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Abstract

Multi-task learning (MTL) trains deep neural networks
to optimize several objectives simultaneously using a
shared backbone, which leads to reduced computational
costs, improved data efficiency, and enhanced performance
through cross-task knowledge sharing. Although recent
gradient manipulation techniques aim to find a common
descent direction that benefits all tasks, conventional
empirical loss minimization still leaves models vulnerable
to overfitting and gradient conflicts. To address this,
we introduce a novel MTL framework that leverages
weight perturbation to regulate gradient norms, thus
improving generalization. By carefully modulating weight
perturbations, our approach harmonizes task-specific
gradients, reducing conflicts and encouraging more robust
learning across tasks. Theoretical insights reveal that
controlling the gradient norm through weight perturbation
directly contributes to better generalization. Extensive
experiments across diverse applications demonstrate that
our method significantly outperforms existing gradient-
based MTL techniques in terms of task performance and
overall model robustness.

1. Introduction

Over the past few years, deep learning has emerged as a
powerful tool for functional approximation, demonstrating
superior performance and even surpassing human abilities in
various applications. Despite these impressive achievements,
training massive independent neural networks for individual
tasks demands significant computational and storage
resources, as well as extended runtime. Consequently, multi-
task learning has become a preferable approach in many
situations [47, 74, 80] as it aims to learn a shared network
among tasks, reducing redundant feature calculations while
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promoting positive task transfer.

However, learning such a shared backbone faces
performance degradation due to gradient conflict [78], where
task-specific gradients may differ in direction and magnitude,
resulting in tasks canceling each other and a subset of
tasks being under-optimized. To tackle this, a common
approach is to manipulate task gradients to find a better
update direction so that all task losses decrease in a more
balanced manner. This has been found to consistently exhibit
improved performance [5, 45]. However, existing state-of-
the-art methods in this vein [28, 44, 46, 62, 71, 78] often
overlook the geometrical properties of the loss landscape,
focusing solely on minimizing the empirical error in the
optimization process, which can easily be prone to overfitting
problems [30, 81].

Meanwhile, the overfitting problem in modern neural
networks is often attributed to high-dimensional and
nonconvex loss functions, which result in complex loss
landscapes containing multiple local optima. Consequently,
understanding the loss surface is crucial for training robust
models, and developing flat minimizers remains one of
the most effective strategies [30, 33, 40, 53]. Specifically,
recent studies [24, 82] demonstrate that directly minimizing
empirical risk often leads to a loss landscape with many
sharp minima, resulting in poor generalization to unseen data.
This issue is apparently further exacerbated when optimizing
multiple objectives simultaneously, as in the context of multi-
task learning. In fact, sharp minima of each constituent
objective might appear at different locations, which can
result in large generalization errors on the associated task.
Therefore, finding a common flat and low-loss valued region
for all tasks is desirable for improving the current methods
of multi-task learning.

Contribution. To address the above desideratum, we
propose a novel MTL training method that enhances existing
gradient manipulation strategies by promoting the learning of
flat loss landscapes across all tasks. Specifically, we penalize
each task’s sharpness, the gap between the largest and the
empirical losses within a weight perturbation [20, 82], to
improve the generalization of all tasks. This is theoretically



supported by the generalization error in Theorem 1, which
shows that our approach not only orients the model toward
the joint low empirical loss value across tasks but also
encourages the model to reach the task-based flat regions.
Importantly, our approach is model-agnostic and compatible
with current gradient-based MTL approaches (see Figure |
for an overview of our approach). By using our proposed
framework, gradient conflict across tasks is significantly
mitigated, which is the goal of recent gradient-based MTL
studies in alleviating negative transfer between tasks. Finally,
we conduct comprehensive experiments on a variety of
applications to demonstrate the merit of our approach
for improving not only task performance but also model
robustness and calibration. Last but not least, to the best of
our knowledge, ours is the first work to improve multi-task
learning by investigating the geometrical properties of the
model loss landscape.

