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Abstract

Multi-task learning (MTL) considers learning
a joint model for multiple tasks by optimizing a
convex combination of all task losses. To solve
the optimization problem, existing methods use
an adaptive weight updating scheme, where task
weights are dynamically adjusted based on their
respective losses to prioritize difficult tasks. How-
ever, these algorithms face a great challenge when-
ever label noise is present, in which case excessive
weights tend to be assigned to noisy tasks that
have relatively large Bayes optimal errors, thereby
overshadowing other tasks and causing perfor-
mance to drop across the board. To overcome this
limitation, we propose Multi-Task Learning with
Excess Risks (ExcessMTL), an excess risk-based
task balancing method that updates the task
weights by their distances to convergence instead.
Intuitively, ExcessMTL assigns higher weights to
worse-trained tasks that are further from conver-
gence. To estimate the excess risks, we develop an
efficient and accurate method with Taylor approxi-
mation. Theoretically, we show that our proposed
algorithm achieves convergence guarantees and
Pareto stationarity. Empirically, we evaluate
our algorithm on various MTL benchmarks
and demonstrate its superior performance over
existing methods in the presence of label noise.

1. Introduction

Multi-task learning (MTL) aims to train a single model to
perform multiple related tasks (Caruana, 1997). Due to
the nature of learning multiple tasks simultaneously, the
problem is often tackled by aggregating multiple objectives
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into a scalar one via a convex combination. Despite various
efforts to achieve more balanced training, a crucial aspect
that often remains overlooked is robustness to label noise.
Label noise is ubiquitous in real-world MTL problems as
the tasks are drawn from diverse sources, introducing varia-
tions in data quality (Hsieh & Tseng, 2021; Burgert et al.,
2022). The presence of label noise can negatively impact
the performance of all tasks trained jointly, leading to sub-
optimal performance across the board. Addressing this issue
is essential for the robust and reliable deployment of MTL
models in real-world scenarios.

In this work, we study label noise in MTL by delving into a
practical scenario where one or more tasks are contaminated
by label noise due to the heterogeneity of data collection
processes. Under label noise, scalarization (static weighted
combination) is not robust because it overlooks the dataset
quality. In fact, scalarization is prone to overfitting to a
subset of tasks so that it cannot achieve a balanced solution
among tasks, especially for under-parametrized models (Hu
et al., 2023). Similarly, existing adaptive weight updating
methods are vulnerable to label noise. These methods aim
at prioritizing difficult tasks during training, and the diffi-
culty is typically measured by the magnitude of each task
loss (Chen et al., 2018; Liu et al., 2019; Sagawa et al., 2020;
Liu et al., 2021¢). Namely, they assign higher weights to the
tasks with higher losses. However, the high loss may stem
from label noise rather than insufficient training. For in-
stance, if a task has noise in labels, its loss will be high, yet
it provides no informative signal for the learning process.

To address this challenge, we propose Multi-Task Learn-
ing with Excess Risks (ExcessMTL), which is robust to
label noise while retaining the benefit of prioritizing worse-
trained tasks. It dynamically adjusts the task weights based
on their distance to convergence. Specifically, we define
the distance to be excess risks, which measure the gap of
loss between the current model and the optimal model in the
hypothesis class. In the presence of different noise levels
among tasks, the converged task-specific losses are likely to
differ and are not guaranteed to be low. On the other hand,
with proper training, excess risks for all tasks will approach
0. Thus, excess risks provide the true improvement ceiling
achievable through model training or refinement, making
it naturally robust to label noise by definition. The advan-
tage of excess risks over losses as a difficulty measure is
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Figure 1. Conceptual comparison between ExcessMTL and loss
weighting methods. The figure shows a two-task MTL setting,
where Task 1 contains label noise, while Task 2 does not. Thus, the
Bayes optimal loss (dashed line) for Task 1 is non-zero. The curve
represents the Pareto front, i.e., all points on the curve are Pareto
optimal. Loss weighting methods aim to find the solution with
equal losses for two tasks, severely sacrificing the performance
of Task 2. On the other hand, ExcessMTL finds the solution with
equal excess risks, striking a better balance between the two tasks.

demonstrated in Figure 1. Since the optimal loss is usually
intractable to compute, we propose an efficient method to
estimate excess risks via Taylor approximation.

At a high level, ExcessMTL iteratively executes the follow-
ing steps until convergence: i) estimate excess risk for each
task, ii) update task weights based on their respective excess
risks, iii) perform a gradient update using the weighted sum
of losses. The ability to identify the convergence distance
leads to robustness in the presence of label noise. Even if
one or multiple tasks are highly corrupted by label noise,
the overall performance will not be compromised.

Theoretically, we derive convergence guarantees for our
algorithm and establish connections with multi-objective
optimization, proving that the solutions of ExcessMTL are
Pareto stationary. Empirically, we evaluate our method
on various MTL benchmarks, showing that it outperforms
existing adaptive weighting methods in the presence of label
noise, even in cases of extreme noise in one or a few tasks.
Our results highlight the robustness of excess risk-based
weighting methods, especially when label noise is a concern.

2. Preliminaries
2.1. Excess Risks

Consider predicting the label y € Y from the input data
r € X. Let the data be drawn from some distribution P.
Given a loss function ¢, the risk (or expected loss) of a
model 6 from the model family © is given by

The risk can be further decomposed as follows

e(0) =¢e(0) — () +(bs) —(6) + (67) ,
——

Estimation error Approximation error  Bayes error

Excess risk(€)

where 05 = argmingcg E(, )~p[l(0;(2,y))] is the
optimal model in the model family © and 0* =
argming E¢, v~ p[€(6; (x,y))] is the optimal model in any
model family. The combination of estimation error and
approximation error is the excess risk, denoted as £. When
the function class F is expressive enough, the approxima-
tion error approaches 0. The Bayes error is irreducible due
to the stochasticity in the data generating process (e.g., label
noise). For instance, if the data generating process is non-
deterministic, one data point can have non-zero probability
of belonging to multiple classes. This is an inherent property
of a dataset, where high label noise leads to high Bayes error.
On the other hand, the excess risk captures the difference
between the risks of the model and the Bayes optimal model,
effectively removing the influence of label noise. Therefore,
it can be viewed as a measure of distance to optimality.

The above decomposition of risk highlights that it is not
an appropriate criterion for evaluating model performance
because it incorporates the irreducible error, which heavily
depends on the noise level in the dataset. Since we typically
do not have control over the dataset quality, excess risk is
a more robust measure of model performance, particularly
in the presence of label noise. It allows us to focus on the
part of risk that can be improved through model learning
and optimization, making it a reliable metric for assessing
the effectiveness of models.

