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Abstract

In this paper, we focus on weakly supervised learning

with noisy training data for both classification and regres-

sion problems. We assume that the training outputs are

collected from a mixture of a target and correlated noise dis-

tributions. Our proposed method simultaneously estimates

the target distribution and the quality of each data which

is defined as the correlation between the target and data

generating distributions. The cornerstone of the proposed

method is a Cholesky Block that enables modeling dependen-

cies among mixture distributions in a differentiable manner

where we maintain the distribution over the network weights.

We first provide illustrative examples in both regression and

classification tasks to show the effectiveness of the proposed

method. Then, the proposed method is extensively evaluated

in a number of experiments where we show that it constantly

shows comparable or superior performances compared to

existing baseline methods in the handling of noisy data.

1. Introduction

Training a deep neural network requires immense
amounts of training data which are often collected using
crowd-sourcing methods, such as Amazon’s Mechanical
Turk (AMT). However, in practice, the crowd-sourced la-
bels are often noisy [4]. Furthermore, naive training of deep
neural networks is often vulnerable to over-fitting given the
noisy training data in that they are capable of memorizing
the entire dataset even with inconsistent labels, leading to a
poor generalization performance [44]. We address this prob-
lem through the principled idea of revealing the correlations

between the target distribution and the other (possibly noise)
distributions by assuming that a training dataset is sampled
from a mixture of a target distribution and other correlated
distributions.

∗This work is done at Kakao Brain

Throughout this paper, we aim to address the following
two questions: 1) How can we define (or measure) the qual-
ity of training data in a principled manner? 2) In the presence
of inconsistent outputs, how can we infer the target distribu-
tion in a scalable manner? Traditionally, noisy outputs are
handled by modeling additive random distributions, often
leading to robust loss functions [16] or estimating the struc-
tures of label corruptions in classifications tasks [22] (for
more details, refer to Section 2).

To address the first question, we leverage the concept of
a correlation. Precisely, we define and measure the quality
of training data using the correlation between the target
distribution and the data generating distribution. However,
estimating the correct correlation requires access to the target
distribution, whereas learning the correct target distribution
requires knowing the correlation between the distributions
to be known, making it a chicken-and-egg problem. To
address the second question, we present a novel method that
simultaneously estimates the target distribution as well as the
correlation in a fully differentiable manner using stochastic
gradient descent methods.

The cornerstone of the proposed method is a Cholesky

Block in which we employ the Cholesky transform for sam-
pling the weights of a neural network that enables us to
model correlated outputs. Similar to Bayesian neural net-
works [6], we maintain the probability distributions over
the weights, but we also leverage mixture distributions to
handle the inconsistencies in a dataset. To the best of our
knowledge, this is the first approach simultaneously to infer
the target distribution and the output correlations using a
neural network in an end-to-end manner. We will refer to
this framework as ChoiceNet.

ChoiceNet is first applied to synthetic regression tasks
and a real-world regression task where we demonstrate its
robustness to extreme outliers and its ability to distinguish
the target distribution and noise distributions. Subsequently,
we move on to image classification tasks using a number of
benchmark datasets where we show that it shows compara-
ble or superior performances compared to existing baseline
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methods in terms of robustness with regard to handling dif-
ferent types of noisy labels.

2. Related Work

Recently, robustness in deep learning has been actively
studied [11] as deep neural networks are being applied to
diverse tasks involving real-world applications such as au-
tonomous driving [33] or medical diagnosis [15] where a
simple malfunction can have catastrophic results [1].

Existing work for handing noisy training data can be cat-
egorized into four groups: small-loss tricks [17, 21, 30, 37],
estimating label corruptions [2, 13, 19, 34, 38, 41], using
robust loss functions [3, 32], and explicit and implicit regu-
larization methods [14, 26, 27, 31, 36, 39, 40, 42, 45]. Our
proposed method is mostly related to the robust loss function
approach but cannot fully be categorized into this group in
that we present a novel architecture, a mixture of correlated
densities network block, for achieving robustness based on
the correlation estimation.

First of all, the small-loss tricks selectively focus on train-
ing instances based on a certain criterion, such as having
small cost values [17]. [30] proposed a meta-algorithm for
tackling the noisy label problem by training two networks
only when the predictions of the two networks disagree,
where selecting a proper network from among the two net-
works can be done using an additional clean dataset. [37]
reweighs the weight of each training instance using a small
amount of clean validation data. MentorNet [21] concen-
trated on the training of an additional neural network, which
assigns a weight to each instance of training data to super-
vise the training of a base network, termed StudentNet, to
overcome the over-fitting of corrupt training data. Recent
work [17] presented Co-teaching by maintaining two sepa-
rate networks where each network is trained with small-loss
instances selected from its peer network.

The second group of estimating label corruption infor-
mation is mainly presented for classification tasks where
training labels are assumed to be corrupt with a possibly un-
known corruption matrix. An earlier study in [2] proposed an
extra layer for the modeling of output noises. [22] extended
the approach mentioned above by adding an additional noise
adaptation layer with aggressive dropout regularization. A
similar method was then proposed in [34] which initially
estimated the label corruption matrix with a learned classi-
fier and used the corruption matrix to fine-tune the classifier.
Other researchers [13] presented a robust training method
that mimics the EM algorithm to train a neural network, with
the label noise modeled as an additional softmax layer, simi-
lar to earlier work [22]. A self-error-correcting network was
also presented [29]. It switches the training labels based on
the learned model at the beginning stages by assuming that
the deep model is more accurate during the earlier stage of
training.

Researchers have also focussed on using robust loss func-
tions; [32] studied the problem of binary classification in the
presence of random labels and presented a robust surrogate

loss function for handling noisy labels. Existing loss func-
tions for classification were studied [12], with the results
showing that the mean absolute value of error is inherently
robust to label noise. In other work [3], a robust loss func-
tion for deep regression tasks was proposed using Tukey’s
biweight function with the median absolute deviation of the
residuals.

The last group focusses on using implicit or explicit regu-
larization methods while training. Adding small label noises
while training is known to be beneficial to training, as it can
be regarded as an effective regularization method [14, 27].
Similar methods have been proposed to tackle noisy out-
puts. A bootstrapping method [36] which trains a neural
network with a convex combination of the output of the
current network and the noisy target was proposed. [42] pro-
posed DisturbLabel, a simple method that randomly replaces
a percentage of the labels with incorrect values for each iter-
ation. Mixing both input and output data was also proposed
[40, 45]. One study [45] considered the image recognition
problem under label noise and the other [40] focused on a
sound recognition problem. The temporal ensemble was
proposed in [26] where an unsupervised loss term of fitting
the output of an augmented input to the augmented target up-
dated with an exponential moving average. [39] extends the
temporal ensemble in [26] by introducing a consistency cost
function that minimizes the distance between the weights of
the student model and the teacher model. [31] presented a
new regularization method based on virtual adversarial loss
which measures the smoothness of conditional label distri-
bution given input. Minimizing the virtual adversarial loss
has a regularizing effect in that it makes the model smooth
at each data point.

