This observation follows directly from Observation[I|by repeating the proof approach with
z=y,m=1.
Lastly, suppose it is not true that p(y = h(x)|z) = 1. Then, the generalization error on the original

task is L(x,y, f) = — [, > v 1 p(z)p(y|x) log p(y| f(z)), which is minimized when p(y|f(x)) =
p(y|z). Intultlvely, a model constructed with label information, p(y|h(x)), will not improve over one
that uses « itself to approximate p(y|x).

O

D.2 PROOF OF THEOREM[I]

We first demonstrate that the limit of Lypreqq(f, nt, n~ ) under Definition has the decomposition
presented in our theorem. In Lg;¢rqc¢, We divide the numerator and denominator by 7™, and in L,.¢pe;
we divide the numerator and denominator by n™":

exp(o(z,z+))

o= exp(o(z,at)) + 75 I exp(o(w,2)))
exp(o(z, 2"9))

L exp(o(a, 2%9)) + L VI, exp(o(a, 27))

We can write Lgpreqq(f,n,n7) as
Lspread(f,nt,n7)—alogn™ — (1 — a)logn® = —aE [o(z,21)] — (1 — @)E [o(x, 29)]

+ oF |log <1 exp(o(x, 7)) + ni— Zexp(a(z,x{)))

+logn™

Lattract(fv TL_) =E [_ log

+logn™

Lrepel(fv n+) =E [_ log

+(1—a)E |log (1 exp(a(z, £9%9)) + n% Zexp(o(x,x?)))

Taking the limit n™, n~ — oo yields
hm Lgpread(f,n n”) —alogn™ — (1 —a)logn™

= —aE [o(z,2T)] = (1 — @)E [o(z, "]
+ B, [logE,- [exp(o(z,27))]] 4+ (1 — a)E, [logE,+ [exp(o(z,zT))]]
= Lalign(f) —+ Lneg(f) + Luniform(f)

Next, we analyze these individual loss components. Following|Wang & Isola (2020)’s notation, define

Uu(u) = /exp(uTv/T)d,u(v).
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Laiign(f) This loss component is Lasign (f) = —(aE [o(z,27)] + (1 — a)E [o(x
is minimized by making each o(z,z ") and o (z, x*“9) as large as possible, e.g. f(x) = f(z) =
f(x**9) for each anchor x.

Lunifo’rm(f) This loss component is Luniform(f) = (1 - O‘)EL [log E,+ [exp(a(aj, JJ+))H Con-
ditioning on the label of = and using the definition of z+, we can write this as

Luniform(f) = (1 - a)Ey [Eﬂh(af):y [IOgEmﬂh(w*'):y [exp(o(x,x+))]]]

(1-« Zp / (z|h(z) = )(10g/p(w+|h(x+) =1) exp(a(x,x"‘))daﬁ)dx

i€y

To minimize this, we look at a relaxation of optimizing over a set of K measures, {u;}, where
each y; represents the class conditional distribution with density p(x|h(x) = i) (since the encoder is
assumed to be infinitely powerful). Then, to minimize Ly form (f), Wwe want to solve

minimize, xS ply = 1) / <1og / exp(a(x,x+))duy(x+))dm(x)

(1Sn%

=minimize, yx Zp(z) / log Uy, (w)dpi(w)

i€y

Since there are no pairwise terms where measures of different classes interact, the minimum of the
above expression is obtained with pf = argmin, [ log U, (u)dp;(u) for all i € Y. This is the
exact form of the expression that [Wang & Isola (2020) analyzes for Lyn; form, Where they use a
measure /. on the entire dataset rather than a class-conditional p;. Therefore, using their analysis
approach, we can directly conclude that u¥ = 04_1, the normalized surface area measure on S~
Therefore, this component is minimized when points of each class are distributed uniformly on the
hypersphere.