2. Related Work
2.1. Multi-task learning

In multi-task learning (MTL), we often aim to jointly train
a single model to tackle multiple different but correlated
tasks. It has been proven in prior work [8, 47, 48, 70] that
it can not only enhance the overall performance but also
reduce the memory usage and speed up the inference process.
Previous studies on MTL often employ a hard parameter-
sharing mechanism along with lightweight, task-specific
modules to handle multiple tasks.

Pareto multi-task learning. Originating from Multiple-
Gradient Descent Algorithm (MGDA), a popular line
of gradient-based MTL methods aims to find Pareto
stationary solutions, where it is impossible to improve model
performance on any particular task without diminishing
performance on another [71]. Moreover, recent studies
suggest exploring the entire Pareto front by learning diverse
solutions [42, 49, 54, 55, 68], or profiling the entire Pareto
front with a hyper-network [43, 61]. While these methods
are theoretically grounded and guaranteed to converge to
Pareto-stationary points, the experimental results are often
limited and lack comparisons in practical settings.

Loss and gradient balancing. Another branch of
preliminary work in MTL capitalizes on the idea of
dynamically reweighting loss functions based on gradient
magnitudes [12], task homoscedastic uncertainty [31], or
difficulty prioritization [23] to balance the gradients across
tasks. More recently, PCGrad [78] introduces a gradient
manipulation procedure to avoid conflicts among tasks by
projecting random task gradients onto the normal plane of
the other. Similarly, [44] proposes a provably convergent
method to minimize the average loss, and [46] calculates
loss-scaling coefficients such that the combined gradient has
equal-length projections onto individual task gradients.

2441

2.2. Flat minima

Flat minimizer has been found to improve the generalization
ability of neural networks because it enables models to find
wider local minima, by which they will be more robust
against shifts between train and test losses [19, 29, 67]. This
relationship between generalization ability and the width of
minima is theoretically and empirically studied in many
studies [17, 21, 26, 63], and subsequently, a variety of
methods seeking flat minima have been proposed [10, 27,
32, 66].

Recently, SAM [20], which seeks flat regions by explicitly
minimizing the worst-case loss around the current model,
has received significant attention due to its effectiveness and
scalability compared to previous methods. Particularly, it
has been exploited in a variety of tasks and domains, such as
domain generalization [9, 73, 79], federated learning [7, 69],
Bayesian networks [59, 64], meta-learning [1]. In addition,
SAM shows its generalization ability in vision models [11]
and language models [4]. However, these studies have only
focused on single-task problems. Closer to our setting
are the works in [15, 77] that apply SAM to Continual
Learning, but their focus is the relationship between flatness
and catastrophic forgetting. In this work, we leverage SAM’s
principle to develop theory and devise practical methods,
allowing for seeking flat minima in gradient-based multi-
task learning models.

3. Methodology

This section outlines our proposed framework for enhancing
gradient-based MTL methods. We begin by recalling the
goal of multi-task learning and then establish upper bounds
for the general loss of each task. Based on these bounds, we
develop our framework to improve model generalization by
guiding it toward flatter regions for each task.

3.1. Multi-task Learning and Gradient-based
methods

In multi-task learning, we are given a data-label distribution
D from which we can sample a training set S
{(xs,yt, .., y™)™ .}, where x; is a data example and
y}, ..., y™ are the labels of the tasks 1,2, ..., m respectively.

The model for each task 8" = [0, 8", ] consists of the
shared part @, and the individual non-shared part 8° . We
denote the general loss for the task i by £5,(0"), while its
empirical loss over the training set S by £%(8"). Existing
work in MTL, typically MGDA [71], PCGrad [78], CAGrad
[44], and IMTL [46], aim to find a model that simultaneously
minimizes the empirical losses for all tasks:

min [L§(6'),...L¢ (8™)],

1t
651,00

(D

by calculating gradient g° for i-th task (i € [m]). The
current model parameter is then updated using the unified
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Figure 1. We demonstrate our framework in a 2-task problem. For the shared part, task-based flat gradients (red dashed arrows) steer the

model away from sharp areas, while rask-based loss gradients (

regions. In our method, we aggregate them to find the combined flat gradient g

dashed arrows) lead the model into their corresponding low-loss

f,lft and combined loss gradient g'5°°, respectively. Finally,

we add these two output gradients to target the joint low-loss and flat regions across the tasks. Conversely, updating task-specific non-shared
parts is straightforward and much easier as only one objective is involved.

gradient g = gradient_aggregate(g', g2,...,g™), where
the generic operation gradient_aggregate combines multiple
task gradients, as proposed in gradient-based MTL studies.
Details on this operation can be found in the Appendix.