The foundation of the proposed method is a Cholesky

Block where the output distribution is modeled using a mix-
ture of correlated distributions. Modeling correlations of
output training data has been actively studied in light of
Gaussian processes [35]. MTGPP [7] that models the corre-
lations of multiple tasks via Gaussian process regression was
proposed in the context of a multi-task setting. [9] proposed
a robust learning from demonstration method using a sparse
constrained leverage optimization method which estimates
the correlation between the training outputs and showed its
robustness compared to several baselines.

3. Proposed Method

In this section, we present the motivation and the model
architecture of the proposed method. The main ingredient
is a Cholesky Block which can be built on top of any arbi-
trary base network. First, we illustrate the motivations of
designing the Cholesky Block in Section 3.1. Section 3.2
introduces a Cholesky transform which enables correlated
sampling procedures. Subsequently, we present the overall
mechanism of the proposed method and its loss functions for
regression and classification tasks in Section 3.3 followed
by illustrative synthetic examples in Section 3.4.
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(a) Density Estimation (b) Mixture of Classi!ers

Figure 1: A process of binary classification on corrupt data using the mixture of (a) densities and (b) classifiers through (4).

π
W̃
(x) is the mixture weight which models the choice probability of W̃ and estimates the corruption probability πcorrupt in (3).

3.1. Motivation

Denote training data with correct (clean) labels by Dclean

whose elements (x, y) ∈ Dclean are determined by a relation
y = f(x) for a regression task and y ∈ L for a classification
task where L is a discrete set. In this paper, we assume that
the corrupt training data (x, ŷ) ∈ Dtrain is generated by

Regression:

ŷ =

{
f(x) + ǫ with 1− p

g(x) + ξ with p
(1)

Classification:

ŷ =

{
y with 1− p

L \ {y} with p
(2)

where g is an arbitrary function. Here ǫ and ξ are het-
eroscedastic additive noises and p indicates the corruption
probability. Then, the above settings naturally employ the
mixture of the conditional distributions:

P (ŷ|x) = (1−πcorrupt)Ptarget(ŷ|x)+πcorruptPnoise(ŷ|x) (3)

where πcorrupt models the corrupt ratio p. In particular,
we model the target conditional density Ptarget(·|·) using a
parametrized distribution with a Gaussian distribution with
a fixed variance σ̂2, i.e., P (·|x) = N (fθ(x), σ̂

2) where
fθ(·) can be any functions, e.g., a feed-forward network,
parametrized with θ.

While it may look similar to a Huber’s ǫ-contamination
model [20], one major difference is that, our method quanti-
fies the irrelevance (or independence) of noise distributions
by utilizing the input-dependent correlation ρ(x) between
Ptarget(·|x) and Pnoise(·|x). To be specific, Pnoise(·|x) will be
a function of Ptarget(·|x) and ρ(x).

In the training phase, we jointly optimize Ptarget(·|x) and
ρ(x). Intuitively speaking, irrelevant noisy data will be
modeled to be collected from a class of Pnoise with relatively
small or negative ρ which can be shown in Figure 4. Since

we assume that the correlation (quality) is not explicitly
given, we model the ρ of each data to be a function of an
input x i.e., ρφ(x), parametrized by φ and jointly optimize
φ and θ.

Why correlation matters in mixture modeling? Let us
suppose a binary classification problem L = {−1, 1} and a
feature map h : X → F and a (stochastic) linear functional
W : F → R are given. For (x, y) ∈ Dclean, we expect that
W and h will be optimized as follows:

Wh(x) ∼

{
N (µ+, σ

2) : y = 1

N (µ−, σ
2) : y = −1

, µ+ > 0, µ− < 0

so that −Wh(x) · y < 0 holds. However, if corrupt training
data are given by (2), the linear functional W and the feature
map h(·) may have −Wh(x) · ŷ > 0 and using an ordinary
loss function, such as a cross-entropy loss, might lead to
over-fitting of the contaminated pattern of Dtrain. Motivated
from (3), we employ the mixture density to discriminate the

corrupt data by using another linear classifier W̃ which is
expected to reveal the reverse patterns by minimizing the
following mixture classification loss:

−
{
(1− π

W̃
(x))Wh(x)− π

W̃
(x)W̃h(x)

}
· ŷ (4)

Here π
W̃
(x) is the mixture weight which models the choice

probability of the reverse classifier W̃ and eventually esti-
mates the corruption probability πcorrupt in (3). See Figure 1
for the illustrative example in binary classification.

However, the above setting is not likely to work in prac-

tice as both W and W̃ may learn the corrupt patterns inde-
pendently hence π

W̃
(x) adhere to 1/2 under (4). In other

words, the lack of dependencies between W and W̃ makes
it hard to distinguish clean and corrupt patterns. To aid
W to learn the pattern of data with a clean label, we need
a self-regularizing way to help π

W̃
to infer the corruption

probability of given data point x by guiding W̃ to learn
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the reverse mapping of given feature h(x). To resolve this

problem, let us consider different linear functional Ŵ with

negative correlation with W , i.e., ρ(Ŵ ,W ) < 0. Then this
functional maps the feature h(x) as follows:

Ŵh(x) ∼

{
N (ρµ+, σ

2) : y = 1

N (ρµ−, σ
2) : y = −1

since ρ(Ŵ ,W ) = ρ(Ŵh,Wh) so we have −Ŵh(x)·ŷ < 0
if ŷ = −y. Eventually, (4) is minimized when π

Ŵ
(x) ≈

1 if output is corrupted, i.e., ŷ = −y, and π
W̃
(x) ≈ 0

otherwise. In this way, we can make π
Ŵ
(x) to learn the

corrupt probability for given data point.
We provide illustrative examples in both regression and

classification that can support the aforementioned motivation
in Section 3.4.

3.2. Cholesky Block for Correlated Sampling

Now we introduce a Cholesky transform that enables mod-
eling dependencies among output mixtures in a differentiable
manner. The Cholesky transform is a way of constructing
a random variable which is correlated with other random
variables and can be used as a sampling routine for sampling
correlated matrices from two uncorrelated random matrices.