2.2. Multi-task Learning

In MTL, m > 2 tasks are given. We use a; to represent
the weight of the ith task and A,, to denote the (m — 1)-
dimensional probability simplex. We study the setting of
hard parameter sharing, where a subset of model parameters
(6sp) is shared across all tasks, while other parameters (6;)
are task-specific. The goal of MTL is to find the parameter
0y, and 6; that minimizes a convex combination of all task-
specific losses (¢;)

min Y aili(Osn, 0i), ey
=1

Osh,01,-0m

where «; € A,,,. The weights can be either static (Liu et al.,
2021a; Yu et al., 2020) or dynamically computed (Chen
et al., 2018; Liu et al., 2019; 2021c; Navon et al., 2022).

Despite the wide usage of the weighted combination scheme,
it is difficult to define optimality under the MTL setting
because a model may work well on some tasks, but perform
poorly on others. For more rigorous optimality analysis,
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MTL can be formulated as a multi-objective optimization
problem (Sener & Koltun, 2018; Zhou et al., 2022), where
two models can be compared by Pareto dominance.

Definition 2.1 (Pareto dominance). Let L(6) = {¢;(6) :
i € [m]} be a set of loss functions. For two parameter
vectors 01 and 0y, if ¢;(61) < £;(02) for all i € [m] and
L(61) # L(62), we say that §; Pareto dominates 02 with
the notation 61 < 6.

The goal of multi-task learning as multi-objective optimiza-
tion is to achieve Pareto optimality.

Definition 2.2 (Pareto optimal). A parameter vector 6*
is Pareto optimal if there exists no parameter 6 such that
6 =< 0"

There may exist multiple Pareto optimal solutions and they
consist the Pareto set. A weaker condition is called Pareto
stationary and all Pareto optimal points are Pareto stationary.

Definition 2.3 (Pareto stationary). A parameter 6 is called
Pareto stationary if there exists « € A,, such that

3. Multi-Task Learning with Excess Risks

We now introduce our main algorithm. In Section 3.1, we
begin by identifying a key limitation of previous MTL algo-
rithms and outlining our objectives. In Section 3.2, we pro-
vide a detailed description of the algorithm. In Section 3.3,
we make a conceptual comparison between our proposed
algorithm with existing task weighting methods. Finally, in
Section 3.4, we present a theoretical analysis of the conver-
gence guarantee and Pareto stationarity of our algorithm.

3.1. Motivations and Objectives

Prior works have demonstrated that effective multi-task
learning requires task balancing, i.e., tasks that the cur-
rent model performs poorly on should be assigned higher
weights during training (Guo et al., 2018; Kendall et al.,
2018). One popular method is loss balancing, which as-
signs high weights to the tasks with high losses, in the hope
of prioritizing difficult tasks and making the training more
balanced. However, we argue that task-specific loss is not
a good criterion for task difficulty, as it not only consid-
ers model training, but is also subject to the quality of the
dataset, which we may not have prior knowledge about. For
instance, the high loss may not necessarily stem from in-
sufficient training, but from high label noise. In that case,
assigning high weights to the noisy tasks can hurt the multi-
task performance across the board.

To address this problem, we propose to use excess risks to
weigh the tasks because it measures the true performance
gap that can be closed by model training. We hope to assign

Algorithm 1 ExcessMTL
Input: Step size 7, 79, number of total tasks m
Initialize 6} and 6" for all i € [m], a® =

(1/m,---,1/m]
fort=1,2--- do
fort=1,--- ,mdo

Compute gradient g(t) =V E(t)(Hsh, 0;)

Compute excess rislés with Eq} é and Eq. 7
. T ™ /2
&0 = aing (007 ) !
Update weights al(-tﬂ) = ozz(-t) exp (naéi(t))
Update task-specific parameters
08— 00 — gV, 07 (B, 0:)
end for
Normalize az(tﬂ) — aEtH)/ > ay’ﬂ) for all ¢
Update shared parameters
A o) 1y, 0
end for

@m (Osn, 0;)

sh

high weights to tasks with high excess risks such that all
tasks converge at similar rates. To achieve this goal, we
solve the min-max problem

min  max &;(Osp,0;), 2

Osn,01,-0m i€[m]

where &; is the excess risk of the ith task.

3.2. Algorithm

We present our algorithm in Algorithm 1, which consists of
three main components: excess risk estimation, multiplica-
tive weight update, and scale processing.

Excess risks estimation. For the ease of presentation, we
overload the expression 6; as a combination of 0, and 6, for
task 7. In the computation of excess risks, the Bayes optimal
loss is generally intractable to compute exactly, so we pro-
pose to use a local approximation instead. Specifically, we

use the second-order Taylor expansion of the task-specific

loss ¢; at the current parameter 95”

() = £:;(0) + (0 — 6)Tg!"

1 /
+560 -0 H (0 0") + 0|0 - 0 [3), 3)
where gEt) is the gradient and H i(t) is the Hessian matrix of

l; at 0?). Plugging the locally optimal parameter ¢ in Eq.
3, we can estimate the excess risk as

E(0) ~ 4:(0") — £,(67)
1
~0 = 0) g — 50 — 60 TH (6 —67). @)
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To obtain the difference between 91@ and 07, we use the fact
that 7 is locally optimal,

Vo:bi(0]) ~ g\ + H (07 — 01V) = 0
-1
— 0" —or~ HD g )

Plugging Eq. 5 into Eq. 4 and assuming the second-order
partial derivative is continuous, we have

L T

-1
&)~ 59 HY g, ©)

The factor 1/2 can be dropped for simplicity. However,
the computation of the Hessian matrix is generally in-
tractable, so we use the diagonal approximation of empirical
Fisher (Amari, 1998) to estimate it, which computes a diag-
onal matrix through the accumulation of outer products of
historical gradients. This approach has shown to be useful
in various practical settings (Duchi et al., 2011; Kingma &
Ba, 2015). Specifically, let gzm be the gradient of the ith

task with respect to the model parameter F)zm at time step T,
the approximate Hessian at time step ¢ for the ith task is

t - 1/2
HY ~ diag (Zgﬁ’gz@ ) , )

T=1

where diag(-) is a diagonal matrix. The estimation is effi-
cient as the computational complexity is O(d), where d is
the dimension of parameters.

