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ABSTRACT

We present a “learning to learn” approach for automatically constructing white-box
classification loss functions that are robust to label noise in the training data. We
paramaterize a flexible family of loss functions using Taylor polynomials, and
apply evolutionary strategies to search for noise-robust losses in this space. To
learn re-usable loss functions that can apply to new tasks, our fitness function scores
their performance in aggregate across a range of training dataset and architecture
combinations. The resulting white-box loss provides a simple and fast “plug-and-
play” module that enables effective noise-robust learning in diverse downstream
tasks, without requiring a special training procedure or network architecture.

1 INTRODUCTION

The success of modern deep learning is largely predicated on large amounts of accurately labelled
training data. However, training with large quantities of gold-standard labelled data is often not
achievable. This is often because professional annotation is too costly to achieve at scale and users
resort to less reliable crowd-sourcing, web-crawled incidental annotations (Chen & Gupta, [20135)), or
imperfect machine annotation (Kuznetsova et al.| [2020); while in other situations the data is hard
to classify reliably even by human experts, and label-noise is inevitable. These considerations have
led to a large and rapidly progressing body of work focusing on developing noise-robust learning
approaches (Ren et al.,|2018; [Han et al., | 2018). Diverse solutions have been studied including those
that modify the training algorithm through teacher-student (Jiang et al., 2018}; [Han et al., [2018)
learning, or identify and down-weight noisy instances (Ren et al., 2018). Much simpler, and therefore
more widely applicable, are attempts (Wang et al., [2019; |[Zhang & Sabuncul 2018} |Ghosh et al.|
2017) to define noise-robust loss functions that provide drop-in replacements for standard losses such
as cross-entropy. These studies hand engineer robust losses, motivated by different considerations
including risk minimisation (Ghosh et al.,[2017)) and information theory (Xu et al.| 2019). In this
paper we explore an alternative data-driven approach (Hutter et al., [2019)) to loss design, and search
for a simple white-box function that provides a general-purpose noise-robust drop-in loss.

We perform evolutionary search on a space of loss functions parameterised as Taylor polynomials.
Every function in this space is smooth and differentiable, and thus provides a valid loss that can be
easily plugged into existing deep learning frameworks. Meanwhile, this search space provides a good
trade-off between the flexibility to represent non-trivial losses, and a low-dimensional white-box
parameterisation that is efficient to search and reusable across tasks without overfitting. To score a
given loss during our search, we use it to train neural networks on noisy data, and then evaluate the
clean validation performance of the trained model. To learn a general purpose loss, rather than one
that is specific to a given architecture or dataset, we explore domain randomisation (Tobin et al.,[2017)
in the space of architectures and datasets. Scoring losses according to their validation performance in
diverse conditions leads to reusable functions that can be applied to new datasets and architectures.

We apply our learned loss function to train various MLP and CNN architectures on several benchmarks
including MNIST, CIFAR-10, and CIFAR-100 with different types of simulated label noise. We also
test our loss on a large real-world noisy label dataset, Clothing] M. The results verify the re-usability
of our learned loss and its efficacy compared to state-of-the-art in a variety of settings.



Under review as a conference paper at ICLR 2021

2
. s \ 2
0] o o

00

To 00 10 00

02 04 o5 08 02 04 06 08 02 04 06 08
predicted probabilty for ground truth category predicted prabability for ground truth category. predicted probability for ground truth category

Figure 1: Existing hand-designed robust losses and our meta-learned robust loss. Left: Conventional
Cross-Entropy (CE), Mean Absolute Error (MAE) (Ghosh et al., 2017)), and label-smoothing (Pereyra
et al.,2017). Middle: Generalised Cross Entropy (GCE) (Zhang & Sabuncu, 2018)), Symmetric Cross
Entropy (Wang et al.| |2019). Right: Our learned loss.