To be specific, suppose that w ∼ N (µw, σ
2
w) and z ∼

N (0, σ2
z) and our goal is to construct a random variable w̃

such that the correlation between w and w̃ becomes ρ. Then,
the Cholesky transform which is defined as

Cholesky(w, z, ρ, µw, σw, σz)

:= ρµ+
√

1− ρ2
(
ρ
σz

σw

(w − µ) + z
√
1− ρ2

)
(5)

is a mapping from (w, z) ∈ R
2 to R and can be used to

construct w̃. In fact, w̃ = Cholesky(w, z, ρ, µw, σw, σz)
and we can easily use (5) to construct a feed-forward layer
with a correlated weight matrix which will be referred to as
a Cholesky Block as shown in Figure 2.

We also show that the correlation is preserved through
the affine transformation making it applicable to a single
fully-connected layer where all the derivations and proofs
can be found in the supplementary material. In other words,
we model correlated outputs by first sampling correlated
weight matrices using Cholesky transfrom in an element-
wise fashion and using the sampled weights for an affine
transformation of a feature vector of a feed-forward layer.
One can simply use a reparametrization trick [25] for imple-
mentations.

3.3. Overall Mechanism of ChoiceNet

In this section we describe the model architecture and
the overall mechanism of ChoiceNet. In the following,
τ−1 > 0 is a small constant indicating the expected vari-
ance of the target distriubtion. Wh→ρ, Wh→π ∈ R

K×Q

and Wh→Σ0
∈ R

D×Q are weight matrices where Q and D

h(x)
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CorrelationBaseNet
Correlated 

Weight Matrix

Figure 2: Illustration of a Cholesky Block. Every block
shares target weight matrix W∗ and auxiliary matrix

Z, and outputs correlated weight matrix W̃k through
CholeskyTransform (see (5)) to distinguish the abnormal
pattern from normal one which will be learned by W∗.

denote the dimensions of a feature vector h and output y,
respectively, and K is the number of mixtures1.

ChoiceNet is a twofold architecture: (a) an arbitrary base
network and (b) the Cholesky Block (see Figure 2). Once the
base network extracts features, The Cholesky Block estimates
the mixture of the target distribution and other correlated
distributions using the Cholesky transform in (5). While it
may seem to resemble a mixture density network (MDN)
[5], this ability to model dependencies between mixtures lets
us to effectively infer and distinguish the target distributions
from other noisy distributions as will be shown in the exper-
imental sections. When using the MDN, particularly, it is
not straightforward to select which mixture to use other than
using the one with the largest mixture probability which may
lead to inferior performance given noisy datasets2.

Let us elaborate on the overall mechanism of ChoiceNet.
Given an input x, a feature vector h ∈ R

Q is computed from
any arbitrary mapping such as ResNet [18] for images or
word embedding [28] for natural languages. Then the net-
work computes K − 1 correlations, {ρ1, ρ2(h), ..., ρK(h)},
for K mixtures where the first ρ1 = 1 is reserved to model
the target distribution, In other words, the first mixture be-
comes our target distribution and we use the predictions from
the first mixture in the inference phase.

The mean and variance of the weight matrix, µW ∈
R

Q×D and ΣW ∈ R
Q×D, are defined and updated for mod-

eling correlated output distributions which is analogous to
a Bayesian neural network [6], These matrices can be back-
propagated using the reparametrization trick. The Cholesky

Block also computes the base output variance Σ0(h) similar
to an MDN.

Then we sample K weight matrices {W̃i}
K
i=1 from

{µ∗,Σ∗} and {ρ1, ρ2(h), ..., ρK(h)} using the Cholesky

1 Ablation studies regarding changing K and τ−1 are shown in the
supplementary material where the results show that these hyper-parameters
are not sensitive to the overall learning results.

2 We test the MDN in both regression and classification tasks and the
MDN shows poor performances.
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Algorithm 1: ChoiceNet Algorithm

Input :Dtrain, K, τ , λ, h : X → R
Q

Initialize µ∗,Σ∗,ΣZ ∈ R
Q×D

Wh→ρ,Wh→π,Wh→Σ0
∈ R

K×Q

while True do
Sample W∗ ∼ N (µ∗,Σ∗), Z ∼ N (0,ΣZ)
for k ∈ {1, . . . ,K} do

ρk = tanh(Wh→ρh)k (ρ1 = 1)
πk = softmax(Wh→πh)k
(Σ0)k = exp(Wh→Σ0

h)k
Σk = (1− ρ2k)(Σ0)k + τ−1

W̃k = Cholesky(W∗,Z, ρk, µ∗,Σ∗,ΣZ)

µk = W̃kh
end

Compute L(Dtrain|(πk, µk,Σk)
K
k=1)

Update h,Wh→ρ,Wh→π,Wh→Σ0
, µ∗,Σ∗

end

return W∗,h

transform (5) so that the correlations between W̃i and W∗

becomes ρi(·). Note that the correlation is preserved through
an affine transform. The K sampled feedforward weights,

{W̃i}
K
i=1, are used to compute K correlated output mean

vectors, {µi}
K
i=1. Note that the correlation between µ1 and

µi also becomes ρi(·). We would like to emphasize that, as
we employ Gaussian distributions in the Cholesky transform,
the influences of uninformative or independent data, whose
correlations, ρ, are close to 0, is attenuated as their variances
increase [23].

The output variances of k-th mixture is computed from
ρk(h) and the based output variance Σ0(h) as follows:

Σk = (1− ρ2k(h))Σ0(h) + τ−1 ∈ R
D (6)

This has an effect of increasing the variance of the mixture
which is less related (in terms of the absolute value of a corre-
lation) with the target distribution. The Cholesky Block also
computes the mixture probabilities of k-th mixture, πk(h),
akin to an MDN. The overall process of the Cholesky Block

is summarized in Algorithm 1 and Figure 3. Now, let us
introduce the loss functions for regression and classification
tasks.