Multiplicative weight update. After estimating the ex-
cess risks, we update the task weights accordingly. As the
gradients contain stochastic factors during the training, this
online learning process calls for the stability of « for al-
gorithmic convergence (Hazan et al., 2016). The one-hot
solution in Equation (8) suffers from fluctuation and cannot
be directly applied. Following the framework of online mir-
ror descent with entropy regularization that formulates KL
divergence as Bregman divergence (Hazan et al., 2016), we
smooth out the hard choice of a single task with a weight
vector a € A,,,, so problem 2 can be reformulated as

min  max ;Ei(Osn, 0;). ®)

Osn,01, 0 a€Ay, £
i=1

Here we find the task weights o*) by

m

1

ol = argmax Y a,&;(6%),0/”) — —KL(afa'),
acA, =1 Na

which can easily be proven as equivalent to
(t+1) o, exp (770451'(9&), 0§t))>
YT o o)
Syl exp (a5 (05).01"))

©))

where 7, is the step size for weight update. Note that this
update can be viewed as an exponentiated gradient (Kivi-
nen & Warmuth, 1997) step on the convex combination
of excess risks. Based on the updated task weights, we
compute the loss by taking a convex combination of each
task-specific loss and backpropagating the gradient. Multi-
plicative weight update provides stability in training and we
show the convergence guarantees in Section 3.4.

Scale processing. Similar to loss and gradient, the excess
risk is also sensitive to the scale of tasks. The issue can man-
ifest in two scenarios. The first one is when the type of loss
is the same across all tasks, but the input data for each task
varies in magnitude. A simple solution is to standardize all
input data such that they have zero mean and unit variance.
The second case is when the tasks employ different losses.
For instance, the cosine loss has a maximum value of 1,
while the squared loss can be unbounded. To ensure a fair
comparison among tasks with varying losses, we propose
to compute the relative excess risks. We adopt a similar
method from Chen et al. (2018) to normalize excess risks
by dividing the current value by the initial value, ensuring a
range from O to 1.

3.3. Conceptual Comparison

In this section, we discuss the relationships and distinctions
between our approach and prior task-balancing methods
conceptually. We demonstrate the limitations of previous
methods, especially in the presence of label noise. Empirical
verification of the arguments is presented in Section 4.3.

GradNorm (Chen et al., 2018) enforces similar gradient
norms and training rates across all tasks. The training rate
is defined as the ratio of the current and the initial loss. It
tends to favor tasks with small gradient norms, overlooking
inherent scale differences in task gradients. In the face of
label noise, noisy tasks inevitably exhibit a slow training
rate due to their high losses. However, GradNorm treats this
as insufficient training and assigns high weights to the noisy
tasks. Additionally, the task weights require additional gra-
dient updates as they are learnable parameters in GradNorm,
whereas our algorithm does not.

MGDA (Sener & Koltun, 2018) formulates multi-task learn-
ing as multi-objective optimization. They solve it by using
the classical multiple gradient descent algorithm (Mukai,
1980; Fliege & Svaiter, 2000; Désidéri, 2012), which finds
the minimum norm within the convex hull of task gradients.
It also tends to favor tasks with small gradient magnitudes
due to the nature of the Frank-Wofle algorithm it employs.
Consider two tasks with gradients ||g1]]2 > [/g2||2 where
the projection of g; on g has a larger norm than gs. In
this case, MGDA will concentrate all weights on task 2.
This observation holds in general beyond the two-task ex-
ample. As the loss landscape of a noisy task tends to be
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flatter, its gradient magnitude will be smaller, thus favored
by MGDA. Moreover, the Frank-Wofle algorithm requires
pairwise computation among all tasks, which is prohibitive
under large number of tasks.

GroupDRO (Sagawa et al., 2020) is initially designed to
address the problem of subpopulation shift and has since
been extended to multi-task learning (Michel et al., 2021).
It aims to optimize the worst task loss by assigning high
weights to tasks with high losses. However, in the pres-
ence of label noise, tasks with high noise levels will exhibit
persistently high losses, which leads GroupDRO to assign
excessive weight to those tasks, thereby ignoring the other
tasks and causing an overall performance decline.

IMTL (Liu et al., 2021c) achieves impartial learning by re-
quiring the gradient update to have equal projection on each
task. In a two-task scenario, this is equivalent to finding the
angle bisector for the task-specific gradients, meaning that
regardless of the gradient magnitude, each task exerts an
equal influence on determining the final gradient direction.
However, when confronted with label noise, the noisy gra-
dient can substantially distort the final gradient direction,
damping or even misguiding the training.

3.4. Theoretical Analysis

To validate the theoretical soundness of Algorithm 1, we ana-
lyze its convergence property. Algorithm 1 takes inspiration
from the online mirror descent algorithm (Nemirovskij &
Yudin, 1983), where the update of parameter 6 and weights
« corresponds to online gradient descent and online expo-
nentiated gradient respectively. With established results (Ne-
mirovski et al., 2009) in the online learning literature, we
show that Algorithm 1 converges at the rate O(1/+/%).

Theorem 3.1 (Convergence). Suppose (i) each task-specific
loss £; is L-Lipschitz, (ii) ¢; is convex on the model param-
eter 0, (iii) {; bounded by By and (iv) ||0||2 is bounded by
By. At time step t, let 01 = % Zizl (7). then

li (t)g 1t) ] *mmaréliﬁzal ;

) (10)

\/ 0(B2L? +B2 logm)

where m is the number of tasks.

With the convergence analysis, we further deduce that the so-
Iution of Algorithm 1 is Pareto optimal in the convex setting.

Corollary 3.2 (Pareto Optimality). Under the same condi-
tions as Theorem 3.1, using the weights o output by Algo-

rithm 1, we have

m

Zae 61)) —iai&(H
i=1

272 2
§2m\/m(BeL 4;34 logm)’

(1)

where 0* is the Pareto optimal solution, i.e., 0% =
argming > .- a;&(0).

This condition is the same as Definition 2.2 because the
weights o are positive, so any Pareto improvement over 6*
would increase the sum. The proof is in Appendix A. For
non-convex cases, we next provide a stationary analysis.

Theorem 3.3 (Pareto Stationarity). Suppose each task-
specific loss {; is (i) L-Lipschitz (ii) G-Smooth and (iii)
bounded by By. At time step t, using the weights o output
by Algorithm 1, we have

2

yeeey

2
(12)
where m is the number of tasks.

This shows that Algorithm 1 converges to a Pareto stationary
point with the rate O(1/t'/*), matching the rate for single-
objective SGD (Drori & Shamir, 2020). We also empirically
show that the algorithm performs well under the non-convex
setting in Section 4. The proof is in Appendix B.

4. Experiments

The experiments aim to investigate the following questions
under different levels of noise injection: i) Does label noise
significantly harm MTL performance? ii) Does ExcessMTL
perform consistently with its theoretical properties? iii) In
presence of label noise, does ExcessMTL maintain high
overall performance? iv) If so, is this achieved by appropri-
ately assigning weights to the noisy tasks? In the subsequent
analysis, we provide affirmative answers to all the questions.

4.1. Datasets

MultiMNIST (Sabour et al., 2017) is a multi-task version
of the MNIST dataset. Two randomly selected MNIST
images are put on the top-left and bottom-right corners
respectively to construct a new image. Noise is injected into
the bottom-right corner task.