However, prior works only focused on minimizing the
empirical losses and tend to be overfitting. To alleviate
this, inspired by [20, 35, 75, 82], it is desirable to develop
sharpness-aware MTL approaches wherein the task models
simultaneously seek low loss and flat regions, which is
discussed below.

3.2. Sharpness minimization for MTL

Intuitively, flat minima are those where neighboring points
also exhibit low loss values. One effective way to find such
minima is to minimize the worst-case perturbation loss, as
demonstrated in [20, 35]. Here, we propose applying this
concept to each task objective in MTL. Formally, the worst-
case loss for each task is defined as follows:

m
i i i
max max L% (0sp + €4, 0,5 + €hy)
llesnllz<psn |Il€d ll2<pns i=1
@)
where || - ||2 denotes the I norm, pgp, and p,,s represent the

radii of the neighborhoods for the shared and non-shared
parts, respectively.

The formulation of the worst-case loss in Eq. (2) differs
from that in the single-task setting, as it involves multiple
objective functions, each consisting of shared and individual
non-shared parameters. This complexity makes extending
the generalization error bound in [20] non-trivial. In the
next sub-section, we provide such bounds for the true risks
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in the context of MTL, highlighting the concept of sharpness
for the shared and non-shared parts.

3.3. Theoretical development

We informally state our main theorem that bounds the
generalization performance of individual tasks by the
empirical error on the training set:

Theorem 1. For any perturbation radius psp,pns >
0, under the bounded-loss and mild assumptions, with
probability 1 — 0 (over the choice of training set S ~ D) we
obtain

m
<

ch (6Y)]:
[ D ( )}121 - Hesf‘ta;(psh
nlax £f§‘ (68h+68h70;{bs +€?ﬂs)+f1 (HOZHS) )
lleisll2<pns i=1
(3)

where fi : Ry — Ry ,i € [m] are strictly increasing
functions.

Theorem | establishes the connection between the
generalization error of each task and its empirical training
error via worst-case perturbation on the parameter space.
The formally stated theorem and proof are provided in the
Appendix. We note that the worst-case shared perturbation
€5, 1s common for all tasks, while the worst-case non-shared
perturbation €, is tailored for each task i. This requires
addressing multiple objectives with both non-shared and
shared components in our theory development.

Additionally and importantly, the proof in [20] invokes
the PAC-Bayesian generalization bound [58]; hence, it only



applies to the 0-1 loss in the binary classification setting. In
contrast, as a theoretical contribution, we employ a more
general PAC-Bayesian generalization bound [2], which only
requires the loss to be bounded, thus tackling a notably wider
range of losses in MTL. Hence, our theory development is
not a trivial extension of prior works due to the nature of
multi-objective optimization.

3.4. Practical method

Guided by Theorem 1, we first aim to solve the bi-level
maximization problem for each task loss as follows:

max |: max ,ng (08}1 + €sh, 0:7,3 + eiLS):| (4)
llesnll2<psn [ll€f Nl2<pns
A~ max { max  L5(0q,00,)+

[lesnll2<psn |ll€ll2<pns

(€h0) Vi L5(05n,0,,,) + (€1)"Vo,, L5 (Osn, eiw)} :
(5)
|:£?S'(esh7 025) + (ESh)TVBSh‘Cé (asha 021\9)

max
llesnll2<psn

+ (©)

~max
llei s l2<pns

( ns) v@"‘ ‘CS(HShva;i’Ls):l

where approximation is the first order Taylor expansion with
a note that €4, and € are independent. Now following
the dual norm problem as in [20], the solution for the inner
maximization is