Regression For the regression task, we employ both L2-
loss and the standard MDN loss ([5, 8, 10])

L(D) =
1

N

N∑

i=1

λ1‖yi − µ1(xi)‖
2
2

+
1

N

N∑

i=1

λ2 log

(
K∑

k=1

πk(xi)N (yi;µk(xi),Σk(xi))

)

(7)

L
<latexit sha1_base64="zQIUkzxj08OC0fYWCp0WgTMTdAs=">AAACEXicbZDNSgMxFIXv1L9a/6ou3QSL4KrMiFCXRTcuXFSwP9AOJZNm2tBMMiQZoQx9CnGrz+FO3PoEPoZvYKYdwbZeCHyccy+cnCDmTBvX/XIKa+sbm1vF7dLO7t7+QfnwqKVloghtEsml6gRYU84EbRpmOO3EiuIo4LQdjG8yv/1IlWZSPJhJTP0IDwULGcHGSt1ehM2IYJ7eTfvlilt1Z4NWwcuhAvk0+uXv3kCSJKLCEI617npubPwUK8MIp9NSL9E0xmSMh7RrUeCIaj+dRZ6iM6sMUCiVfcKgmfr3IsWR1pMosJtZRL3sZeK/XqYoHepfE6HFICa88lMm4sRQQeY5woQjI1FWDxowRYnhEwuYKGa/gsgIK0yMLbFkO/KWG1mF1kXVs3x/Walf520V4QRO4Rw8qEEdbqEBTSAg4Rle4NV5ct6cd+djvlpw8ptjWBjn8weXAZ2d</latexit><latexit sha1_base64="zQIUkzxj08OC0fYWCp0WgTMTdAs=">AAACEXicbZDNSgMxFIXv1L9a/6ou3QSL4KrMiFCXRTcuXFSwP9AOJZNm2tBMMiQZoQx9CnGrz+FO3PoEPoZvYKYdwbZeCHyccy+cnCDmTBvX/XIKa+sbm1vF7dLO7t7+QfnwqKVloghtEsml6gRYU84EbRpmOO3EiuIo4LQdjG8yv/1IlWZSPJhJTP0IDwULGcHGSt1ehM2IYJ7eTfvlilt1Z4NWwcuhAvk0+uXv3kCSJKLCEI617npubPwUK8MIp9NSL9E0xmSMh7RrUeCIaj+dRZ6iM6sMUCiVfcKgmfr3IsWR1pMosJtZRL3sZeK/XqYoHepfE6HFICa88lMm4sRQQeY5woQjI1FWDxowRYnhEwuYKGa/gsgIK0yMLbFkO/KWG1mF1kXVs3x/Walf520V4QRO4Rw8qEEdbqEBTSAg4Rle4NV5ct6cd+djvlpw8ptjWBjn8weXAZ2d</latexit><latexit sha1_base64="zQIUkzxj08OC0fYWCp0WgTMTdAs=">AAACEXicbZDNSgMxFIXv1L9a/6ou3QSL4KrMiFCXRTcuXFSwP9AOJZNm2tBMMiQZoQx9CnGrz+FO3PoEPoZvYKYdwbZeCHyccy+cnCDmTBvX/XIKa+sbm1vF7dLO7t7+QfnwqKVloghtEsml6gRYU84EbRpmOO3EiuIo4LQdjG8yv/1IlWZSPJhJTP0IDwULGcHGSt1ehM2IYJ7eTfvlilt1Z4NWwcuhAvk0+uXv3kCSJKLCEI617npubPwUK8MIp9NSL9E0xmSMh7RrUeCIaj+dRZ6iM6sMUCiVfcKgmfr3IsWR1pMosJtZRL3sZeK/XqYoHepfE6HFICa88lMm4sRQQeY5woQjI1FWDxowRYnhEwuYKGa/gsgIK0yMLbFkO/KWG1mF1kXVs3x/Walf520V4QRO4Rw8qEEdbqEBTSAg4Rle4NV5ct6cd+djvlpw8ptjWBjn8weXAZ2d</latexit><latexit sha1_base64="zQIUkzxj08OC0fYWCp0WgTMTdAs=">AAACEXicbZDNSgMxFIXv1L9a/6ou3QSL4KrMiFCXRTcuXFSwP9AOJZNm2tBMMiQZoQx9CnGrz+FO3PoEPoZvYKYdwbZeCHyccy+cnCDmTBvX/XIKa+sbm1vF7dLO7t7+QfnwqKVloghtEsml6gRYU84EbRpmOO3EiuIo4LQdjG8yv/1IlWZSPJhJTP0IDwULGcHGSt1ehM2IYJ7eTfvlilt1Z4NWwcuhAvk0+uXv3kCSJKLCEI617npubPwUK8MIp9NSL9E0xmSMh7RrUeCIaj+dRZ6iM6sMUCiVfcKgmfr3IsWR1pMosJtZRL3sZeK/XqYoHepfE6HFICa88lMm4sRQQeY5woQjI1FWDxowRYnhEwuYKGa/gsgIK0yMLbFkO/KWG1mF1kXVs3x/Walf520V4QRO4Rw8qEEdbqEBTSAg4Rle4NV5ct6cd+djvlpw8ptjWBjn8weXAZ2d</latexit>