Lyeg(f) This loss component is Lyeq(f) = aE, [logE,- [exp(o(z, 2™ ))]]. Conditioning on the
label of x and using the definition of ~, we can write this as

Lneg(f) = aBy [Bojna)=y 108 Eo-nam) 2y [exp(o(z,27))]]]

=a) ply= / (zly = 19) (10g/p(w_y # 1) exp(a(%w—))dw_)dw

i€y
We consider a relaxation of this problem into K one-versus-all problems. That is, we compute
optimal pairs of measures corresponding to p(z|y = i), p(z|y # @) for each i. Let y* be an indicator
variable for if y = 4 or not. For notation, define p(0) = p(y’ = 0) and p(1) = p(y’ = 1). Our
problem is now equivalent to analyzing the binary setting with the following objective function to
minimize:
p(0) [ st =010 [ a1y = ) explo(e.a ) ) o
+p(1) /p(x|y’ =1) <10g/p(:1:_|y’ =0) exp(a(x,x‘))dac‘)dx

Since the encoder is assumed to be infinitely powerful, we can consider optimizing over the class-
conditional measures 1o and z1 in M (S?~1), the set of Borel probability measures on S*~!. The
optimization problem is now

minimize,, ,,, p(O)/ (log/exp(a(az,x_))dul(:ﬂ))duo(m)
+ [ (1o [ exvtote. s anote) ) o)
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The expression we want to minimize is thus
minimize,, , ,p(0) /log U, (w)dpo(u) + p(1) / log Uy, (w)dpir () (13)

Following the approach of Wang & Isola) (2020), we analyze the distributions pf, 147 that minimize
this expression in three steps. First, we show that the minimum of exists, i.e. the infimum is
attained for some two measures. Second, we show that U [ is constant pj-almost surely, and vice
versa. Lastly, we use this to show that the collapsed embeddings distribution minimizes (T3).

1. Minimizers of exist.
Let m be a sequence such that

i _p(0) [ 10g Uy (w)dif? ) + p(1) [ 1og Uy ()" )

m—r o0

= inf p(0) [ log Uy, (wdhio(w) + p(1) [ log Uy, (u)d(w)

Mo

Using Helly’s Selection Theorem twice, there exists a subsequence n such that {(u{, u7)}x
converges to a weak cluster poinnt (7, 7). Because {log U, }, is uniformly bounded and
continuously convergent to log U,,» and same for xf and 47, it holds that

p(0) [ 108Uy (W) + p(1) [ log Uy () (w)

=l p(0) [ 1og U ()i )+ p(1) [ 10Uy () ()

n—roo

and therefore pfj, 17 achieve the infimum of (T3).
2. Uy; is constant y5-almost surely and U+ is constant ;7 -almost surely, for any minimizer

(/1‘67 .UJT) Of @D'
Formally, define (u, u}) to be a solution of (13), i.e.

b € asgming , p(0) [ 1og Uy (w)diw) + p(1) [ 105 Uy, () (w)

Define the Borel sets where 17 has positive measure to be 7; = {T' € M(S¢71) : uf(T) > 0}.
Define the conditional distribution of i on T for some T' € T; as pu} p, where pif 7(A) =

#i(ANT)
ui ()
Now we consider a mixture (1 — a)ufy + ol . The first variation of pf; states that
a_0:|

a * * *
0=2a {p(O) / log Upx (u)d((1 — a)pg + gy ) (u) + p(1) / log U1 —a)ug+apg, A1 (1)

(u) = Upg (u)
U#S (u)

Uz
= 0(0) [ g Uy (Wl — 1)) + p(1) [ =52 i ()
Where we've used the fact that 2 U1 —a)us+aps , ()] _o = 2= [ exp(u’v/7)d((1 — a)uj +
auS’T)(v)‘azo = Upus ,.(u) — Uys (u). Therefore, due to symmetry the optimality conditions
using the first variation are

UHS 7 \U *

p(0) [ 108U i — ) )+ (1) [ Uu;(;))dul(u) —o) a4
UHI - u .