2  METHOD

We aim to learn a loss function for multi-class classification problem that is robust to noisy labels
in the training set. We consider the task of learning a loss function as a bilevel optimisation, where
solutions generated by the upper objectives (in the outer loop) are conditioned on the response
of the lower objectives (in the inner loop). In our loss function learning setting, the upper and
lower objectives are defined, respectively, as optimising the parameters of an adaptive loss function
and training neural networks, f,,, with the learned loss function. The loss function parameters, 6,
correspond to the coefficients of an n-th order polynomial, which can be viewed as a Taylor expansion
of the ideal loss function. The bilevel optimisation problem is given by

max Ep,f[M(fur,, D)) (1)

s.it. wh = argmin Lg(f,, D),
w

where M(-,-) is a fitness function measuring network performance, and D is a random variable
representing a domain, with D?% and D'"*" representing the validation and training sets respectively,
and f is a neural network architecture. The performance of fw;_), as measured by M, reflects the
quality of the supervision provided by the candidate loss function £y on dataset D. During meta-
learning, the training set and validation set are not identically distributed: the validation set contains
clean labels, while the training set is assumed to have some form of label corruption. We use the
Covariance Matrix Adaptation Evolutionary Strategy (CMA-ES) (Hansen & Ostermeier, (1996) to
solve the upper layer problem, and standard stochastic gradient-based optimisation approaches to
solve the lower level problems. A general overview of our algorithm for solving the optimisation
problem in Equations|I]is described in Algorithm T}

2.1 CMA-ES FOR L0OSS FUNCTION LEARNING

We use CMA-ES to solve the upper optimisation problem, and any variant of stochastic gradient
descent for the lower problem. CMA-ES finds a Gaussian distribution defined over the search space
that places most of its mass on high quality solutions to the optimisation problem. One of the
benefits of using CMA-ES is that this algorithm does not require the performance measurement to be
differentiable, which means the learned loss function can be evaluated using informative metrics, such
as accuracy. Each generation consists of a set, ©, of loss functions obtained by sampling multiple
individuals from the parameter distribution, p(6; i, ) = N (i, 2). Each of the individuals, §; € ©,
is evaluated according to

N

1 .

Ep. f[M(fu,. D)) & = 3 M(FS), D) )
j=1

st. w; =arg min £91 (fu(Jj)7 l)éﬁjain)7

where fu()j ) and D; are different network architectures and datasets, respectively.
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Algorithm 1 Offline Taylor CMA-ES

1: Input: D, F, (0 50

2: Output: p(0; pu*, X*)

3:t=0

4: while not converged or reached max steps do

5. Sample © = {01,0,....0,} ~ p(0; V), £®)) # Sample losses for exploration
6: G=FxDx0O # Assign datasets and architectures to losses
7. s =zeros € R"

8:  forall (f*) D; 6,) € Gdo

9: (Dfraim, D;’“l) = split(D;) # Construct train/val splits
10: W =argmin, Ly, (f5), Direin) # Train the network
11: s; =s; + WllDIM( fu(ﬁ), DJ”»‘”) # Evaluate on validation data
12 end for

13: (pt) 20HDY = CMA-ES(p®, =(*) ©,s) # Update ;1 and ¥ according to CMA-ES
14: t=t+1
15: end while

2.2 TAYLOR POLYNOMIAL REPRESENTATION

The space of potential loss functions in which CMA-ES searches is a crucial design parameter. From
a practical point of view, we must limit ourselves to a space that can be parameterised by a small
number of values. However, this must be balanced with the ability to represent a wide enough variety
of functions that a good solution can be found. Moreover, by selecting a small space with a small
number of free parameters and well-understood nonlinear form, it becomes possible to transfer the
learned loss to new problems without having to retrain the network. The function space that we
choose is the Taylor series approximations of all S-smooth functions, £ : R™ — R,
°
Lx) =) Hvnz(xo)T(x —x0)". 3)
n=0

where each V" L(x) is the n-th order gradient of £ evaluated at a fixed point, xg. We make the
simplifying assumption that the loss function should be class-wise separable. That is, each potential
class is considered in isolation, and we learn a loss function that measures the divergence between
a noisy binary label and the probability predicted by the network. We then sum over the different

possible classes,
C

. 1 ) o
Lo(y.y) = c ;ﬁé’) (¥4, ¥i),

where ¥ and y are the vectors of predicted probabilities and (possibly noisy) ground-truth labels,
respectively. The result of performing the simplification is that the loss function can be used in a
variety of settings with different numbers of classes, and we can fix m = 2. We found that § = 4
is a good trade-off between modelling capacity and meta-training efficiency. Note that V"L (xq)
does not depend on x, meaning these values can be computed during a meta-training period before
regular training commences. As such, we can reinterpret the task of meta-learning £ as inferring