Loss function

k ∈ {1, . . . ,K}
<latexit sha1_base64="fHjKsA8iHCahZ157qRXc0IrfYkw=">AAACLnicbVDLSgMxFE1aH7W+Wrt0EyyCi1JmRNBl0Y3gpoJ9QGcomUymDc1khiQjDEO/xa3u/BrBhbj1M8y0s9C2BwKHc+7lnhwv5kxpy/qEpfLW9s5uZa+6f3B4dFyrn/RVlEhCeyTikRx6WFHOBO1ppjkdxpLi0ON04M3ucn/wTKVikXjSaUzdEE8ECxjB2kjjWmPmMOFkdsvhfqRV6wE583GtabWtBdA6sQvSBAW64zosO35EkpAKTThWamRbsXYzLDUjnM6rTqJojMkMT+jIUIFDqtxskX6Ozo3ioyCS5gmNFurfjQyHSqWhZyZDrKdq1cvFjV6uSBWojaav8msr0XRw42ZMxImmgiyTBQlHOkJ5d8hnkhLNU0Mwkcx8DpEplpho03DV1GavlrRO+pdt22rbj1fNzm1RYAWcgjNwAWxwDTrgHnRBDxCQghfwCt7gO/yAX/B7OVqCxU4D/AP8+QVfY6eg</latexit><latexit sha1_base64="fHjKsA8iHCahZ157qRXc0IrfYkw=">AAACLnicbVDLSgMxFE1aH7W+Wrt0EyyCi1JmRNBl0Y3gpoJ9QGcomUymDc1khiQjDEO/xa3u/BrBhbj1M8y0s9C2BwKHc+7lnhwv5kxpy/qEpfLW9s5uZa+6f3B4dFyrn/RVlEhCeyTikRx6WFHOBO1ppjkdxpLi0ON04M3ucn/wTKVikXjSaUzdEE8ECxjB2kjjWmPmMOFkdsvhfqRV6wE583GtabWtBdA6sQvSBAW64zosO35EkpAKTThWamRbsXYzLDUjnM6rTqJojMkMT+jIUIFDqtxskX6Ozo3ioyCS5gmNFurfjQyHSqWhZyZDrKdq1cvFjV6uSBWojaav8msr0XRw42ZMxImmgiyTBQlHOkJ5d8hnkhLNU0Mwkcx8DpEplpho03DV1GavlrRO+pdt22rbj1fNzm1RYAWcgjNwAWxwDTrgHnRBDxCQghfwCt7gO/yAX/B7OVqCxU4D/AP8+QVfY6eg</latexit><latexit sha1_base64="fHjKsA8iHCahZ157qRXc0IrfYkw=">AAACLnicbVDLSgMxFE1aH7W+Wrt0EyyCi1JmRNBl0Y3gpoJ9QGcomUymDc1khiQjDEO/xa3u/BrBhbj1M8y0s9C2BwKHc+7lnhwv5kxpy/qEpfLW9s5uZa+6f3B4dFyrn/RVlEhCeyTikRx6WFHOBO1ppjkdxpLi0ON04M3ucn/wTKVikXjSaUzdEE8ECxjB2kjjWmPmMOFkdsvhfqRV6wE583GtabWtBdA6sQvSBAW64zosO35EkpAKTThWamRbsXYzLDUjnM6rTqJojMkMT+jIUIFDqtxskX6Ozo3ioyCS5gmNFurfjQyHSqWhZyZDrKdq1cvFjV6uSBWojaav8msr0XRw42ZMxImmgiyTBQlHOkJ5d8hnkhLNU0Mwkcx8DpEplpho03DV1GavlrRO+pdt22rbj1fNzm1RYAWcgjNwAWxwDTrgHnRBDxCQghfwCt7gO/yAX/B7OVqCxU4D/AP8+QVfY6eg</latexit><latexit sha1_base64="fHjKsA8iHCahZ157qRXc0IrfYkw=">AAACLnicbVDLSgMxFE1aH7W+Wrt0EyyCi1JmRNBl0Y3gpoJ9QGcomUymDc1khiQjDEO/xa3u/BrBhbj1M8y0s9C2BwKHc+7lnhwv5kxpy/qEpfLW9s5uZa+6f3B4dFyrn/RVlEhCeyTikRx6WFHOBO1ppjkdxpLi0ON04M3ucn/wTKVikXjSaUzdEE8ECxjB2kjjWmPmMOFkdsvhfqRV6wE583GtabWtBdA6sQvSBAW64zosO35EkpAKTThWamRbsXYzLDUjnM6rTqJojMkMT+jIUIFDqtxskX6Ozo3ioyCS5gmNFurfjQyHSqWhZyZDrKdq1cvFjV6uSBWojaav8msr0XRw42ZMxImmgiyTBQlHOkJ5d8hnkhLNU0Mwkcx8DpEplpho03DV1GavlrRO+pdt22rbj1fNzm1RYAWcgjNwAWxwDTrgHnRBDxCQghfwCt7gO/yAX/B7OVqCxU4D/AP8+QVfY6eg</latexit>

h(x)
<latexit sha1_base64="RzpZh/bLKwkKegbyYdAdq53GLNU=">AAACMnicbVDLSgMxFE20aq2vVsGNm2AR6qbMWPGxK7hxWcE+oB1KJpNpQzMPkoxYxvkZt7r0Z3Qnbv0IM9NRtPVA4HDOveTcY4ecSWUYr3BpubCyulZcL21sbm3vlCu7HRlEgtA2CXggejaWlDOfthVTnPZCQbFnc9q1J1ep372jQrLAv1XTkFoeHvnMZQQrLQ3L+wMPq7HtxuOk9k3vk+NhuWrUjQxokZg5qYIcrWEFFgZOQCKP+opwLGXfNEJlxVgoRjhNSoNI0hCTCR7RvqY+9qi04uyABB1pxUFuIPTzFcrU3xsx9qSceraeTDPKeS8V//VSRUhXahMtuo5Mv5vLptwLK2Z+GCnqk1k0N+JIBSjtDzlMUKL4VBNMBNPXITLGAhOlWy5lvV2mOPtpaZF0Tupmo964Oa02m3mDRXAADkENmOAcNME1aIE2IOABPIIn8Axf4Bt8hx+z0SWY7+yBP4CfX/RpqhI=</latexit>

ρk
<latexit sha1_base64="/oY3fRAFKAm6mLS3lThkQ3RVb9k=">AAACInicbVDLSgMxFE1q1VpfrS7dBIvgqsyo+NgV3LisYB/QDiWTybShmWRIMkIZ+hNudenXuBNXgh9jZjqIth4IHM65l3ty/JgzbRznE5bWyusbm5Wt6vbO7t5+rX7Q1TJRhHaI5FL1fawpZ4J2DDOc9mNFceRz2vOnt5nfe6RKMykezCymXoTHgoWMYGOl/lBN5Cidzke1htN0cqBV4hakAQq0R3VYHgaSJBEVhnCs9cB1YuOlWBlGOJ1Xh4mmMSZTPKYDSwWOqPbSPPAcnVglQKFU9gmDcvX3RoojrWeRbycjbCZ62cvEf71MUTrU1kSrbqCzc0vZTHjtpUzEiaGCLKKFCUdGoqwvFDBFieEzSzBRzP4OkQlWmBjbajXv7SbD5U9Lq6R71nTPm+f3F41Wq2iwAo7AMTgFLrgCLXAH2qADCODgCTyDF/gK3+A7/FiMlmCxcwj+AH59A/TCo/8=</latexit>

fWk
<latexit sha1_base64="bmT6kKoyYP8/CjKoN1xKRHs6H4Y=">AAACNnicbVDLSsNAFJ3UqrW+Wt3pZrAIrkpqxceu4MZlBfuAppTJ5KYdOnkwM1FKCPg1bnXpr7hxJ279BCdpEG09MHA4517m3GOHnEllmm9GYaW4urZe2ihvbm3v7Faqe10ZRIJChwY8EH2bSODMh45iikM/FEA8m0PPnl6nfu8ehGSBf6dmIQw9MvaZyyhRWhpVDqwH5oBi3IHY8oia2G7cS5JRPE1GlZpZNzPgZdLISQ3laI+qRtFyAhp54CvKiZSDhhmqYUyEYpRDUrYiCSGhUzKGgaY+8UAO4+yIBB9rxcFuIPTzFc7U3xsx8aScebaeTHPKRS8V//VSRUhXahMvu45Mv1vIptzLYcz8MFLg03k0N+JYBTjtEDtMAFV8pgmhgunrMJ0QQajSTZez3q5SnP+0tEy6p/VGs968Pau1WnmDJXSIjtAJaqAL1EI3qI06iKJH9ISe0YvxarwbH8bnfLRg5Dv76A+Mr291+Kxr</latexit>