Pns Ve;‘m ‘Cfs (Osh, 0:7,5)
IVe: Lis(0sn, 0552

Next, our goal is to find €y, that simultaneously maximizes
the following objectives

ik _
ns —

(N

|:‘CLS (esha 0:15> + (€Sh)TV9sh£:iS'(esha 023)

max
llesnll2<psn
ol Vor £5(0an, 05) M ®
i=1
m
=  max l:(fsh) Vo.,Ls(Osn,0 ] + const
”5911”2<ﬂeh
9)
m
< [ max ( ) Vo, hES (Os1, 0, ] + const,
”51},” <psh

(10)

where const is the constant independent of €. It is non-
trivial to find the closed-form solution for this problem
because the worst-cased perturbation €y, is shared among
the tasks (cf. Eq. (9)). We hence relax it by separately
finding eih for each task (cf. Eq. (10)). Similarly to the
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inner maximization, we now have

pShvgsh‘Cé‘ (08h7 0215)
V6., Ls5(Osn, 6,52

Note that this relaxation gives us an upper bound
for the optimal value of the maximization problem
in Eg. (9) because (€:,)"Ve., L5(0:1,0.,) <
€2V, Li5(05,0%,), Vi 1,---m.  Therefore,
we aim to minimize this upper-bound multi-objectives in
practice. Finally, substituting Eq. (7) and Eq. (11) back
to Eq. (6), the bi-level maximization in Eq. (4) has the
following approximate solution:

G¥
sh —

(an

{Lg (6. + €l 00, + ei;:)} (12)
i=1
< 2500|0190, 250000012
=1 =1
+ oo V0, £5(60:0,85,) | (13
i=1

The above equation shows that sharpness-aware
minimization for MTL requires us to minimize the
following sub-objectives for each task: (i) the conventional
task-loss, (ii) the norm of gradient w.r.t the task-specific
head, and (iii) the norm of gradient w.r.t the shared
backbone. Minimizing the first objective leads the model
toward local, but possibly sharp minima, which causes
overfitting and severe task conflict. Hence, to reduce this,
the last two objectives help steer the model away from such
sharp minima, favoring flatter ones, i.e. gradient norm
minimization seeks flat minima. However, in comparison
with traditional MTL, we are tasked with more objectives,
possibly leading to more conflicts between all of them. In
the following, we will present how we solve this problem by
separately treating each sub-objectives for all tasks.

3.4.1. Update the non-shared parts

Since each task i has its own task-specific head 6"
find flat minima for @, as follows:

W€ can

ns?

%,SAM

S = Vou L5 (0o + by, 00, + €57

~ Vi L (0:n,0,,)

)

s i __pi T,
ashzesh,"re‘sh 10:15 _0:15 +€ns

1,SAM (14)

05 = 0,5 — 195
Note that computing gradient directly on the gradient norm
sub-objective requires the heavy computation of Hessian
matrix. Instead, we resort to the perturbed loss (12) and
approximate its gradient w.r.t 0ns as in Eq. (14). This

procedure is similar to single-task SAM.



3.4.2. Update the shared part

This is a challenging task since as shown in Eq. (13),

we have to find a common 8y, to not only reduce losses
of all tasks,
Specifically, define £}, = Ls(0:4,6,,,) and L, :=
psull Ve, L5 (Osh, 00 )ll2+ pns | Vi L5(sn,05,) 12, we
have 2 x m objectives in total.

It has been shown in [73, 85] that there may exist conflict
between L} .. and lj}lat, leading to a risk of increasing
the loss when minimizing sharpness. This problem can
worsen in the scope of MTL where conflicts can arise not
only between task objectives (inter-conflict) but also between
the two purposes of each task (intra-conflict). Inspired by
this evidence and the inherently different goals between
these two types of losses, we propose to consider them
individually. Conceptually, we decompose the original

MTL problem, MTL[L], .. + [,ZJ} lat) iy, into two sub-MTLs,

MTL[ los‘;]z 1 + MTL[ flatL 1

To solve each sub-MTL problem, we have to compute
gradients of L£! . and ,C;llat wrt Og,. The former
is straightforward, but the latter requires heavy Hessian
computation. We bypass this by noticing from Eq. (13)

that the perturbed loss is the sum of C;OSS and E’ﬁat. Hence,

the gradient of £? 14¢ €an be approximated by the difference
between the gradient of the perturbed loss and that of £:
Formally,

1,SAM

g =Ve,Ls (Osh e, 0, + ej;;)

~ szhﬁg (08h7 9;5) .