0 = {V"L(x0)}>_,. The resulting loss function is represented as
i)/ - 1 1. 1 .
»Cé)(Yiv}’i) = 0s(3; — o) + 593(}’1' —0p)* + 694(3’@' —0p)* + ﬂ95(yi — 0p)* 4)
. 1, . 1. .
+06(§i — 00)(yi — 01) + 597(}’1' —0o)(yi — 91)2 + §9S(Yi - 90)2(}’i —01)

1 1 . 1 "
+ 699(3’2‘ —00)*(yi — 01) + 6910(}’1‘ —00)(yi — 01) + 1911(}’1‘ —00)(yi — 01)*.

The fixed point where the gradients are evaluated is also left as a learned parameter, (6, 61 ). Note
that we have omitted terms where ¥ does not appear, as these do not impact the solution of the
optimisation problem. In total there are only 12 parameters to fit, which is considerably smaller than
the number of parameters found in a typical neural network paramaterized loss function (Li et al.|
2019; Bechtle et al., [2019; [Kirsch et al., [2020).
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2.3 GENERALISATION ACROSS ARCHITECTURES

To enable the learned loss function to generalise to different architectures, we extend the strategy
domain randomisation |Tobin et al.|(2017) to introduce the idea of evaluating the expected performance
across a range of architectures during meta-learning. Specifically, we use a set, F', of m architectures
containing a variety of common neural network designs. The total population for evolutionary
optimisation is then given by the Cartesian product F' x O. The fitness function can then be computed
as shown in Equation 2} where a mean is taken over all of the different architectures trained with the
same loss.

2.4 GENERALISATION ACROSS DATASETS

We also explore another method for improving the generality of the loss function. To enable a loss
function to be applied to an unseen dataset, the loss function should be exposed to several datasets
during training so as not to overfit to the prediction distributions encountered for a specific machine
learning problem. In our method a loss function sampled from the current target distribution is
deployed to train several models with the same architecture and initial weights, but on different
datasets. Similarly to architecture generalisation, we use a set of datasets ,D, and take the Cartesian
product, D x O, to generate a population to be evaluated. The performance of the loss functions is
evaluated by the mean performance of all the networks on their corresponding datasets.

In principle, one could perform both dataset and architecture randomisation simultaneously. However,
due to the implied three-way Cartesian product, we found this computationally infeasible.

2.5 NORMALISATION

We make use of a normalisation approach to prevent the learned loss functions from exhibiting an
arbitrary output range,

n f - f min

- Jmim 5

f ! f max — f min ( )
where fp,in, and fp,q, denotes the minimum and maximum and 7 is a hyperparameter deciding
the dynamic range of the loss function. Both f,,,;, and f;,4. are easily approximated by sampling
random points satisfying {(¥,y)|y: > 0,>°,¥: = 1;y; € {0,1},> ",y = 1}, which defines the
domain of the loss function.

3 EXPERIMENTS

In this section we evaluate our learned loss function on various noisy label learning tasks. In particular,
we aim to answer three questions: (Q1) Can we learn a robust loss function that generalises across
different datasets and architectures? (Q2) How well does our learned loss function generalise across
different noise levels? (Q3) Can our learned loss function scale to larger scale real-world noisy-label
tasks?