(1) [ log Uy (Wil — 1)(w) + p(0) [ Wduow) —o0) ()

Now, let {73}, be a sequence of sets in 7Ty such that

lim U/L{(U)dﬂa,Tg (u) = sup /Uu{(u)dﬂa,To (u) = U,

n—oo ToETo
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and similarly let {77} ; be a sequence of sets in 7; such that

tin [ Vs ()t () = sup [ Uyt () = U,

n—o0 T€Th

It holds that pig({u : Uyy (u) = Ufp}) = 0, u§ po ({2 Upy (u) = Ufp}) = 0 and similarly
pr{w s Upg (u) 2 Ug 1Y) = 0, 03 pp ({u s Upg (u) 2 Ugp }) = 0.
This implies that asymptotically U,,» is constant u{}Tln—almost surely:

[ vsst) = [ Vi@ ap(w)

=2 / max <0, UNS ('U;) - / Uua (u/)d‘uiTln (u/)> d/’tin (u)
<2(t5: - [ Ugtdntrp ) 0

And the same holds that U,; is constant pg p.-almost surely. As a result,
lim,, 00 [ log Uy (w)dp 7p (u) = log Ugy and limy, o [ log Uy (w)dpg g (u) = log U .
We now revisit (T4) with a mixture over x5 and pio, 7

dpi rp (w)

p(1) = p(0) / log U; (w)d(pst p — 145)(w) + p(1) / U

> 0(0) | 108 Uy (0 15— 1)) + 222 [ U 0D )

Taking the limit of both sides as n — oo, we get

(1) 2 p(0) 0 Ut — p(0) [ 108 Uy (w)d) + p(1)

UO 1

Ulo

and rearranging and doing the same to (13)) yields
p(1) Ut / «
—=(1— > log Uy logU,» (u)d
o) (1= Gg2) 2 108Ul = [ log U (w)di(v)
p(0)

o (1 _ gw) > log Ug /log Uy (w)dpi (w)

Note that Jensen’s inequality and the definition of U} tell us that [log U, (u)duf(u) <
log [ Ups (w)dp(u) < log Uy, which means that el (1 — U1‘°> > 0. However, applying

2(0) U;
the same logic also tells us that 2 g(l)g (1 _ L, 1) > 0. The only case in which this is possible is

when U7y = Ug ;. In which case equahty is obtained. Therefore, this means that for optimal
14, 17, it holds that

/10g Upr (u)dpg (u) = log/UMI (u)dpg(u)
[ 10U, ()i () = og [ Uy ) (w)

. Collapsed embeddings minimize L,,.,.

We return to the original objective function (T3). Now, the optimal value of this expression can be
written as

p(0)10g [ Uy (i) + p(1) o | Uy} ()
—tog [ Uy (i) =tog | [ expluTo/m)a (i ()
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We can see that when K = 2 our optimal distribution is to have collapsed embeddings with dot
product —1, i.e. opposite of each other on the hypersphere. For larger K, 1o and pq represent
a one-versus-all scenario. Collectively, having embeddings per class with probability 1 on a
single point is part of the optimal solution for one-versus-all measures since there is nothing in
these objective functions that enforce intra-class spread. We abuse notation and refer to u; as the
embedding for class . Given this property, we can revisit L,,.,; minimizing it is equivalent to
minimizing

K
> log > exp(u] p;/7)
i=1  j#k

We can show using KKT conditions that setting p; = v; for all ¢ is an optimal distribution.
In particular, the Lagrangian is 3.1 | log > exp(f 1 /7) + S0 Xi([lpal|? = 1), and the
stationarity condition is
Zj;élg % eXP(NkTNj/T) b eXP(NiTNk/T)
Zj;ék exp(uy, p1j/7) ik Zj;éi exp(p 115/7)

+ 2 pr = 0 VE

This has a solution of \; = w, and all other conditions hold. Therefore, we have
(K—1)exp(d/71)

shown that collapsed embeddings minimize L¢4.

D.3 PROOFS FOR SECTION [4.2]

Lemma Denote fl to be an encoder learned on D with N using Lgpreqq. Using fl and a mean

classifier where W, = E,p_| fi (x)), the generalization error on the coarse-to-fine transfer task is
at most

L(z,z, fl) <E, llog (Zexp(—(Smtm(z,i)) + Zexp(—émter(z,i)))] -1

:S(3)=S(z) 1:S(1)#£S(2)

where 6intra(zvi) = A(%é(fl,z,i)Q - 1) and 5'Lnter(zyi) = A(%H]Ez[fl(x)] - El[fl(x)]HQ - 1)
for some A > 0.