Office-Home (Venkateswara et al., 2017) consists of four
image classification tasks: artistic images, clip art, product
images, and real-world images. It contains 15,500 images
over 65 classes. Noise is injected into the product image
classification task.
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Figure 2. Excess risks on MultiMNIST with noise level 0.6. The
estimated excess risk well matches the ground-truth pattern.
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NYUv2 (Silberman et al., 2012) consists of RGB-D indoor
images. It contains 3 tasks: semantic segmentation, depth
estimation, and surface normal prediction. Noise is injected
into the semantic segmentation task.

4.2. Noise Injection Scheme

To replicate the real-world scenario where tasks come from
heterogeneous sources with various quality, we inject label
noise into one or more (but not all) tasks within the task
batch. For classification problems, we adopt the common
practice of introducing symmetric noise (Kim et al., 2019),
which is generated by flipping the true label to any possible
labels uniformly at random. For regression problems, we
introduce additive Gaussian noise (Hu et al., 2020) with the
variance equal to that of the original regression target. This
approach ensures that the level of noise introduced is con-
sistent with the statistical characteristics of the original data.
We vary the noise level by changing the proportion of train-
ing data subject to the noise injection procedure, allowing
us to measure the impact of increasing levels of noise on the
performance of our algorithm. The test data remains clean.

In the following sections, we refer to the tasks with noise
injection as noisy tasks and tasks without noise injection as
clean tasks. The proportion of noisy data in the noisy task
is referred to as noise level.

4.3. Empirical Analysis and Comparison

In this section, we use MultiMNIST and Office-Home as
illustrative examples to analyze the behavior of ExcessMTL
in detail and demonstrate its advantage comparing with
other task weighting methods.

Excess risk estimation. We present the estimated excess
risks on MultiMNIST in Fig. 2. Here, we use the differ-
ence between the current and converged loss as a proxy
for the ground-truth excess risk. Initially, the noisy task
shows lower excess risk due to higher Bayes optimal loss.
As training proceeds, both tasks converge and excess risks
approach 0. The estimation is up to a constant multiplier, so
we scale the estimated value by a constant to align it with
the ground-truth. Our estimated excess risk well matches
the ground-truth pattern, validating its accuracy.

Training dynamics and weight assignment. We analyze
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Figure 3. Weight and accuracy on the MultiMNIST dataset with a
noise level of 0.8. ExcessMTL assigns most weight to the clean
task so that the performance is least affected by the injected noise.
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Figure 4. MultiMNIST loss profile (lower left better). The left plot
has no noise injected, while in the right one, task 2 has 80% noise.
With no noise injected, all algorithms achieve ideal performance.
However, with significant noise injected, only ExcessMTL retains

performance close to Bayes optimal on both tasks.

the training dynamics for the algorithms mentioned in Sec-
tion 3.3 in Figure 3. For each algorithm, we examine the
change in task weights and test accuracy as training pro-
ceeds. GradNorm and GroupDRO rapidly assign substantial
weights to the noisy task due to their high losses. IMTL
and MGDA, on the other hand, initially allocate significant
weights to the noisy task but eventually converge to nearly
uniform weighting. Their emphasis on the noisy task dra-
matically impacts the performance of the clean task, leading
to suboptimal performance.

In contrast, ExcessMTL identifies the higher excess risk
associated with the clean task at the beginning of training,
leading to a higher accumulation of weight on the clean task.
Simultaneously, the reduced emphasis on the noisy task
helps mitigate overfitting, leading to improved performance
when learning with noise. This ability of ExcessMTL to
assign appropriate weights based on the proximity to con-
vergence contributes to its superior overall performance.

Performance comparison. In Figure 4, we present the con-
verged performance of all algorithms with and without sig-
nificant noise injection. When more noise is injected into
task 2, its Bayes optimal loss increases, leading to a degrada-
tion in its single-task performance. A robust MTL algorithm
should retain performance close to Bayes optimal regardless
of noise level, i.e., reaching or surpassing the intersection of
the single-task performance (dashed line). Despite perform-
ing well under the noise-free scenario, all algorithms except
ExcessMTL have performance decrease in task 1 under la-
bel noise. The performance for loss weighting methods
aligns with expectations in Figure 1, i.e., they aim for equal
losses across both tasks, resulting in undertraining of task 1.
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Figure 5. Comparison with MOML and MGDA. MGDA and
MOML use the same method to select weights on training and
validation set respectively. Despite more consistent weight assign-
ment than MGDA, MOML fails when noise level is high, showing
that a clean validation set does not alleviate the label noise issue.
ExcessMTL ourperforms both baselines.
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Clean validation set. One may expect that the existence of
a clean validation set would address the label noise issue, as
validation performance is a more robust metric than train-
ing loss. However, since weight selection on the validation
set is performed on the clean data whereas the training set
still contains noise, it could lead to assigning considerable
weight to noisy tasks. To illustrate this possibility, we com-
pare with MOML (Ye et al., 2021), which assigns weights
using MGDA on a clean validation set. On the Office-Home
dataset, we allocate 20% of the training data as a clean
validation set and inject noise into the remainder.

From Figure 5, despite the additional requirement of clean
data, MOML remains largely impacted by label noise.
When noise level is low, MOML performs worse than
MGDA due to less gradient information contained in the
validation set than the training set. When noise level is high,
although MOML slightly improves over MGDA with more
consistent weight assignment, the overall performance still
significantly degrades. In contrast, ExcessMTL consistently
outperforms both baselines, especially at high noise level.

4.4. Benchmark Evaluation

We present the results on three MTL benchmarks. For Mul-
tiMNIST and Office-Home, we present three plots: the
overall performance, the average performance on the clean
tasks and the sum of task weights assigned to the clean tasks,
where the x-axis is the noise level. For NYUv2, we pro-
vide the performance of each task since they have different
evaluation criteria. Along with adaptive weighting algo-
rithms mentioned in Section 3.3, we also include uniform
scalarization as a baseline.

The key evaluation criteria for robustness is that the perfor-
mance on the clean tasks should not be affected even in face
of increasing label noise in the noisy tasks.

MultiMNIST. From Figure 6, we can see that for all adap-
tive weighting methods except ExcessMTL, the perfor-
mance on the clean task monotonically declines as the noise
level increases. The weight plot indicates that this perfor-
mance degradation stems from the excessive weights as-
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Figure 6. Results on the MultiMNIST dataset. Only ExcessMTL
assigns smaller weights to the noisy task, maintaining the clean task
accuracy, whereas other methods show decreasing performance.
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Figure 7. Results on the Office-Home dataset (noise in product
classification). The left figure considers all tasks, while the other
two consider all tasks except product images. The right figure is
the combined weights of all clean tasks (0.75 for uniform scalar-
ization). ExcessMTL is least affected by label noise and is the only
adaptive algorithm assigning small weights to the noisy task.

signed to noisy tasks, and in extreme cases, the weight on
the clean task is 0, effectively disregarding it during opti-
mization. In contrast, ExcessMTL identifies and assigns
minimal weights to the noisy task, preserving the perfor-
mance on clean tasks even under high label noise (flat line
in the clean accuracy plot).