Datasets We use five datasets in our experiments: MNIST (LeCun & Cortes|, [2010), CIFAR-10,
CIFAR-100 (Krizhevsky, |2009), KMNIST (Clanuwat et al., [2018)), and ClothinglM (Xiao et al.,
2015). Clothing1M is a dataset containing 1 million clothing images in 14 classes: T-shirt, Shirt,
Knitwear, Chiffon, Sweater, Hoodie, Windbreaker, Jacket, Down Coat, Suit, Shawl, Dress, Vest, and
Underwear. The images are collected from shopping websites and the labels are generated from the
text surrounding images, thus providing a realistic noisy label setting.

Noise types For loss learning, we consider simulating two types of noise, symmetric noise and
asymmetric noise (pair-flip noise). Symmetric noisy labels are generated by uniformly flipping from
the positive label to a negative one, while asymmetric noisy labels are produced to simulate the more
realistic scenario where particular pairs of categories are more easily confused than others.

Architectures We train and evaluate our learned loss with a range of neural networks from very
shallow ones, including 2-layer MLP, 3-layer MLP, and 4-layer CNN, to deeper ones, such as VGG-
11 (Simonyan & Zisserman, 2015)) and Resnet-18 (He et al., 2016). We also use the medium-size
architecture considered in (Wei et al., |2020), which we term JoCoR-Net (see Appendix for
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Table 1: Accuracy (%) of different robust learning strategies. 80 % symmetric noise condition. Our
loss trained under architecture randomization (AR) and dataset randomization (DR) conditions.

Architecture type | 2layer MLP | 4layer CNN vggll vggll Resnet18 Resnet18 Avg Rank
dataset MNIST MNIST Cifar10 Cifar100 Cifar10 Cifar100

CE 22.10+0.68 | 28.484+0.35 | 18.38+0.21 | 4.254+0.28 | 18.44+0.34 | 8.86+0.10 5.67
GCE 40.57£0.43 | 9.80+£0.58 16.56+0.54 | 1.04£0.47 | 31.69+0.36 | 11.98+0.18 5.83
SCE 31.23+£0.70 | 28.53+1.02 | 28.614+0.64 | 2.31+£0.80 | 45.34+0.40 | 8.16+0.07 4.66
FwW 54.01£0.89 | 80.34+1.21 | 16.97+0.44 | 1.41+0.07 | 10.15£0.68 | 1.16+0.04 5.83
Bootstrap 23.46+1.31 | 28.78+1.03 | 17.58+0.82 | 4.184+0.72 | 12.10+£0.32 | 8.67£0.61 6.17
MAE 85.40+3.39 | 78.70£11.49 | 14.20+£0.42 | 1.01+0.11 | 22.95£1.25 | 0.82+0.17 6.00
Label-smooth 2431£1.25 | 27.02+0.48 | 17.74+£0.46 | 4.47+0.12 | 17.67£0.35 | 7.66+£1.52 6.17
Taylor Loss (AR) | 34.27+0.34 | 37.08+0.44 | 41.36+0.47 | 5.63+0.24 | 29.50+0.30 | 14.94+0.26 2.66
Taylor Loss (DR) | 48.57+0.11 | 85.31+0.12 | 31.124+0.23 | 5.04+0.14 | 35.23+0.23 | 13.361+0.63 2.00

Table 2: Accuracy (%) of different robust learning strategies. 40 % asymmetric noise condition. Our
loss trained under architecture randomization (AR) and dataset randomization (DR) conditions.

Architecture type | 2layer MLP | 4layer CNN vggll vggll Resnet18 Resnet18 Avg.Rank
dataset MNIST MNIST Cifar10 Cifar100 Cifar10 Cifar100