Proof. The generalization error is

E(I,Z,fl) = 7Ez

>y exp(fi(z) W)

B llog exp(fu(x) W) H

o]
=E, [EmNPZ [_fl(x)TWz + 1ngexp(f1(x)TWi)]]

i=1

Using the definition of the mean classifier,

c
L"(x7 2, fl) =E, |-1+ EzNPz {IOg Z exp (fl (x)T]EwN'Pi [fl (I)])] ]
i=1
C ~ ~
=—1+E, |Ep.up. {log Z exp (f1 (x)TIEi[fl (x)])} ]
i=1
Since  fy () is bounded, there exists a constant A > 0 such that

Eoop. [log S0, exp (i) TELA@)] < Tog (L7 exp (AE.[f1(@)]TEilfi(2)])). We

22



Under review as a conference paper at ICLR 2022

can also rewrite the dot product between mean embeddings per strata in terms of the distance between
them:

‘C(Iazvfl) S -1 +]Ez

log (i exp (AE [ﬁ(@ﬁwfl(x)n)]
log (iexp (= SIELA@) - Bdfi @I +2))

i=1

=—-1+E,

Note that when i and z satisfy S(i) = S(z), |E,[f1(z)] — E;[f1(2)]|| can be written as 6(f1, z, i),
which we have analyzed. Therefore,

E(x,z,fl) < -1 +Ez[log (Zexp(— %(50?1,2,1')2 —l—)\)

1€S5(2)
by . .
+ e (- JIELA @] - BAGIE+ )]
1:S(1)#S(z)
This directly gives us our desired bound.
O

Lemma Denote fl to be an encoder learned on D with N using Lgpreqq. Using fl and a mean
classifier where Wy, = B, .|y [f1()], the generalization error on the original task is at most

. 1
L(z,y, f1) <E, IOg(eXP(_émtm(z))"‘ Z eXP(_éinter(Z)))+/\5intra(z)1
i#£5(2) Y
where Oinira(2) = NY.es, p(z’|S(z))(%5(f1,z,z’)2 - 1) and  Simper(z) =

Nz P15 () GIE:[fi(2)] = Exr[fi(@)])* — 1 for some n > 0.

Proof. The generalization error is

ﬁ(x,y7f1) =-E, [Ewmp |}Og eXp(fl(x)TWS(z)) ]]

St exp(fi(x)TW5)
K
Eonp, [ filz) WS(z)+10gzexp(f1($)TWi)H

i=1

=E,

We substitute in the definition of the mean classifier to get

Ly, fr) = [ S P 1S () B[y (2)] B i ()]
2’85
(= )K
+Eanp. [logz e (1501 0) T fu(o)) ]
i=1 ess

We can rewrite the dot product between mean embeddings per strata in terms of the distance between
them:

Llzy.fr) = [ Sp15() - (FIE-u(@)] ~ ExlA@]IP 1)

z Gss(z)

K
Eyp, [1og;eXP< > p(2'18i) fi(x) "B [fl(x)})”

2'€S;
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We can write ||E,[fi(x)] — E..[f1(2)]| in the above expression as &(f1,z,2'), which we have
analyzed:

L(z,y, fr) = [Zp "1S(z) ( 5(f1,2,2)? 71)

z GSS( )

K
+ B 10230 (3 o150/1(0) B (o))

2'€S;

From our previous proof, there exists A > 0 such that this is at most

L(z,y, /1) <E [ > p(1S(2) ( 6(f1,22)2 ~ 1)

z ESs( )

+1og<2exp > 1S ") )
.| LI (3052 1)

2'€55(2)
+ log <Zexp( 3 s (= SIE-L (@)~ Ew @7 + A)))]