Osn= 65h+€sh ’9;L9_97L9+6n5

i,loss

95,7 = Ve, L5 (05,6.,), (15)

l L SAM il
gt = gl — glfe, 1o
The purpose of the negative gradient —g" 1% §s to orient
the model to minimize the loss of the task ¢, while g; ,?al

navigates the model to the task ¢’s flatter region. Therefore,
i,loss .. .
share a similar nature, making them

the gradients g,

likely congruent. A similar relationship holds for gZ fat
To solve each sub-MTL, following gradient-based MTL
methods that aggregate gradients such that their conflict
is reduced, we aim to find a common direction that leads
the joint low-valued losses for all tasks and the joint flatter

region for them as:

g'%" = gradient_ aggregate(giéo“, ce g;'}lllo“),
g™ = gradient aggregate(g.;'™, ..., g""™).

Finally, to combine two sub-MTL problems, we can similarly
aggregate ¢g'%* and g% based on gradient-based MTL
methods. However, in practice, we find that simply adding

but also to reduce their gradient norms.

loss*
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them can work well in most cases (e.g., Ours vs Second-
aggre in Table 6), so we adopt this strategy to save
computation: g5pM = ¢! + g™ 6, = 6, — ng3aM.

The key steps of our proposed framework are summarized
in Algorithm 1, and the overall schema of our proposed
method is demonstrated in Figure 1.

Note that one can apply gradient-based methods to
remove intra-conflict between g ,ioss nd gZ J1at for each
task to obtain g', , then aggregate them once more time. This
strategy, however, is extremely computationally expensive
as we have to use gradient-aggregator m + 1 times, and still
results in similar performance compared to our method, i.e.,
Each-aggre vs Ours in Table 6.

Another approach is to directly aggregate g, of each
task, i.e, ignoring the intra-conflict. This might st111 result in
a higher level of gradient conflict than in our method which
considers intra-conflict. We empirically demonstrate this in
Figure 2 where the our strategy gains lower loss values and
gradient norms than the direct strategy, and the effectiveness
of our method in Table 5.

i,SAM

Algorithm 1 Sharpness minimization for multi-task learning

Input: Model parameter 8 = [0, 05"], perturbation radius
p = [psh, pns] step size 7 and a list of m differentiable loss
functions {£}™" |

Output: Updated parameter 0

1: for task ¢ € [m] do

,loss

2. Compute gradient g*,**, g, + VoL (0)
3: Worst case perturbation direction
1 1 i i i
€ = psn - g/ ‘ g\l €hs = pns - gha/ || 95|
4:  Approximate SAM’s gradient
g™ g™ = VL (O + €L, 00 + €0s)
5. Compute flat gradient
i,flat __7,SAM ,loss
sh — 9sh — Ish
6: end for
7: Calculate combined update gradients:
g = gradient_aggregate(g L, g%, ... g"V'*")
g4y = gradient aggregate(g ™, g%, ..., g1 "™)
8: Calculate shared gradient update g™ = g'%% + g
9: Update model parameter
6" = 0.1, 05" — nlglys gn M

4. Experiments

Datasets and Baselines. Our proposed method is evaluated
on four MTL benchmarks, including Multi-MNIST [42],
CelebA [51] for visual classification, and NYUv2 [72],
CityScapes [14] for scene understanding. Their descriptions
can be found in Appendix C. We show how our framework
boosts performance of gradient-based MTL methods by
comparing vanilla MGDA [71], PCGrad [78], CAGrad
[44], IMTL [46], NashMTL [62], FairGrad [5] to their flat-
based versions F-MGDA, F-PCGrad, F-CAGrad, F-IMTL,



MultiFashion ‘ MultiMNIST MultiFashion+MNIST

Method
Task 1 1 Task 2 1 Average 1 Task 1 1 Task 2 1 Average 1 Task 1 1 Task 2 1 Average 1