CE 78.73£1.16 | 84.01+0.34 | 56.43+0.12 | 30.20+0.18 | 58.694+0.43 | 44.14+£0.15 4.16
GCE 81.94+1.22 | 9.804+0.10 | 56.42+0.54 | 22.394+0.35 | 57.90+0.31 | 40.76+0.24 6.00
SCE 79.87£0.78 | 84.09+0.62 | 78.23+0.55 | 25.33+£0.73 | 63.224+0.22 | 40.90+0.37 3.33
FW 90.14£0.67 | 69.98+0.49 | 54.42+0.79 | 5.21£0.39 | 48.40+0.08 | 3.83+0.23 6.83
Bootstrap 78.31£2.34 | 83.68+1.27 | 57.69+0.11 | 31.07£1.09 | 57.694+0.76 | 45.78+0.15 433
MAE 71.61£4.50 | 69.91+0.49 | 49.06+0.22 | 0.96+0.10 | 55.67+3.05 | 1.02+0.14 8.33
Label-smooth 59.66£1.16 | 68.14+0.61 | 57.76+0.37 | 20.64+0.18 | 59.694+0.36 | 39.92+0.49 6.17
Taylor Loss (AR) | 97.16+0.20 | 96.88+0.66 | 74.30+£0.20 | 22.5040.33 | 86.70+0.12 | 44.47+0.48 2.00
Taylor Loss (DR) | 85.77+0.33 | 93.47+0.28 | 79.09+0.51 | 18.304+0.27 | 68.88+0.41 | 31.47+0.65 3.67

details). For a fair comparison, we train 2-layer MLP, 3-layer MLP, and 4-layer CNN with SGD
optimiser and set the learning rate to 0.01 and momentum to 0.9. For the training of JoCor-Net, we
apply the Adam optimiser (Kingma & Bal 2015) and the learning rate is set to 0.001. When training
Resnet-18 and VGG-11, we follow the training protocol in (Zhang et al.,2019).

Competitors We compare our learned loss functions with the standard cross-entropy (CE) baseline,
as well as several strong alternative losses hand-designed for label-noise robustness: MAE: Mean
Absolute Error was theoretically shown to be robust in|Ghosh et al.|(2017). GCE:|Zhang & Sabuncu
(2018) analysed MAE as hard to train, and proposed generalised cross-entropy to provide the best
of CE and MAE; FW: (Patrini et al., |2017) iteratively estimates the label noise transfer matrix,
and trains the model corrected by the label noise estimate; SCE: |Wang et al|(2019) argued that
symmetrizing cross-entropy by adding reverse cross-entropy (RCE) improves label-noise robustness;
Bootstrap: A classic method of replacing the noisy labels in training by the convex combination of
the prediction and the given labels (Reed et al.,[2015). LSR: Label-smoothing is an effective general
purpose regularizer (Pereyra et al., [ 2017; |Szegedy et al., [2016} Miiller et al.,2019) whose properties
in promoting noise robustness have been studied (Wang et al.,[2019).

3.1 TRAINING A GENERAL-PURPOSE ROBUST LOSS FUNCTION

Experimental setup We consider two domain generalisation protocols for training a general
purpose loss function, namely architecture and dataset generalisation. In architecture generalisation,
we build a pool of training architectures including 2-layer MLP, 3-layer MLP, and 4-layer CNN and
solely use MNIST as the training set. In dataset generalisation, we solely use the 4-layer CNN as
the backbone build a dataset pool from MNIST, KMNIST, and CIFAR-10. We also consider two
label-noise conditions during meta-learning: symmetric label noise with 80% noise, and asymmetric
label noise with 40% noise. Losses are trained under each domain generalisation protocol, and each
noise distribution, using the normalisation trick introduced in Section After loss function learning
we deploy the losses to train fresh models from scratch on a suite of evaluation tasks. For evaluation,
we compare the accuracy at convergence, and summarise via the average ranks of each methods
across different datasets and architectures (Demsar, [2006).
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Table 3: Test accuracy (%) of robust learners on Clothing1M with ResNet18. *JoCoR is a multi-
network co-distillation training framework. The others are simple plug-in robust losses.
CE Bootstrap GCE Fw SCE JoCoR* Talyor (AR-A40) Taylor (DR-A40) Taylor (AR-S80) Taylor (DR-S80)
66.88 6728 6663 6833 67.63 69.79 69.14 70.09 68.85 69.34

Figure 2: t-SNE visualisation of penultimate layer Resnet18 features after learning on CIFAR-10
with 40% symmetric label noise. Left: model trained by CE. Middle: model trained by FW. Right:
model trained by Our learned loss.