Cholesky 
Block

µk
<latexit sha1_base64="GJE0Be7KH+RX85AT6ykPU0EcJso=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShycyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSPWMdwI1k8UI9IXrOdP73O/98yU5nH0ZGYJ8yQZRzzklBgr9YYyHWXT+ajWcJrOAniduAVpQIH2qI7KwyCmqWSRoYJoPXCdxHgZUYZTwebVYapZQuiUjNnA0ohIpr1skXeOL6wS4DBW9kUGL9S/GxmRWs+kbyclMRO96uXiRi9XlA71RjPQ+bWVaCa89TIeJalhEV0mC1OBTYzztnDAFaNGzCwhVHH7OUwnRBFqbKdVW5u7WtI66V41XafpPl43WndFgRU4g3O4BBduoAUP0IYOUJjCC7zCG3pHH+gTfS1HS6jYOYV/QD+/evijMw==</latexit><latexit sha1_base64="GJE0Be7KH+RX85AT6ykPU0EcJso=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShycyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSPWMdwI1k8UI9IXrOdP73O/98yU5nH0ZGYJ8yQZRzzklBgr9YYyHWXT+ajWcJrOAniduAVpQIH2qI7KwyCmqWSRoYJoPXCdxHgZUYZTwebVYapZQuiUjNnA0ohIpr1skXeOL6wS4DBW9kUGL9S/GxmRWs+kbyclMRO96uXiRi9XlA71RjPQ+bWVaCa89TIeJalhEV0mC1OBTYzztnDAFaNGzCwhVHH7OUwnRBFqbKdVW5u7WtI66V41XafpPl43WndFgRU4g3O4BBduoAUP0IYOUJjCC7zCG3pHH+gTfS1HS6jYOYV/QD+/evijMw==</latexit><latexit sha1_base64="GJE0Be7KH+RX85AT6ykPU0EcJso=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShycyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSPWMdwI1k8UI9IXrOdP73O/98yU5nH0ZGYJ8yQZRzzklBgr9YYyHWXT+ajWcJrOAniduAVpQIH2qI7KwyCmqWSRoYJoPXCdxHgZUYZTwebVYapZQuiUjNnA0ohIpr1skXeOL6wS4DBW9kUGL9S/GxmRWs+kbyclMRO96uXiRi9XlA71RjPQ+bWVaCa89TIeJalhEV0mC1OBTYzztnDAFaNGzCwhVHH7OUwnRBFqbKdVW5u7WtI66V41XafpPl43WndFgRU4g3O4BBduoAUP0IYOUJjCC7zCG3pHH+gTfS1HS6jYOYV/QD+/evijMw==</latexit><latexit sha1_base64="GJE0Be7KH+RX85AT6ykPU0EcJso=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShycyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSPWMdwI1k8UI9IXrOdP73O/98yU5nH0ZGYJ8yQZRzzklBgr9YYyHWXT+ajWcJrOAniduAVpQIH2qI7KwyCmqWSRoYJoPXCdxHgZUYZTwebVYapZQuiUjNnA0ohIpr1skXeOL6wS4DBW9kUGL9S/GxmRWs+kbyclMRO96uXiRi9XlA71RjPQ+bWVaCa89TIeJalhEV0mC1OBTYzztnDAFaNGzCwhVHH7OUwnRBFqbKdVW5u7WtI66V41XafpPl43WndFgRU4g3O4BBduoAUP0IYOUJjCC7zCG3pHH+gTfS1HS6jYOYV/QD+/evijMw==</latexit>

πk
<latexit sha1_base64="TFkjuKvfJeLbJw7BC5/N12/G5Iw=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShmcyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSXrGG4E6yeKkcgXrOdP73O/98yU5rF8MrOEeREZSx5ySoyVesOEj7LpfFRrOE1nAbxO3II0oEB7VEflYRDTNGLSUEG0HrhOYryMKMOpYPPqMNUsIXRKxmxgqSQR0162yDvHF1YJcBgr+6TBC/XvRkYirWeRbycjYiZ61cvFjV6uKB3qjWag82sr0Ux462VcJqlhki6ThanAJsZ5WzjgilEjZpYQqrj9HKYTogg1ttOqrc1dLWmddK+artN0H68brbuiwAqcwTlcggs30IIHaEMHKEzhBV7hDb2jD/SJvpajJVTsnMI/oJ9fa3GjKg==</latexit><latexit sha1_base64="TFkjuKvfJeLbJw7BC5/N12/G5Iw=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShmcyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSXrGG4E6yeKkcgXrOdP73O/98yU5rF8MrOEeREZSx5ySoyVesOEj7LpfFRrOE1nAbxO3II0oEB7VEflYRDTNGLSUEG0HrhOYryMKMOpYPPqMNUsIXRKxmxgqSQR0162yDvHF1YJcBgr+6TBC/XvRkYirWeRbycjYiZ61cvFjV6uKB3qjWag82sr0Ux462VcJqlhki6ThanAJsZ5WzjgilEjZpYQqrj9HKYTogg1ttOqrc1dLWmddK+artN0H68brbuiwAqcwTlcggs30IIHaEMHKEzhBV7hDb2jD/SJvpajJVTsnMI/oJ9fa3GjKg==</latexit><latexit sha1_base64="TFkjuKvfJeLbJw7BC5/N12/G5Iw=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShmcyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSXrGG4E6yeKkcgXrOdP73O/98yU5rF8MrOEeREZSx5ySoyVesOEj7LpfFRrOE1nAbxO3II0oEB7VEflYRDTNGLSUEG0HrhOYryMKMOpYPPqMNUsIXRKxmxgqSQR0162yDvHF1YJcBgr+6TBC/XvRkYirWeRbycjYiZ61cvFjV6uKB3qjWag82sr0Ux462VcJqlhki6ThanAJsZ5WzjgilEjZpYQqrj9HKYTogg1ttOqrc1dLWmddK+artN0H68brbuiwAqcwTlcggs30IIHaEMHKEzhBV7hDb2jD/SJvpajJVTsnMI/oJ9fa3GjKg==</latexit><latexit sha1_base64="TFkjuKvfJeLbJw7BC5/N12/G5Iw=">AAACIHicbVDLSgMxFL1pfdT6anXpJlgEV2VGBF0W3bisYB/QDiWTybShmcyQZIQy9CPc6s6vcScu9WvMtLPQtgcCh3Pu5Z4cPxFcG8f5RqXy1vbObmWvun9weHRcq590dZwqyjo0FrHq+0QzwSXrGG4E6yeKkcgXrOdP73O/98yU5rF8MrOEeREZSx5ySoyVesOEj7LpfFRrOE1nAbxO3II0oEB7VEflYRDTNGLSUEG0HrhOYryMKMOpYPPqMNUsIXRKxmxgqSQR0162yDvHF1YJcBgr+6TBC/XvRkYirWeRbycjYiZ61cvFjV6uKB3qjWag82sr0Ux462VcJqlhki6ThanAJsZ5WzjgilEjZpYQqrj9HKYTogg1ttOqrc1dLWmddK+artN0H68brbuiwAqcwTlcggs30IIHaEMHKEzhBV7hDb2jD/SJvpajJVTsnMI/oJ9fa3GjKg==</latexit>