STL 87.10 £ 0.09 86.20 £ 0.06 86.65 £ 0.02 95.33 £ 0.08 94.16 £ 0.04 94.74 £ 0.06 98.40 £ 0.02 89.42 £ 0.03 93.91 £+ 0.02

MGDA ‘ 86.76 £ 0.09 85.78 £ 0.36 86.27 £0.22 ‘ 95.62 £+ 0.02 94.49 £ 0.10 95.05 £ 0.06 97.24 £+ 0.04 88.19 £0.13 92.72 +0.07
F-MGDA 88.12+0.11 87.35+0.11 87.73+0.09 96.37+0.06 9499+0.06 9568+0.00 | 97.30+0.09 89.26+0.14 93.28+0.03

PCGrad ‘ 86.93 £ 0.17 86.20 £ 0.14 86.57 £0.12 ‘ 95.71 £0.03 94.41 £ 0.02 95.06 £ 0.02 97.12 £0.16 88.45 £ 0.08 92.78 £0.11
F-PCGrad 88.17+0.14 87.35+0.27 87.76+0.07 96.49+0.05 9534+0.10 9592+0.07 | 97.65+0.06 89.35+0.07° 93.50+0.01

CAGrad ‘ 86.99 £ 0.17 86.04 £0.15 86.51 £0.16 ‘ 95.62 £ 0.05 94.39 £ 0.04 95.01 £0.04 97.19 £ 0.06 88.18 £0.14 92.68 +0.04
F-CAGrad 88.19+0.19 87.45+0.13 87.82+0.10° 96.54+0.02 95.36+0.04 9595+0.01" | 97.824+0.05 89.26+0.22 93.54+0.13"

IMTL ‘ 87.35+0.22 86.45 £ 0.09 86.90 £ 0.15 ‘ 95.93 £ 0.09 94.63 £0.13 95.28 £ 0.02 97.47 £ 0.06 88.46 £0.11 92.97 £ 0.03
F-IMTL 88.1+0.10 87.50+0.04 87.80+0.06 96.55+0.07" 9516+0.05 95.85+0.05 | 97.59+0.12 88.99+0.08 93.29+0.02

NashMTL ‘ 86.91 £ 0.09 86.17 £ 0.03 86.54 £ 0.04 ‘ 95.54 £ 0.00 94.49 £ 0.09 95.01 £0.05 97.00 £ 0.18 88.39 £0.16 92.70 £ 0.02
F-NashMTL 88.21 + 0.20* 87.40+0.03 87.81+0.11 96.47+0.03 9540+0.10° 9594+0.05 | 97.63+0.12 89.33+0.12 93.48+0.07

FairGrad ‘ 86.85 £ 0.15 86.17 £ 0.07 86.51 £0.04 ‘ 95.55 £0.15 94.29 £ 0.09 94.92 £0.11 97.02 £ 0.06 88.37 £0.16 92.70 £ 0.10
F-FairGrad  88.05+0.08 87.41+0.14 87.73+£0.04 9648+0.07 9534+0.04 9591+0.05 | 97.94+£0.02* 88.99+0.18 93.46+0.10

Table 1. Evaluation of different methods on three Multi-MNIST datasets. Rows with flat-based minimizers are shaded. Bold numbers denote
higher accuracy between flat-based methods and their baselines. * denotes the highest accuracy (except for STL as it unfairly exploits
multiple neural networks). We also use arrows to indicate that the higher is the better (1) or vice-versa ({.).

F-NashMTL and F-FairGrad. We also add a single-task reduced conflict, occurs when shared parameters approach a
learning (STL) baseline for each dataset. common flat region.

4.1. Image classification Method | STL | LS | UW | MGDA | PCGrad | CAGrad | IMTL
Multi-MNIST. Following [71], we set up three Multi- Vanilla | 8.77 [ 9.99 | 966 | 996 | 869 | 852 | 888
MNIST experiments with ResNetl8 [25], namely: Flatbased | - | - | - 922 823  822% | 82

MultiFashion, MultiMNIST and MultiFashion+MNIST.