We can simplify the log term in this expression by considering if i = S(z), in which case the distances
between strata centers can be written using §(f1, z, 2’):

log (Zexp (X o150~ S IB-[fu )] ~ Ex L)l + A)))

z'eS;
—log <exp (Zp(z'\S(z))( - gé(fl,z,z’)Q + )\))
2’ €852
3 e (X (- SIELiE] - B L@l + )
i#5(2) 2'€S,;

Putting everything together, the generalization error is at most

L(z,y, f1) < [ZP '1S(z) ( 8(f1,2,2')? —1)

2" €55(2)
+log <exp (> p15) (- gd(fl,z,z')Q +1))
z'€S8s(z)
£ 3 e ( X (- FIELA@] - Bl + )
i#5(2) 2'€sS;

This directly gives us our desired bound.

E ADDITIONAL EXPERIMENTAL DETAILS

E.1 DATASETS

We first describe all the datasets in more detail:
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* CIFAR10, CIFAR100, and MNIST are all the standard computer vision datasets.

* CIFAR10-Coarse consists of two superclasses: animals (dog, cat, deer, horse, frog, bird)
and vehicles (car, truck, plane, boat).

* CIFAR100-Coarse consists of twenty superclasses. We artificially imbalance subclasses to
create CIFAR100-Coarse-U. For each superclass, we select one subclass to keep all 500
points, select one subclass to subsample to 250 points, select one subclass to subsample to
100 points, and select the remaining two to subsample to 50 points. We use the original
CIFAR100 class index to select which subclasses to subsample: the subclass with the lowest
original class index keeps all 500 points, the next subclass keeps 250 points, etc.

¢ MNIST-Coarse consists of two superclasses: <5 and >5.

* Waterbirds (Sagawa et al., 2019)) is a robustness dataset designed to evaluate the effects
of spurious correlations on model performance. The waterbirds dataset is constructed by
cropping out birds from photos in the Caltech-UCSD Birds dataset (Welinder et al., | 2010),
and pasting them on backgrounds from the Places dataset (Zhou et al.,[2014)). It consists
of two categories: water birds and land birds. The water birds are heavily correlated with
water backgrounds and the land birds with land backgrounds, but 5% of the water birds are
on land backgrounds, and 5% of the land birds are on water backgrounds. These form the
(imbalanced) hidden strata.

* ISIC is a public skin cancer dataset for classifying skin lesions (Codella et al., [2019)) as
malignant or benign. 48% of the benign images contain a colored patch, which form the
hidden strata.

E.2 HYPERPARAMETERS

For all model quality experiments for Lg,cqq, we first fixed 7 = 0.5 and swept o €
[0.16,0.25,0.33,0.5,0.67]. We then took the two best-performing values and swept 7 €
[0.1,0.3,0.5,0.7,0.9]. For Lgc and Lgg, we swept 7 € [0.1,0.3,0.5,0.7,0.9]. Final hyperpa-
rameter values for (7, ) for Lgpreqq Were (0.9,0.67) for CIFAR1O0, (0.5, 0.16) for CIFAR10-coarse,
(0.5,0.33) for CIFAR100, (0.5,0.25) for CIFAR100-Coarse, (0.5, 0.25) for CIFAR100-Coarse-U,
(0.5, 0.5) for MNIST, (0.5, 0.5) for MNIST-coarse, (0.5, 0.5) for ISIC, and (0.5, 0.5) for waterbirds.

For coarse-to-fine transfer learning, we fixed 7 = 0.5 for all losses and swept a €
[0.16,0.25,0.33,0.5,0.67]. Final hyperparameter values for o were 0.25 for CIFAR10-Coarse,
0.25 for CIFAR100-Coarse, 0.25 for CIFAR100-Coarse-U, and 0.5 for MNIST-Coarse.

E.3 APPLICATIONS

We describe additional experimental details for the applications.