Σk
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Figure 3: Overall mechanism of ChoiceNet. It consists of
K mixtures and each mixture outputs triplet (πk, µk,Σk)
via Algorithm 1. ρ1 = 1 is reserved to model the target
distribution.

where λ1 and λ2 are hyper-parameters and N (·|µ,Σ) is the
density of multivariate Gaussian:
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We also propose the following Kullback-Leibler regular-
izer:

KL(ρ̄‖π) =
K
∑

k=1

ρ̄k log
ρ̄k

πk

, ρ̄ = softmax(ρ) (8)

The above KL regularizer encourages the mixture compo-
nents with the strong correlations to have high mixture proba-
bilities. Note that we use the notion of correlation to evaluate
the goodness of each training data where the first mixture
whose correlation is always 1 is reserved for modeling the
target distribution.

Classification In the classification task, we suppose each
yi is a D-dimensional one-hot vector. Unlike the regression
task, (7) is not appropriate for the classification task. We
employ the following loss function:

L(D) = −
1

N

N
∑

i=1

K
∑

k=1

πk(xi)l(xi,yi) (9)

where

l(xi,yi) = 〈softmax(ŷk(xi)),yi〉

− λreg log

(

D
∑

d=1

exp(ŷ
(d)
k (xi))

)

.

Here 〈·, ·〉 denotes inner product, ŷk = (ŷ
(1)
k , . . . , ŷ

(D)
k ),

and ŷ
(d)
k (xi) = µ

(d)
k +

√

Σ
(d)
k ε where ε ∼ N (0, 1). Similar

loss function was used in [24] which also utilizes a Gaussian
mixture model.
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(a) (b) (c) (d)

Figure 4: Fitting results on datasets with (a) flipped function and (c) uniform corruptions. Resulting correlations of two
components with (b) flipped function and (d) uniform corruptions.

3.4. Illustrative Synthetic Examples

Here, we provide synthetic examples in both regression
and classification to illustrate how the proposed method can
be used to robustly learn the underlying target distribution
given a noisy training dataset.

Regression Task We first focus on how the proposed
method can distinguish between the target distribution and
noise distributions in a regression task and show empirical
evidence that our method can achieve this by estimating the
target distribution and the correlation of noise distribution si-
multaneously. We train on two datasets with the same target
function but with different types of corruptions by replacing
50% of the output values whose input values are within 0
to 2: one uniformly sampled from −1 to 3 and the other
from a flipped target function as shown in Figure 4(a) and
4(c). Throughout this experiment, we set K = 2 for better
visualization.

As shown in Figure 4, ChoiceNet successfully estimates
the target function with partial corruption. To further under-
stand how ChoiceNet works, we also plot the correlation of
each mixture at each input with different colors. When using
the first dataset where we flip the outputs whose inputs are
between 0 and 2, the correlations of the second mixture at
the corrupt region becomes −1 (see Figure 4(b)). This is
exactly what we wanted ChoiceNet to behave in that having
−1 correlation will simply flip the output. In other words,
the second mixture takes care of the noisy (flipped) data by
assigning −1 correlation while the first mixture component
reserved for the target distribution is less affected by the
noisy training data.

When using the second dataset, the correlations of the sec-
ond mixture at the corrupt region are not −1 but decreases as
the input increase from 0 to 2 (see Figure 4(d)). Intuitively
speaking, this is because the average deviations between
the noisy output and the target output increases as the input
increases. Since decreasing the correlation from 1 to 0 will
increase the output variance as shown in (6), the correla-
tion of the second mixture tends to decrease as the input
increase between 0 to 2. This clearly shows the capability of
ChoiceNet to distinguish the target distribution from noisy
distributions.

(a) (b)

Figure 5: The predictions results of the second mixture of
test inputs whose labels are (a) 0 and (b) 1, respectively.

Binary Classification Task We also provide an illustra-
tive binary classification task using label 0 and 1 from the
MNIST dataset. In particular, we replaced 40% of the train-
ing data with label 0 to 1. To implement ChoiceNet, we use
two-layer convolutional neural networks with 64 channels
and two mixtures. We trained ChoiceNet for 10 epochs
where the final train and test accuracies are 81.7% and
98.1%, respectively, which indicates ChoiceNet successfully
infers clean data distribution. As the first mixture is deserved
for inferring the clean target distribution, we expect the sec-
ond mixture to take away corrupted labels. Figure 5 shows
two prediction results of the second mixture when given test
inputs with label 0 and 1. As 40% of training labels whose
labels are originally 0 are replaced to 1, almost half of the
second mixture predictions of test images whose labels are
0 are 1 indicating that it takes away corrupted labels while
training. On the contrary, the second mixture predictions of
test inputs whose original labels are 1 are mostly focusing
on label 1.

4. Experiments

In this section, we validate the performance of ChoiceNet
on both regression problems in Section 4.1 and classification
problems in Section 4.2 where we mainly focus on evaluating
the robustness of the proposed method.

4.1. Regression Tasks

Here, we show the regression performances using syn-
thetic regression tasks and a Boston housing dataset with
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Figure 6: (a-c) Average fitting errors while varying the outlier rates and (e-f) fitting results of the compared methods with 60%
outliers using cosexp, linear, and step functions.

outliers. More experimental results using synthetic data and
behavior cloning scenarios in MuJoCo environments where
the demonstrations are collected and mixed from both ex-
pert and adversarial policies as well as detailed experimental
settings can be found in the supplementary material.

Synthetic Data In order to evaluate the robustness of the
proposed method, we use three different 1-D target functions.
Particularly, we use the following target functions: cosexp,
linear, and step functions as shown in Figure 6(d)-6(f), re-
spectively, and collected 1, 000 points per each function
while replacing a certain portion of outputs to random values
uniformly sampled between −1.5 and 2.5. We compared our
proposed method with a mixture density network (MDN) [5]
and fully connected layers with an L2-loss (MLP) and a ro-
bust loss (Robust) proposed in [3]. We use three-layers with
64 units and ReLU activations, and for both the proposed
method and an MDN, five mixtures are used.