Surprisingly, uniform scalarization also exhibits resilience
to label noise, although slightly inferior to ExcessMTL. This
can be attributed to the nature of MultiMNIST as an easy
dataset with abundant data in the sense that two tasks have
small interference with each other. Therefore, even if one
task is fully corrupted, the clean task provides sufficient
information to learn a model. However, we find that the per-
formance of uniform scalarization is inconsistent and varies
across datasets, as shown by the following experiments.

Office-Home. Similar trends can be observed in Figure 7.
The performance of ExcessMTL is least affected on the
clean tasks, showcasing its robustness. When the noisy
task has purely random label (noise level= 1), all other
adaptive methods completely fail. In contrast to the results
in MultiMNIST, uniform scalarization is not sufficient to
obtain good performance in this real-world dataset as it
is outperformed by most adaptive weighting methods in
the noisy setting. This underscores the need for adaptive
methods in such scenarios.

NYUv2. From Figure 8, we observe that ExcessMTL
consistently outperforms other methods on the two clean
tasks. Other adaptive weighting algorithms assign increas-
ing weights to the noisy task with rising noise level. The
phenomenon is particularly evident when the noise level is
high, confirming our hypothesis that label noise leads to sub-
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Figure 8. Results on the NYUv2 dataset (noise in semantic segmentation). Higher pixel accuracy for semantic segmentation (1), lower
relative error for depth estimation ({) and higher angle accuracy for surface normal estimation (1) are desired. Pixel accuracy monotonically
decreases as expected. ExcessMTL consistently achieves the best performance on the clean tasks, while other methods fail dramatically

under high label noise.

optimal performance for all tasks trained jointly. Since the
loss magnitude of the surface normal estimation task is the
smallest, GroupDRO and uniform scalarization exhibit clear
undertraining on it even without noise injection. Through
our scale processing method, ExcessMTL evaluates the ex-
cess risks on a comparable scale and trains on all tasks in a
more balanced way.

In summary, the experiments validate our hypothesis that
label noise affects not only the noisy tasks, but also all
tasks trained jointly, leading to an overall decline in perfor-
mance. Compared with other adaptive weighting methods,
ExcessMTL consistently achieves high overall performance
by appropriately assigning weights to noisy tasks, thereby
mitigating the negative impact of label noise. Notably, Ex-
cessMTL maintains competitive performance with other
methods in noise-free scenarios, indicating that its robust-
ness does not come at the cost of performance degradation.

5. Related Work

MTL Optimization can be tackled from multiple perspec-
tives. One line of work focuses on network architecture
design (Dai et al., 2016; Liu et al., 2019). Another approach
is gradient manipulation, where Chen et al. (2020) drops gra-
dient components by the extent of conflict; Yu et al. (2020)
removes gradient conflict by projection; Liu et al. (2021a)
minimizes average loss while tracking the improvement on
the worst task. Researchers have also studied the problem
from a game theory perspective (Navon et al., 2022). In
this study, our primary focus lies on task weighting meth-
ods (Kendall et al., 2018; Chen et al., 2018; Sener & Koltun,
2018; Liu et al., 2021c; Lin et al., 2022).

Task weighting is a common strategy employed to priori-
tize tasks with inferior performance. Existing algorithms in
this domain differ in their measures of task difficulty, includ-
ing homoscedastic uncertainty (Kendall et al., 2018), task-
specific performance measures (Guo et al., 2018), norms of
gradients and training rates (Chen et al., 2018), or a combina-
tion of task-specific losses and gradients (Liu et al., 2021c¢).

Another approach formulates the MTL problem as a multi-
objective optimization problem (Sener & Koltun, 2018) and
utilizes the classical multiple-gradient descent algorithm
(MGDA) (Mukai, 1980; Fliege & Svaiter, 2000; Désidéri,
2012) to find Pareto stationary solutions. While MGDA
does not explicitly use gradient norms for task weighting,
it implicitly considers them by seeking the minimum norm
point within the convex hull of task gradients.

However, the problem of label noise is often overlooked
in the existing works, which can make many proposed task
difficulty measures inappropriate. For instance, high label
noise will lead to high losses and potentially small gradient
magnitudes, making aforementioned algorithms assign high
weights to the noisy tasks and causing an imbalance in train-
ing. Our work incorporates the idea of prioritizing difficult
tasks, while further improves the robustness to label noise.

Loss weighting in other applications. Beyond MTL, vari-
ous machine learning problems employ similar mechanism
of focusing on challenging samples, often utilizing loss as a
difficulty measure. In domain generalization, prior works
focus on domains or groups with higher losses to improve
generalization (Sagawa et al., 2020; Liu et al., 2021b; Piratla
et al., 2021). In hard example mining, researchers use losses
to determine whether specific data instances are difficult for
the model (Shrivastava et al., 2016; Yuan et al., 2017; Xue
et al., 2019). Similar to MTL, those applications also suffer
from the label noise problem. We believe our proposed
method can offer a more robust difficulty measure for such
applications. This extension of our methodology can pave
the way for more reliable solutions across a spectrum of
machine learning challenges.

6. Conclusion

In this work, we identify a key limitation of existing adap-
tive weight updating methods in multi-task learning, i.e., the
vulnerability to label noise. Building upon this observation,
we propose ExcessMTL, a task balancing algorithm based
on excess risks. It employs multiplicative weight update
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to dynamically adjust the task weights according to their
respective distance to convergence. We further show the con-
vergence guarantees of the proposed algorithm and establish
connections with multi-objective optimization, showing the
Pareto stationarity of its solutions. Extensive experiments
across diverse MTL benchmarks demonstrate the consistent
superiority of our method in the presence of label noise.
Beyond multi-task learning, our insights on excess risks and
their connection with convergence distance can potentially
inspire more robust algorithmic design in various machine
learning applications utilizing loss weighting methods.
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A. Proof for Pareto Optimality

Theorem 3.1 (Convergence). Suppose (i) each task-specific loss {; is L-Lipschitz, (ii) ; is convex on the model parameter 0,
(iii) £; bounded by By and (iv) ||0||2 is bounded by By. At time step t, let §1**) := 1 S 00, then

E lz agt)gi(e(lzt))] — Ineinanelgx Zaz&(ﬁ)
=1 )

m

i=1

272 2
S2m\/lO(B(,L + B} logm) (10)

t )

where m is the number of tasks.