Benchmark Results The results for symmetric and asymmetric noise are shown in Table [T]and 2]
respectively. From the results, we can see that our learned losses perform favourably compared to
hand-designed alternatives across a variety of benchmarks, with our learned loss providing a higher
average rank than competitors in both experiments. However, there is no clear winner between
architecture (AR) and dataset (DR) condition for meta-learning. We conjecture that best performance
would be obtained by performing these simultaneously, but as this experiment is computationally
costly, we leave this to future work. Note that during deployment, all methods have a similar
computational cost, except for FW which requires training the network twice for noise estimation.

Real-world ClothinglM results The previous experiment reported performance of the learned
model after training on manually corrupted labels. In this section, we follow the setting for Resent-18
described in |Wei et al.| (2020) to apply our learned loss to the real-world Clothing 1M noisy-label
benchmark. As a real-world noisy-label problem we apply our model from the asymmetric-40%
condition above. Note that neither Clothing] M, nor ResNet-18 were seen during meta-learning,
above. We train with Adam optimiser with learning rate 8 x 1074, 5 x 104, 5 x 10~ for 5 epochs
each in a sequence. We report the mean accuracy of each model after ten trials in Table[3] Among the
competitors, JOCoR is the state art method in the broader range of noise robust learners. It uses a
complex co-distillation scheme with multiple network branches, while the other listed competitors
and ours are simple plug-in robust losses applied to vanilla ResNet training. Nevertheless, our method
obtains the highest performance.

3.2 ADDITIONAL ANALYSIS

Generalisation across noise-levels We trained our main losses on high levels of label noise (80%-
symmetric, 40%-asymmetric) as detailed previously, conjecturing that training on a difficult task
would be sufficient for generalisation to other tasks with diverse noise conditions, as shown on
Clothing IM. To evaluate this more systematically, we apply our 80%-symmetric loss on problems
with a range of noise levels. From the results in Figure [3| we can see that our loss does tend to provide
competitive performance across a range of operating points.

Qualitative analysis of representations We visualise the feature representation learned by our
loss when applied to CIFAR-10 under 40% symmetric label noise in Figure 2] We can see that
conventional CE applied on noisy labels leads to a very mixed distribution of instances, while our
loss leads to quite cleanly separable clusters despite the intense degree of label noise.

Dataset-specific loss learning Our main goal in this paper has been to learn a general purpose
robust loss. In this section we examine an alternative use case of applying our framework to train a
dataset-specific robust loss, in which case better performance could be achieved by customising the
loss for the target problem. To achieve this, we now additionally assume a clean subset of data for
the target problem is available (unlike the previous experiments, but similarly to several alternative
methods in this area (Wei et al., 2020)) in order to drive loss learning. For this experiment we focus
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Figure 3: Generalisation of learned loss to varying noise-levels. Left: 2MLP-MNIST, Middle:
4CNN-MNIST, Right: VGG11-CIFARI10.

Table 4: Accuracy (%) of different robust learners. JoCoR net medium-sized CNN used throughout.
Taylor Loss is trained specifically for the target problem.
| Noise Type | CE (ours) | CE (JoCoR) | GCE | SCE | FW | Bootstrap | JoCoR | Ours

Sym-20% | 81.21£0.53 | 79.56+0.44 | 97.6440.65 | 89.50+0.44 | 96.8540.67 | 76.18+£0.98 | 98.061+0.04 | 97.90+0.12
Sym-50% | 59.51£0.70 | 52.66+0.43 | 94.144+1.32 | 67.38+0.53 | 94.254+0.43 | 51.53£1.56 | 96.6440.12 | 96.71+0.21
Sym-80% | 22.43+1.21 | 23.43+0.31 | 40.574+0.72 | 31.23+0.89 | 54.0141.82 | 23.46+0.46 | 84.894+4.55 | 89.88+0.34
Asy-40% | 78.73+1.16 | 79.00+£0.28 | 81.94£1.22 | 79.87+0.78 | 90.144+0.67 | 78.314+2.34 | 95.24+0.10 | 97.38+0.17