The average absolute fitting errors of three different func-
tions are shown in Figure 6(a)-6(c), respectively where we
can see that the proposed method outperforms or show com-
parable results with low outlier rates and shows superior
performances with a high outlier rate (> 50%). Figure 6(d)-
6(f) show the fitting results along with training data. While
our proposed method is built on top of an MDN, it is worth-
while noting the severe performance degradation of an MDN
with an extreme noise level (60%). It is mainly because
an MDN fails to allocate high mixture probability on the
mixture corresponds to the target distribution as there are no
dependencies among different mixtures.

Table 1: The RMSEs of compared methods on the Boston
Housing Dataset

Outliers ChoiceNet L2 L1 RL LeakyRL MDN

0% 3.29 3.22 3.26 4.28 3.36 3.46

10% 3.99 5.97 5.72 6.36 5.71 6.5

20% 4.77 7.51 7.16 8.08 7.08 8.62

30% 5.94 9.04 8.65 10.54 8.67 8.97

40% 6.80 9.88 9.69 10.94 9.68 10.44

Table 2: Test accuracies on the CIFAR-10 dataset with by
symmetric and asymmetric noises.

Pair-45% Sym-50% Sym-20%

Standard 49.5 48.87 76.25

+ ChoiceNet 70.3 85.2 91.0

MentorNet 58.14 71.10 80.76

Co-teaching 72.62 74.02 82.32

F-correction 6.61 59.83 59.83

MDN 51.4 58.6 81.4

Boston Housing Dataset A Boston housing price dataset
is used to check the robustness of the proposed method. We
compare our method with standard feedforward networks
using four different loss functions: standard L2-loss, L1-loss
which is known to be robust to outliers, a robust loss (RL)
function proposed in [3], and a leaky robust loss (LeakyRL)
function where the results are shown in Table 1. Implemen-
tation details can be found in the supplementary material.
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MNIST FMNIST SVHN CIFAR10 CIFAR100

Data Model 20% 50% 20% 50% 20% 50% 20% 50% 20% 50%

Dtest
WideResNet 82.19 56.63 82.32 56.55 82.21 55.94 81.93 54.97 80.19 50.48

+ ChoiceNet 99.66 99.03 97.46 95.36 94.40 78.32 96.58 90.28 85.81 68.89

Dtrain
WideResNet 99.29 92.49 98.62 92.42 99.34 95.91 99.97 99.82 99.96 99.91

+ ChoiceNet 81.99 55.38 80.63 54.45 78.99 48.69 81.88 56.83 26.03 18.14

Expected True Ratio 82% 55% 82% 55% 82% 55% 82 % 55% 80.2% 50.5 %

Table 3: The comparison between naive WideResNet and ChoiceNet on multile benchmark datasets.

4.2. Classification Tasks

Here, we conduct comprehensive classification experi-
ments to investigate how ChoiceNet performs on image clas-
sification tasks with noisy labels. More experimental results
on MNIST, CIFAR-10, and a natural language processing
task and ablation studies of hyper-parameters can also be
found in the supplementary material.

CIFAR-10 Comparison We first evaluate the perfor-
mance of our method and compare it with MentorNet [21],
Co-teaching [17] and F-correction [34] on noisy CIFAR-
10 datasets. We follow three different noise settings from
[17]: PairFlip-45%, Symmetry-50%, and Symmetry-20%.
On ‘Symmetry‘ settings, noisy labels can be assigned to all
classes, while, on ‘PairFlip‘ settings, all noisy labels from
the same true label are assigned to a single noisy label. A
model is trained on a noisy dataset and evaluated on the clean
test set. For fair comparisons, we keep other configurations
such as the network topology to be the same as [17].

Table 2 shows the test accuracy of compared methods
under different noise settings. Our proposed method out-
performs all compared methods on the symmetric noise
settings with a large margin over 10%p. On asymmetric
noise settings (Pair-45%), our method shows the second best
performance, and this reveals the weakness of the proposed
method. As Pair-45% assigns 45% of each label to its next
label, The Cholesky Block fails to infer the dominant label
distributions correctly. However, we would like to note that
Co-teaching [17] is complementary to our method where one
can combine these two methods by using two ChoiceNets
and update each network using Co-teaching.

Generalization to Other Datasets We conduct additional
experiments to investigate how our method works on other
image datasets. We adopt the structure of WideResNet [43]
and design a baseline network with a depth of 22 and a widen
factor of 4. We also construct ChoiceNet by replacing the last
two layers (‘average pooling‘ and ‘linear‘) with the Cholesky

Block. We train the networks on CIFAR-10, CIFAR-100,
FMNIST, MNIST and SVHN datasets with noisy labels. We
generate noisy datasets with symmetric noise setting and
vary corruption ratios from 20% to 50%. We would like to
emphasize that we use the same hyper-parameters, which

are tuned for the CIFAR-10 experiments, for all the datasets
except for CIFAR-1003.

Table 3 shows test accuracies of our method and the base-
line on various image datasets with noisy labels. ChoiceNet
consistently outperforms the baseline in most of the configu-
rations except for 80%-corrupted SVHN dataset. Moreover,
we expect that performance gains can increase when dataset-
specific hyperparameter tuning is applied. The results sug-
gest that the proposed ChoiceNet can easily be applied to
other noisy datasets and show a performance improvement
without large efforts.

We would like to emphasize that the training accuracy of
the proposed method in Table 3 is close to the expected true
ratio4. This implies that our proposed Cholesky Block can
separate true labels and false labels from a noisy dataset. We
also note that training ChoiceNet on CIFAR-100 datasets
requires a modification in a loss weight. We hypothesize that
the hyperparameters of our proposed method are sensitive to
a number of target classes in a dataset.

5. Conclusion

In this paper, we have presented ChoiceNet that can ro-
bustly learn a target distribution given noisy training data.
The keystone of ChoiceNet is the mixture of correlated den-
sities network block which can simultaneously estimate the
underlying target distribution and the quality of each data
where the quality is defined by the correlation between the
target and generating distributions. We have demonstrated
that the proposed method can robustly infer the target dis-
tribution on corrupt training data in both regression and
classification tasks. However, we have seen that in the case
of extreme asymmetric noises, the proposed method showed
suboptimal performances. We believe that it could resolved
by combining our method with other robust learning methods
where we have demonstrated that ChoiceNet can effectively
be combined with mix-up [45]. Furthermore, one can use
ChoiceNet for active learning by evaluating the quality of
each training data using through the lens of correlations.

3 On CIFAR-100 dataset, we found the network underfits with our
default hyper-parameters. Therefore, we enlarged λreg to 1e − 3 for
CIFAR-100 experiments.

4 Since a noisy label can be assigned to any labels, we can expect 82%,
55% true labels on noisy datasets with a corruption probability of 20%,
50%, respectively.
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