Proof. We directly apply the well-established regret bound for online mirror descent from Nemirovski et al. (2009) on the
saddle point problem

min max Zaifi(ﬁ).
=1

0€® acA,, ,_

In our case, f;(-) is the excess risk for the ith task &;(-). We take inspiration from the proof strategy of Proposition 2
in (Sagawa et al., 2020) to first present the bound and then explain why our formulation satisfies all conditions for the bound.
Assumption A.1. f; is convex on O.

Assumption A.2. Let ¢ be a random vector that takes value in =. For all ¢ € [m], there exists a function F; : © x Z — R
such that E¢,[F;(0;&)] = fi(6).

Assumption A.3. For every given § € O and £ € =, we are able to compute F; (6, £) and the subgradient V F; (6, £) such
that B¢, [VF;(6,€)] = V£i(0), Ee~p[IVFi(0,8) = VSi(0)[] < 0.

Theorem A.4 (Nemirovski et al. 2009). If Assumption 1-3 hold, at time step t, the regret for the online mirror descent
algorithm on the saddle point problem

min max Zaifi(Q)
i=1

0€® acA,,

can be bounded by

n _ m 10(R2M2, + M2 logm)
Cep(lit)y s = (1:t) ¢ 0" x,0 *,Q
B | Do) g3 f1<9>]<2¢ t ’

i=1

where
_ - )
E |||VeY aiFi(0;€)|| | < Mg,
L i=1 *,0
- N )
E||Va ) oiFi(6;8) < M,
i=1 *,Q0
RS = = (g 013 — o 0]3)
c' o 0
for a c—strongly convex norm || - ||p.
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Assumption A.1 is the same as our condition (ii). For Assumption A.2, we can let £ be the tuple (x, y, ), where 4 is the task
index. Then, let the distribution of £ can be a mixture of each task distribution P;, i.e.,

To make F; an unbiased estimator for f;, we construct
Fi(0; (z,y,i")) = ml[i =] fi(0).
We can check the validity of this construction by
. 1
E o,y innp[Ei(05 (2,y,7)] = —Ep[mfi(0)] = fi(6)-
For Assumption A.3, similarly,
. 1
E(a,y,in~p[VE(0; (2,y,7))] = —Ep[mV fi(0)] = V fi(6)-

According to our condition (iii) and (iv), we have that

2
E vgzal (05 (2, y,7)) <m2L? = M.,
L *,0
m 2
E||Va ) aiFi(6;) <m?B? = M, .,
i=1 *,00

1 .
B3 = = (max 0] — min 6]3) = B,

Therefore, we obtain

- ) e *(1:t) - ) < g t) - (1:t)
>l 600) iy s 380 < e 30 iy D50
10(B2L2 + B21
§2m\/ 0(B; J; ¢logm) (13)
0

Corollary 3.2 (Pareto Optimality). Under the same conditions as Theorem 3.1, using the weights o output by Algorithm 1,
we have

E zm:aigi(é(lzt)) —ial&w
i=1 i=1

10(B2L2 + B21
S2m\/ 0(BjL? + B} logm)

11
7 ; (11)
where 0* is the Pareto optimal solution, i.e., * = argming y .- ;&;(6).
Proof. From Equation (13), it is clear that o(*) satisfies the above condition because

S ) o g(it)y _ s S OF3 S ppLit)y s S ()

;ai Ei(6Y) ‘rgrgg;ai &i(0) < nax ;alfz(e ) rerggZ;ai fi(0)

272 2
< 2m\/l()(B(,L + B; logm).
4
O
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B. Proof for Pareto Stationary
Theorem 3.3 (Pareto Stationarity). Suppose each task-specific loss {; is (i) L-Lipschitz (ii) G-Smooth and (iii) bounded by
By. At time step t, using the weights o output by Algorithm 1, we have
B.G
< 6moy/ % (12)

m 2

S aMvee®)

=1

mlnIE
k=1,.

2

where m is the number of tasks.

Before proving Theorem 3.3, we first present following necessary lemmas. Note that we rewrite F;(0*); ¢) as F;(0®)) for
simplicity in the next context. Without loss of generality, we assume that £;(#(*)) is bounded by B,.

Lemma B.1. Under the same assumption in Theorem 3.3, select nonincreasing nét) < min{l/By, 1/Gm}, we have the
Jfollowing inequality

m 2
> alPvio)

i=1 2

m T m
(Z O‘Et)vfi(e(t))> (‘ Z O‘gt)VFi(G(t))> < 4m3?Lon B, —
i=1

i=1

Proof. We first decompose the term into

m T m
(Za?)wi(w”)) (Zaﬁ“vmw))

i=1

(t)vfl t)

m T m
<Za§t)vﬁ(9(”)> <Za§” (V1:(6©) - VE(0) )) ~Ee

=1

The first term can potentially corrupt the effectiveness of optimization, and the second term measures the descent value. We
next bound the first term. By definitions and decomposition, we get

(iaﬁ”vﬂ-(e“) (Za (V£,(0) VFi(Q(t)))>

=1

i=1 i=1

m T m
<Za§”wi<e<t>>> (Zmﬁ” E[a!"))(V (60 - vw(”») (term A)

+Ee (i(agt) Ela t])vf 9(t> (ZE t J[(Vf:(00) — VFi(G(t)))> (term B)

=1

: m T m
+ Eq (ZEMWM(“)) (ZE[aE”](Vﬁ(W’)—VFi(f)(”))> (term C).

=1 i=1

We then bound each term individually. As we know that agt) c [0,1],||IVA(0D)] < L,¥i = 1,...,m. By
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Cauchy-Schwartz inequality, we further know that for the term A

term A = E¢ <§m:a§t)Vfi(0(t> (i @ _ (t))(Vf( )y — VFl-(G(t))))

i=1 i=1
2]

= e (i o vai”(“)HQ) H_‘Z(aﬁ” ~ Ela{"))(V£:(6) - VE(0))

| j

< LEg [fj O —E)||V£(60) — vw@)ng].