Symm-20% | 39.1940.58 | 35.14+0.44 | 34.66+0.76 | 35.0940.50 | 38.18£0.76 | 3.53+0.18 | 53.01£0.04 | 51.3440.10
Symm-50% | 19.50+0.43 | 16.97+0.40 | 10.29+0.53 | 18.544+0.29 | 3.254+0.15 | 18.361+0.63 | 43.49+£0.46 | 42.184+0.27
Symm-80% | 5.56+0.24 | 4.41+0.14 2.03+0.36 | 5.75+£0.39 | 6.124+0.27 | 2.33+0.13 | 15.49+0.98 | 20.20+0.42
Asym-40% | 30.16+0.44 | 27.294+0.25 | 1.324+0.23 | 27.07+0.42 | 4.23+0.51 | 31.724+0.74 | 32.70£0.35 | 36.01+0.39

TFAR-100| MNIST

~
L

on comparison with JoCoR (Wei et al.,|2020), since this is the current state-of-the-art model, and
in their experiments medium sides networks are applied. We use the same medium sized CNN
architecture as JoCoR for fair comparison, and train our loss to optimize the validation performance.
From the results in Table 4] we can see that our method provides comparable or better performance
than state of the art competitor JoCoR. However, this is now at significantly greater cost since the
cost of data-specific loss training is not amortizable over multiple tasks as before.

Qualitative Analysis and Intuition of Learned Loss To gain some intuition about our loss func-
tions’ efficacy, we compare popular standard and robust losses in Figure[I] Comparing our robust
loss, and comparison with the alternatives, we conjecture that there are two properties that impact
label-noise robustness in practice: Feedback in response to perceived major prediction errors by the
network, and the location of the minima where network predictions maximally satisfy the loss. In
the case of a noisy labelled example that the network actually classifies correctly, (e.g., Y¢rue = 1,
Yiabel = 0, Yprea =~ 1), conventional CE aggressively “corrects” the network by reporting exponen-
tially large loss. This aggressive feedback can lead to fast training on clean data, but overfitting in
noisy data (Zhang & Sabuncu, 2018)). Existing robust alternatives MAE (Ghosh et al.| 2017) and
GCE (Zhang & Sabuncu, 2018)) are explicitly motivated by softening this aggressive “correction”
compared to CE. Although not explicitly motivated by this, SCE also softens the feedback as shown
in the figure. Meanwhile in terms of the minima that best satisfies the loss, conventional CE, as
well as SCE, GCE and MAE lead to maximally confident predictions (minima at 0 or 1); which, if
applied to a noisy label, leads to overfitting. In contrast, label smoothing (Pereyra et al.l 2017; Wang
et al.L[2019) improves robustness by inducing softer minima at [0 4 €, 1 — €] compared to the others’
[0, 1]. However, LS issues the same aggressive correction of large errors as CE, and thus suffers from
this accordingly. Only our Taylor loss has learned to exploit both these strategies of less aggressive
“corrections” and softer targets.

4 RELATED WORK

Label Noise Learning with label noise is now a large research area due to its practical importance.
Song et al.|(2020) present a detailed survey explaining the variety of approaches previously studied
including designing noise robust neural network architectures (Chen & Gupta, 2015), regularisers
such as label-smoothing (Szegedy et al., 2016 [Pereyra et al., | 2017), sample selection methods that
attempt to filter out noisy samples — often by co-teaching or student teacher learning with multiple
neural networks (Jiang et al.l 2018 [Han et al., 2018; [Wei et al.l |2020), various meta-learning
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approaches that often aim to down-weight noisy samples using meta-gradients from a validation set
(Ren et al.l 2018 [Shu et al., [2019), and robust loss design. Among these families of approaches,
we are motivated to focus on robust loss design due to simplicity and general applicability — we
wish to use standard architectures and standard learning algorithms. Major robust losses include
MAE, shown to be theoretically robust in|Ghosh et al.|(2017)), but hard to train in|Zhang & Sabuncu
(2018); GCE which attempts to be robust yet easy to train (Zhang & Sabuncul 2018), and symmetric
cross-entropy (Wang et al.| 2019)). These losses are all hand-designed based on various motivations.
Instead we take a data-driven AutoML approach and search for the a robust loss function. This
draws upon meta-learning techniques but, differently from existing meta-robustness work, focuses on
general-purpose white box loss discovery. Incidentally, we note that our resulting Taylor loss covers
all six desiderata for noise-robust learning outlined in|Song et al.| (2020).