As summarized in Table 1, we can see that seeking flatter
regions for all tasks can improve the performance of all the
baselines across all three datasets. Especially, flat-based
methods achieve the highest score for each task and for the
average, outperforming STL by 1.2% on MultiFashion and Two datasets used here are NYUv2 [72] and CityScapes
MultiMNIST. We conjecture that the discrepancy between [14]. For these two experiments, we additionally include
gradient update trajectories to classify digits from MNIST several recent MTL methods, namely, scale-invariant (SI),
and fashion items from FashionMNIST has resulted in the random loss weighting (RLW), Dynamic Weight Average
fruitless performance of baselines, compared to STL on (DWA) [47], GradDrop [13], and Nash-MTL [62] whose
MultiFashion+MNIST. Even if there exists dissimilarity results are taken from [62] and details are in Appendix C.

Table 2. Mean of error per category of MTL algorithms in multi-
label classification on CelebA dataset.

4.2. Scene Understanding

between tasks, our best obtained average accuracy when Also following the standard protocol used in [44, 47, 62],
applying our method to CAGrad is just slightly lower than Multi-Task Attention Network [47] is employed on top of
STL (< 0.4%) while employing a single model only. the SegNet architecture [3], our results are averaged over the
CelebA. CelebA [52] is a face dataset with 200K last 10 epochs to align with previous work.
images and 40 attributes, forming a 40-class multi-label Evaluation metric. In this experiment, we handle
classification problem. Table 2 presents the average errors different task types, each with its own metrics. We report
over 40 tasks, with Linear Scalarization (LS) and Uncertainty the relative task improvement [57] to compare overall
Weighting (UW) (Kendall, Gal, and Cipolla 2018) as performance. Let M, and S; be the metrics obtained
additional baselines. The best results in each pair and by the main and the single-task learning (STL) model,
overall are highlighted in bold and *, respectively. Even respectively. The relative task improvement on ¢-th task is
with a large number of tasks, flat region seeking consistently mathematically given by: A; := 100-(—1)% (M; — S;)/S;,
shows its advantages, with F-CAGrad achieving the lowest where [; = 1 if a lower value for the i-th criterion is better
average error. Notably, when the optimizer considers flat and 0 otherwise. We depict our results by the average relative
minima, the performance gaps between PCGrad, IMTL, and task improvement Am% = % Z:":l A;.
CAGrad (8.23, 8.24 vs. 8.22) are smaller than those under NYUv2. Table 3 presents the results and relative
conventional ERM training (8.69, 8.88, and 8.52). This improvements of each task over STL for different methods.
suggests that better aggregation of task gradients, and thus Generally, the flat-based versions achieve comparable or
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| Segmentation ‘ Depth ‘ Surface Normal ‘
. i Angle Distance |, Within ¢° 1 AmY% |
mloUT Pix Ace T AbsEmy ReIBITL "y Median 1125 225 30 |
STL | 3830 6376 | 0.6754 02780 | 25.01 19.21  30.14  57.20 69.15 | 0.00
LS 39.29  65.33 | 0.5493 0.2263 | 28.15 23.96  22.09 47.50 61.08 | 5.59
SI 3845  64.27 | 0.5354 0.2201 | 27.60 23.37  22.53 4857 62.32 | 4.39
RLW | 37.17  63.77 | 0.5759 0.2410 | 28.27 24.18 2226  47.05 60.62 | 7.78
DWA | 39.11  65.31 0.5510 0.2285 | 27.61 23.18  24.17  50.18 62.39 | 3.57
Uw 36.87  63.17 | 0.5446 0.2260 | 27.04 22.61  23.54  49.05 63.65 | 4.05
GradDrop | 39.39  65.12 | 0.5455 0.2279 | 27.48 22.96  23.38 4944 62.87 | 3.58
Nash-MTL| 40.13  65.93 | 0.5261* 0.2171 | 25.26  20.08 284 5547 68.15 | —4.04
MGDA |30.47 5990 | 0.6070 0.2555 | 24.88 19.45  29.18 56.88 69.36 | 1.38
F-MGDA | 26.42 5878 | 0.6078 0.2353 | 24.34* 18.45* 31.64* 58.86* 70.50*| —0.33
PCGrad | 38.06 64.64 | 0.5550 0.2325 | 27.41 22.80 23.86 49.83 63.14| 3.97
F-PCGrad | 40.05 65.42 | 0.5429 0.2243 | 27.38 23.00 23.47 49.35 6274 | 3.14
CAGrad | 39.79  65.49 | 0.5486 0.2250 | 26.31 21.58  25.61 52.36  65.58 | 0.20
F-CAGrad |40.93* 66.68* | 0.5285 0.2162 | 2543 20.39 27.99 54.82 67.56| —3.78
IMTL | 39.35 65.60 | 0.5426 0.2256 | 26.02 21.19 262 53.13 6624 | —0.76
F-IMTL | 40.42 65.61 | 0.5389 0.2121*| 25.03 19.75 28.90 56.19 68.72 | —4.77*