S (0 — El)(VAOD) - VEED))

i=1

AR

2

j

<E¢|L

i Elal"))(Vfi(6®) - VE(6D))

By the fact that ab < ﬁ(f + @bQ for any 3(*) > 0, and by the linearity of expectation, we can get

I & LB &
term A < =5 > Ee [l ~ Ela{")]2] + 5= Y Ee [IV4:(6) - VE(0V)]3]

i=1 —
< gy 3o ol al ]+ 2
: 25L(t) i(%g)&(@(”))Z - %(t)mgfz
< 275t + 2 o

The third inequality is by the fact that |a(t)

o™ < Jaf” — exp nE:(0W))ey”| < (exp (1 €,(0)) — 1)ay” and

2 + 1 when z € [0, 1], and we know that Ve, (0® € [0,1]. By
,Et) — Ela z(.t)]| },we have

<
agt) € [0,1]. The fourth inequality is because exp(x) < 2

setting f(*) = 277((1)34/0, denote Vja®] = 3" | E;

term A < 2mZLon) By.
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With similar tricks, we have for the term B

term B = Ey [(Z(agﬂ —Ela{")V f,.(am)) (Z E[0D](V£;(6®)) — vFi(em)))]
> E|
=1

i=1
2‘|

m

S (@ —E[")Vi(60)

i=1

o (Eorni)

= K¢ [Z (t) (t)” iE[O&;t)}(ij(e(t)) —Fj(e(t))) ]
Jj=1 )

< Ee ) (VE(00) — VE©0D))

j

2
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ST SRR I > T )]
i=1 i=1
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2L

=50
The first inequality is by Cauchy—Schwarz inequality. The second one is by the triangle inequality of /o norm, we
have || 574 (0r”) = Elo{"DVAEO)]> < S [l(0f — Ela"DVi(0@) 2 = T [af” — Ela)|[V£:(0D) .
As we know that Y ", 1 — B[V £ (0D, < LYy ™", 10" — E[a{"]], the third one is from the fact that
ab < w%az + @bz. The forth one is also from Cauchy-Schwartz inequality. The last one is by the fact that ]E[agt)] <1
Further by setting 5(*) = 2n&t)Bg/0\/ﬁ, we have

[aP(V f:(60) — VE(60))

m202L3®

2
mng) Bg + 3

term B < 2m3/2Langf)Bg.

For term C, by the fact that only VF;(0(Y)) has randomness, we get

term C = ¢ (Z]E O1v £:( (t)> (Z]E ®( (t))—VFi(H(t)))>

m T i
B (ZE[aEt)]Vfi(‘)(t))> (ZE[%@} (Vfi(ﬁ(t)) - ]EE[VFi(e(w)])) =0.

By summing up the above results, we obtain

¢ [(Zagt)wi(eﬂ ) (Za(t)VF o)) Za(t)Vf 9<t>)>} < 4m*2Lon) B,.

i=1 i=1

Plug in the first decomposition in the beginning, we finally get

[(Z a1 (00) ) ( Za(t)VF )] < 4m*?Lon B, — B¢ [

> al"vri(6®)

i=1

|
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Lemma B.2. Under the same assumption in Theorem 3.3, select nonincreasing nét) < min{1/By,1/Gm}, we have the
following inequality

1" a{"VE@O9))3 | Za?)we(%@] < mo? + 4m*2Lon® B,.

i=1 i=1

Proof. We first decompose the expectation into

Ee [| S IV E OO | Zaﬁ”wi(e%n%]

=1 =1
= E¢ ||Za“>VF 6 +Za“ V(6 Za VEO0D)|3 - Za?’m(w)n%]
=1 =1 =1
15" o VE@e®) + 3 a£“wi<e“)>||§]
=1 =1
term A
m T
— 2, <Za§t)vfi(9(t) ) ((Za(t)VF o) ) +Za Vi e%)
=1 =1 =1
term B

We next analyze the term A. By the triangle inequality of the > norm, we have

2 2

m

Y (V1i(0W) — VE(©OD))

i=1

term A = ¢ = E¢

2

iaf)vfi(@(”) " (i aY)wi(e(”))

i=1

2

(V0" - VFz-w“’))HQ)Q

< E¢ (Za

Further, by the fact that } ;- agt) =1, al@ €[0,1],4 =1,..., m, we know that

term A < E¢ (Zm: a§t>z> <Zm: vai(e(t)) - vm(%”)Hj)]
< Ee i"(Vfi(e(t)) VFi(G(t)))HQ] — mo?.

We then analyze the term B. From the proof in Lemma B.1, and by the fact that the minus sign does not affect the inequality,
we know that

m T m
term B = —2E, <Z agt)Vfi(G > ((Za VF;(6WY) ) —I—Za(t)Vf H(t))>
i=1

=1 =1

< 4m3/2Lang>Bg.

Combining all the results, we obtain

i=1 i=1

Ee [ (Z aﬁt)VFi(W)) I3 - IIZaf;t)Vfi(@“))II%} < mo? + 4m*/*Lon{) By.
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Lemma B.3. Under the same assumption as Theorem 3.3, select nonincreasing 1, (1 < min{1/By¢,1/Gm}, we have the
following inequality

770 Jo_g, t)Vf t)
2
an®?
| Za(t (6®) Za(t)f O] + 6m3/2LonPn (t)B + 7729 mo?.
i=1

Proof. From the G-smoothness of each objective function, we have

2
m G (t) m
al fi(0" D) <l | £i(0D) + 0"V (60T (Z aE”VFi<a<f>>> + 3P VRE)I3

i=1 1=1
Sum up both side for i = 1, ..., m, and take the expectation on random variable £, we can get
m m
t t
B o fi(0“ ) = 3ol (0]
i=1 i=1

) § _
m m G
< sV Ee (Za?)wm”)) (Za?)vw“))) ”9 [Za“’Za“)VF (60) ||2]

=1 i=1

- . -
m m Q (t) m
<1y e (Za?)vfi(ﬂ(”)> (Za?)va(e@)) + B |13 oV E )3

i=1 =1 i=1

The last inequality is by the Assumption that ) ;" (t) < 1. From the result of Lemma B.1, we can bound the first term
and obtain

m

Ee[Y ol £;(60+Y) Za Fi(00)]
=1

2
G (t)
< 4m3/2Lang)nét)Bg t)Ef H(t + 77729 E¢

[ Za?)vmw%@] :

i=1

Then, adopting the result from Lemma B.2, we know that

Ee[> ol £:(0040) = 3" alV £,(00)] < 4m®/2Lonny B,
= i=1

2 2
G (t) G (t) 9
+ UTG - nét) Et)Vfi(t‘)(t) + nTomU2 + 2m3/2LGm}ét) n By.
2
By the fact that nét) < 1/Gm, we further have
Ee[> ol f,(0+D) Za Fi(00)] < 4m® 2 Lony"nL) By + 2m*/? Lon(n B
i=1
() 1 qw?
) D70 | + nTemch.
2
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By rearrangement, we therefore have

7749 o g <>vf )
2
(t t Gﬁ(t)
Za (t) Za )f (t+1))]+6m3/2Lan(t)n()B + 29 mo?2.
i=1

Lemma B.4. Under the same assumption with Theorem 3.3, select nonincreasing nét) < 1/G'm, we have