Meta-learning and Loss Learning Meta-learning, also known as learning to learn, has been
applied for a wide variety of purposes as summarized in [Hospedales et al.[| (2020). Of particular
relevance is meta-learning of loss functions, which has been studied for various purposes including
providing differentiable surrogates of non-differentiable objectives (Huang et al.l 2019), optimizing
efficiency and asymptotic performance of learning (Jenni & Favaro| 2018} Bechtle et al.| 2019
Houthooft et al., 2018 [Wu et al.l 2018} |Gonzalez & Miikkulainen, [2019; 2020), and improving
robustness to train/test domain-shift (Balaji et al., 2018 ILi et al., 2019). We are particularly interested
in learning white-box losses for efficiency and improved task-transferability compared to neural
network alternatives (Bechtle et al.,[2019; Houthooft et al., 2018} Balaji et al.,[2018 L1 et al., 2019).
Meta-learning of white-box learner components has been demonstrated for optimizers (Wichrowska
et al.,|2017), activation functions (Ramachandran et al., 2018]) and losses for accelerating conventional
supervised learning |Gonzalez & Miikkulainen| (2019} 2020). We are the first to demonstrate the value
of automatic loss function discovery for general purpose label-noise robust learning.

5 CONCLUSION

In this work, we leverage CMA-ES to discover novel loss functions in the defined Taylor series func-
tion space. A framework is developed and enriched with two variations to enable the transferability
and the generality of the loss function. In order to demonstrate the efficiency of the learned loss
function, we deploy them on to a variance of tasks where the dataset and architecture are different
to where it is trained and compete with recent works show the strength of our method empirically.
In addition, we show that the proposed method is also able to produce well-behaved models trained
with noisy data and these models outperform state-of-the-art models on a range of tasks.
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A APPENDIX

Al

EXPERIMENT DATASET

Table 5: The datasets used in the experiments.

number of training | number of test | number of class | image size
MNIST 60,000 10,000 10 28 x 28
KMNIST 60,000 10,000 10 28 x 28
CIFAR-10 50,000 10,000 10 32 x 32
CIFAR-100 50,000 10,000 100 32 x 32
ClothingIM 1,000,000 10,000 14 224 x 224

A.2 TAYLOR POLYNOMIAL

The 4" order taylor series:
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A.3 ARCHITECTURE OF NEURAL NETWORKS

The network architectures of the MLP and CNN models used in the experiments part.

Table 6: The architectures used in the experiments

2-Layer MLP

3-Layer MLP

4-Layer CNN

| JoCoR-Net

28 x 28 Gray Image

28 x 28 Gray Image

32 x 32 RGB Image

| 32 x 32 RGB Image

FC 28 x 28 — 256, ReLU

FC 28 x 28 — 256, ReLU

FC256 — 256, ReLU

5 x 9,32, ReLU

5 x 5, 64, ReLU

FC 1024 — 1024, ReLU

3 x 3, 64 BN, ReLU
3 x 3,64 BN, ReLU
2 x 2 Max-pool

3 x 3, 128 BN, ReLU
3 x 3, 128 BN, ReLU
2 x 2 Max-pool

3 x 3, 196 BN, ReLU
3 X 3,196 BN, ReLU

8 x 8 Avg-pool

FC 256 — 10

FC 256 — 10

FC 1024 — 10

FC 196 — 100
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