Robustness Against Worst-Group Performance We follow the evaluation of [Sohoni et al.|(2020).
First, we train a model on the standard class labels. We evaluate different loss functions for this
step, including Lp,cqd, Lsc, and the cross entropy loss Log. Then we project embeddings of
the training set using a UMAP projection (Mclnnes et al, [2018), and cluster points to discover
unlabeled subgroups. Finally, we use the unlabeled subgroups in a Group-DRO algorithm to optimize
worst-group robustness (Sagawa et al., 2019).

Robustness Against Noise We use the same training setup as we use to evaluate model quality,
and introduce symmetric noise into the labels for the contrastive loss head. We train the cross entropy
head with a fraction of the full training set. In Section[5.2} we report results from training with 20%
labels to cross entropy. We report additional levels in Appendix

We detect noisy labels with a simple geometric heuristic: for each point, we compute the cosine
similarity between the embedding of the point and the center of all the other points in the batch that
have the same class. We compare this similarity value to the average cosine similarity with points
in the batch from every other class, and rank the points by the difference between these two values.
Points with incorrect labels have a small difference between these two values (they appear to be small
strata, so they are far away from points of the same class). Given the noise level € as an input, we
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Table 2: Performance of Ly,.cqq compared to Lgc and using Lgytrqcr ON its own.

End Model Perf.
Dataset LSS LSC Lattract Lspread

CIFAR10 89.7 909 91.3 91.5
CIFAR100 68.0 675 68.9 69.1

rank the points by this heuristic and mark the e fraction of the batch with the smallest scores as noisy.
We then correct their labels by adopting the label of the closest cluster center.

Minimal Coreset Construction We use the publicly-available evaluation framework for coresets
from Toneva et al. (2019)@ We use the official repository from Paul et al. (2021ﬂt0 recreate their
coreset algorithms.

Our coreset algorithm proceeds in two parts. First, we give each point a difficulty rating based on
how likely we are to classify it correctly under partial training. Then we subsample the easiest points
to construct minimal coresets.

First, we mirror the set up from our thought experiment and train with L;,¢.q 0on random samples
of t% of the CIFARI1O0 training set, taking three random samples for each of ¢ € [10, 20, 50] (and
we train the cross entropy head with 1% labeled data). For each run, we record which points are
classified correctly by the cross entropy head at the end of training, and bucket points the training
set by how often the point was correctly classified. To construct a coreset of size t%, we iteratively
remove points from the largest bucket in each class. Our strategy removes easy examples first from
the largest coresets, but maintains a set of easy examples in the smallest coresets.

F ADDITIONAL EXPERIMENTAL RESULTS

In this section, we report three sets of additional experimental results: the performance of using
Lattract on its own to train models, sample complexity of Ly, cqq compared to Lgc, and additional
noisy label results (including a bonus de-noising algorithm).

F.1 PERFORMANCE OF Lgttract

In an early iteration of this project, we experienced success with using Lg¢t,qc¢ ON its own to train
models, before realizing the benefits of adding in an additional term to prevent class collapse. As
an ablation, we report on the performance of using Lgirqct On its own in Table E} Lottract can
outperform L g, but Ljreqq outperforms both. We do not report the results here, but Ly4yqc¢ also
performs significantly worse than L g on downstream applications, since it more direclty encourages
class collapse.

F.2 SAMPLE COMPLEXITY

Figure [ shows the performance of training ViT models with various amounts of labeled data for
Lgpreads Lsc, and Lgg. In these experiments, we train the cross entropy head with 1% labeled data
to isolate the effect of training data on the contrastive losses themselves.

Lpreaq outperforms Lgc and Lgg throughout. At 10% labeled data, Lpyeqq outperforms Lgg by
13.9 points, and outperforms Lgc by 0.5 points. By 100% labeled data (for the contrastive head),
Lgpreaq outperforms Lgg by 25.4 points, and outperforms Lgc by 10.3 points.

"nttps://github.com/mtoneva/example_forgetting
Thttps://github.com/mansheej/data_diet
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Sample Complexity, CIFAR10
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Figure 6: Performance of training ViT with Lg;;cqq compared to training with Lgc and Lgg on
CIFARI10 at various amounts of labeled data. L,¢.q outperforms the baselines at each point. The
cross entropy head here is trained with 1% labeled data to isolate the effect of training data on the
contrastive losses.