T m T (t) p2
2mne’ B 2m By
Z Zat)fz 00) =Y allfet ) < 3 T+ =t

t=1 779 i=1 i=1 t=2 Mo ur

Proof. First, we can decompose the left side as

T m
> chﬁ”ﬁ 00) = > o fi (0]
tlng

i=1
-3 El 3l o) -

Then we have the following decomposmon for the first term

T m m
1 (t) ¢ p(t 1 (t=1) 4 (p(t
;E[ ® Z;O‘i £:(09) — n(t,l) Zai £i(6)]

m m 1
(t 1)f e(t) +E| ( Z fz 9(1) n(T) ZaEt)fi(H(T“))]
o i=1

=1 Ny~ i=1

) i=1
T m m m m
1 1 _ 1 _ 1 _
=Y Bl > ol fi(00) = = 3 alTVEOD) + 5 > ol TV AOD) - ——5 > ol TV R(00)]
(t) 4 (t) < (t) 4 (t—1) <
t=2 T~ i=1 Mo " i=1 Mg~ i=1 Ny i=1
T m 1 T 1 1 m
t t—1 t—1
=Y ED i ef” — o AEED] + Y Bl — ) Yoo A(0W)
t=2 i=1"Tly t=2 Ur) Mo i=1
T (t) T m
2mne’ By £ 1 1 (t=1) t
= TE[fi(e( )] ‘*‘ZM( OB W)Z% £:(0)]
t=2 Mg t=2 ur g i=1

Combining the above, and by the assumption that | f;(6))| < By, ozl(»t) € [0, 1] as well as the nonincreasing for nét), we
therefore have

T

Z %E[Z Oégt)fi(ﬁ(t)) _ Z Oéz(»t)fi(e(t+l))]
=1

t1779 i=1

o) m
2mne, 1 1 (t=1) ‘
< tz2 (t) ZE[(W - W) ZO% (6]

t=2 0 i=1

+E| (1) Za(l 1f:(6)] (T) Zo‘(t)v (O]

779 =1 77 =1

2m77 Bé 1 1 mB, mBy
<Z + BZZE -t o tTm
t=2 779 Mo Mo U

(t)
yr) U

t=2
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Then plug into Lemma B.3, we get

m

E > oV 9<t>)

=1

2

2
g@mzl ol (0 20}% (0“+D)] +12m*2Lon® By + Gl mo?.

The above is divided with n(gt) /2 for the both side. Then, sum up the above inequality from ¢ = 1 to t = T and take the
result from Lemma B.4, we have

T m 2
S e[S ewse)
t=1 =1 2
T 9 m T
<2 B e Ai0) =3 el 0]+ 12m” LoB. Y o)+ Gro® Y )
=1 Mg =1 t=1 t=1
T () p2 T )
dmne’ By Am By 3/2 t 2 (t)
< ot 12w PLeBey 0l + Gma® Y .
t=2 770 /'79 t=1 t=1

By selecting nét) =2v/By/ovVTG, and n&t) < min{v/G/2B,T,v/mG/12L\/B,T}. Then average the above inequality,
we prove the theorem.

C. More Experimental Details and Results
C.1. Implementation

We implement our algorithm using hard parameter sharing, where all tasks share a feature extractor and have task-specific
heads. For feature extractors, we use a two-layer CNN for MultiMNIST, ResNet-18 (He et al., 2016) for Office-Home, and
SegNet (Badrinarayanan et al., 2017) for NYUv2. For task-specific heads, we use two-layer CNNs for NYUv2, and MLP
for all other datasets. We standardize all datasets to ensure zero mean and unit variance, as excess risks are sensitive to the
scale of tasks. The details are as follows.

It is a well-known fact that overparametrized models can achieve 0 training error even from a dataset with pure random noise.
This means that the training loss will always decrease, but not plateau, even if substantial label noise is contained. To address
this issue, we use weight decay in the experiments on SARCOS, Office-Home and NYUv2, as we employ overparametrized
models on them. We use Adam optimizer and ReLU activation on all datasets. For easier direct comparisons across different
model types, we use constant learning rates instead of adaptive ones. The experiments are run on NVIDIA RTX A6000
GPUs.

For all datasets except NYUv2, we use linear layers as task-specific heads. On MultiMNIST, we use a two-layer CNN with
kernel size 5 followed by one fully connected layer with 80 hidden units as the feature extractor, trained with learning rate
le-3. Since the model size is small, we do not apply any regularization. On Office-Home, we use a ResNet 18 (without
pretraining) as the shared feature extractor, which is trained using a weight decay of le-5. The learning rate is le-4. On
SARCOS, we use a three-layer MLP with 128 hidden units as the shared feature extract, which is also trained using a weight
decay of le-2. The learning rate is le-3.

On NYUv2, we follow the implementation of Liu et al. (2019). Since the dataset have limited data, making it prone to
overfitting, we use data augmentation as suggested by Liu et al. (2019). For the feature extractor, we use the SegNet
architecture with four convolutional encoder layers and four convolutional decoder layers. For each of the three tasks, we
use two convolutional layers as the task-specific heads. We use a weight decay of 1e-3 and the learning rate is le-4.

When performing scale processing as mentioned in Section 3.2, directly dividing by the initial excess risk can be unstable
since it heavily depends on the initialization of the network, which can be arbitrarily poor. To address this, we deploy a
warm-up strategy, where we do not do weight update in the first 3 epochs to collect the average risks over those epochs as an
estimation of the initial excess risk.
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Figure 9. Results on the SARCOS dataset (noise in the first two joints). The left figure considers all 7 tasks, while the other two considers
all tasks except the first two tasks. The right figure is the combined weights of all clean tasks (around 0.71 for uniform scalarization).
ExcessMTL consistently maintains its performance, significantly outperforming other adaptive methods in face of label noise.

For the implementation of baselines, we use the code from Lin & Zhang (2023) and Navon et al. (2022).

C.2. More Results

SARCOS (Vijayakumar & Schaal, 2000) presents an inverse dynamics problem for a robot arm with seven degrees of
freedom. The task is to perform multi-target regression that uses 21 attributes (7 joint positions, 7 joint velocities, 7 joint
accelerations) to predict the corresponding 7 joint torques. The noise is injected into the first two joint torques.

The results on SARCOS is presented in Figure 9. In the face of increasing label noise, all adaptive weighting algorithms
except ExcessMTL exhibit a trend of assigning increasing weights to the noisy tasks. This behavior leads to a decline in
performance on clean tasks. ExcessMTL demonstrates resilience to label noise, consistently maintaining its performance.
Here, a similar pattern to MultiMNIST can be observed that uniform scalarization performs well. However, we want to
emphasize again that the performance of uniform scalarization varies across all datasets, and it is not able to produce
consistent results universally. In contrast, ExcessMTL demonstrates consistency across diverse datasets, reinforcing its
robustness and effectiveness as a reliable solution in noisy environments.
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