F.3 Noisy LABELS

In Section[5.2] we reported results from training the contrastive loss head with noisy labels and the
cross entropy loss with clean labels from 20% of the training data.

In this section, we first discuss a de-noising algorithm inspired by |(Chuang et al.[ (2020) that we
initially developed to correct for noisy labels, but that we did not observe strong empirical results
from. We hope that reporting this result inspires future work into improving contrastive learning.

We then report additional results with larger amounts of training data for the cross entropy head.

F.3.1 DEBIASING NOISY CONTRASTIVE LOSS

First, we consider the triplet loss and show how to debias it in expectation under noise. Then we
present an extension to supervised contrastive loss.

Noise-Aware Triplet Loss Consider the triplet loss:

exp(o(z,zT))

exp(o(z,xT)) + exp(o(z,x7)) (16)

Ltriplet = Ew~P,$+NP+('|w); - IOg
" ~p” ()

Now suppose that we do not have access to true labels but instead have noisy labels denoted

by the weak classifier y := E(x) We adopt a simple model of symmetric noise where p =
Pr(noisy label is correct).

We use 7 to construct P+ and P~ as p(z ™+ |h(z) = h(zT)) and p(z~|h(x) # h(z™)). For simplicity,
we start by looking at how the triplet loss in (T6) is impacted when noise is not addressed in the

binary setting. Define Lf:jf’;;t as Lyyipler used with P+ and P~
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Lemma 5. When class-conditional noise is uncorrected, L?roi;‘qlzt is equivalent to

(:ﬁ3 + (1 727/)3)Ltriplet +ﬁ(]— *f),)E z~P

af a3 ~pt |z

B exp(o(z, 77))
)

+p(1-pE  +wp [— log =
o] x5 ~p~ (-|2) exp(o(z,z7)) + exp

_ exp(o(z,77)) }
1-pE .~ —1
+p(1—p) w+Np+7?.|x) [ 08 exp(o(z,zt)) + exp(o(z,27))
x”~p” (c|@)

Proof. We split L?r()i;szzét depending on if the noisy positive and negative pairs are truly positive and

negative.

nots exp(cr(x, 5+))
LMY =K . -1 = T
triplet %+Nﬁ+:7:("1)) 0g exp(g($,$+)) + eXp(O’(l‘,!E_))
T ~p (|z)

_ ) = h(F+ . - 1o exp(o(z,zT))
=) = T 1) #DENE o |tow o R |
x” ~pT (c|x)
2) = h(3 ) hiz) = hii— o exp(o(z,z7))
o) = M ) = b ”Eq,xg:;’w.z)[ 8 p(o(@,a1)) + explo (e, 7} >>]
h(z) # h(E'), h(z) # h(T~ . _ exp(o(z,z7))
+p(h(z) # h(z7), h(z) # h( ))Ex;,x;N;i(‘m [ eXp(O’(J},LCl))—l—exp(g(x’gjz))]

+p(h(x) # h(ET), h(z) = H(ET)E P
zT~pT(ca
" ~pT ()

{_ N exp(o (@, 27)) }

& exp(o(z,zt)) + exp(o(z,27))

Define p = p(noisy label is correct). Note that
p(h(x) = h(F7), Mx) # h(E7)) =" + (1 - p)°

(i.e. all three points are correct or all reversed, such that their relative pairings are correct). In addition,
the other three probabilities above are all equal to p(1 — D). O

We now show that there exists a weighted loss function that in expectation equals Ly,.jpiet-

Lemma 6. Define

Ztriplet =E 2~P, [— who(z, ) +w o(z, 77 ) + w; log (exp (0’(37, Ef)) + exp (U(Jc, %I)))
&3 ~PY(le)
z, .3, ~P ()

— wa log ((exp(o (2, 71)) + exp(o(2,35))) - (exp(o(w, 77)) + exp(a(x@))))}

where

o PP 0P FP+0-p _ B1-P)
(25— 1)2 (25— 1)? T (2p 12 2T (2p-1)2

Then, & [zt7'iplet:| = Lt7‘iplet~
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Proof. We evaluate E [—w0(z, Z) + wao(z, 77 )] and the other terms separately. Using the same
probabilities as computed in Lemma5]

E [~wio(z,Z]) + woo(z,27)] = —(p* + (1 — p)*)w1E [o(z, 2])] — 25(1 — p)wrE [o(z, 27)]
+ (p +(1 ,]3’) JwoE [a(x, xy )] +2p(1 — p)waE [o(x, xf)]
= —E [o(z,z7)]

We evaluate the remaining terms:

E[wglog(exp( (7 ))+exp( (x,%;)))] -

(7 + (1= §)*)usE [log ((exp (o(z,21)) +exp (o(z,27)) )|

+ 5(1 ~ PusE [log ((exp(o(z, 7)) + exp(o(2, 7)) - (exp(o (e, 7)) + exp(o(, 7)) )| -
E[wuog(exp( (z, 7 ))+exp( (z, 7 )))} +E[w4log(e ( o(x, 3] )—|—eXp (a(x,;?;)))] -
(7 + (1= 52wk [log (exp (o(@,21)) + exp (o(w,21) ) )

+ 451 - puiE [log (exp (o(z,57)) + exp (ol 27 ))]

+ (1= 7)* + P)wiEE [log (exp (o(z,27) ) +exp (o(z,25) ) )]

Examining the coefficients, we see that
P+ (-5 4PO-F)?

(p*+ (1 —p)*)ws — 4p(1 — p)ws =

(2p-1) (2p—1)
~ _A-p)@E*+(1-p)?% @+ 0-p)*)p(l—p) _
p(1 —p)ws — (]5)2 +(1- @2)104 = 25— 1)? - 217 =0

which shows that only the term E [log (exp ( (x, 2] )) + exp ( (x, xf)))} persists. This com-

pletes our proof.

O]
We now show the general case for debiasing Lgitrqct-
Lemma 7. Define m = n + 1 (as the “batch size” in the denominator), and
Eattract =E x+~7:' |: U.)+O'(£L‘ Ty ) +w 0'(93 'rl ) (17)
&
{7 L,
m k m—k
+Zwk log <Zexp (U(.Z',.%;L)) + exp (U(m,@)))} (18)
k=0 i=1 j=1
wT and w™ are defined in the same was as before. 0 = {wo, . .. wy, } € R™TL is the solution to the

system Pw = ey where e is the standard basis vector in R™ 1 where the 2nd index is 1 and all
others are 0. The i, jth element of P is P;; = pQi ; + (1 — p)Qun—i,; where

Q. - 21‘5“’"1‘” (i) (img;jk)(]‘ _ ‘)ifj+2kﬁm+j7i72k j<i
) T min{z,m—j —4
PSS () ()

Then, E [zattract:| = Lattract-

We do not present the proof for Lemma(7] but the steps are very similar to the proof for the triplet
loss case. We also note that a different from of E [Eattmct must be computed for the multi-class
case, which we do not present here (but can be derived through computation).
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Noisy label performance, 20% labels to L_CE
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Figure 7: Performance of models under various amounts of label noise for the contrastive loss head,
and various amounts of clean training data for the cross entropy loss.

Observation 4. Note that the values of Qi j have high variance in the noise rate as m increases.
Also note that the number of terms in the summation of Q; ; increase combinatorially with m. We
found this de-noising algorithm very unstable as a result.

F.3.2 ADDITIONAL NOISY LABEL RESULTS

Now we report the performance of denoising algorithms with additional amounts of labeled data for
the cross entropy loss head. We also report the performance of using L4 to debias noisy labels.

Figurem shows the results. Our geometric correction together with Ly,;.cqq Works the most consis-
tently. Using the geometric correction with Lgc can be unreliable, since Lgc can learn memorize

noisy labels early on in training. The expectation-based debiasing algorithm L,t.qc¢ Occasionally
shows promise but is unreliable, and is very sensitive to having the correct noise rate as an input.
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