Table 3. Test performance for three-task NYUv2 of Segnet [3]: semantic segmentation, depth estimation, and surface normal. Using the
proposed procedure with gradient-based multi-task learning methods consistently improves their overall performance.

higher results on most metrics, except for F-MGDA in the
segmentation task, where it notably decreases the mIoU
score. However, F-MGDA significantly boosts performance
in other tasks, raising MGDA’s overall relative improvement
from -1.38% to +0.33% above STL. Notably, F-CAGrad and
F-IMTL outperform competitors by large margins across all
tasks, with top relative improvements of 3.78% and 4.77%,
respectively.

CityScapes. In Table 4, the positive impact of seeking flat
regions is evident across all metrics and baselines. Notably,
MGDA and IMTL show significant relative improvements,
achieving the highest and second-best Am% scores,
respectively. PCGrad, CAGrad, and IMTL even surpass
STL in segmentation scores. Interestingly, MGDA biases to
the depth estimation objective, leading to the predominant
performance of F-MGDA on that task, consistent with
patterns observed in [46] and the NYUv2 experiment.

Segmentation Depth .
| £ | P | 4.3. Ablation study

Method ‘ mloU 1 Pix Acc T ‘ Abs Err | Rel Err) ‘ Am% |

Here, we provide experimental justification for our gradient
STL | 7401 9316 | 0.0125 27.77 | i . :

decomposition, and our method’s impact on conventional
LS 75.18  93.49 | 0.0155  46.77 | 22.60 MTL training by examining task conflict. Appendix D
SI 70.95 91.73 0.0161 33.83 14.11 provides additional results for model calibration D.2, model
RLW 5T 9341 0.0158 = 47.79 24.38 robustness D.5, D.8, gradient norms D.9, loss landscape
DWA 7524 9352 | 0.0160 44.37 | 2145 pOUsHness o, U5, Bl o e S6ap
Uw 7902 92.85 00140  30.13* 589 visualization D.4, training curves D.7, and hyper-param
GradDrop | 75.27  93.53 | 0.0157 47.54 | 23.73 sensitivity D.3.
Nash-MTL| 75.41  93.66 0.0129  35.02 6.82 Directly aggregating SAM gradients neglects intra-
MGDA 68.81 9154 0.0309 3350 1414 CO?,%’&E& "l;ible 5 compares l?etween the d1.rect aggregggﬂor:n 9n
F-MGDA | 73.77 9312 | 0.0120 27.44° | 0.67* {g. "}ty and our individual aggregation on {g 3, ™},

i,lossym
PCGrad | 75.13  93.48 | 0.0154 4207 | 18.29 and {g 3, 1121 -
F-PCGrad | 75.77 93.67 0.0144 39.60 13.65
CAGrad | 7516 9348 | 0.0141  37.60 | 11.64 | Scgmeniation | __Deph __|
Ta . . . . .
Method IoU?1 Pix A AbsErr | RelErr) | Am%
F-CAGrad | 76.02 93.72 | 0.0134 3464 | 7.25 ctho [ mioUt Pix Acc | AbsBrry RelEm | Am% |
ERM 68.84  91.54 | 0.0309 3350 | 44.14

IMTL 75.33 93.49 0.0135  38.41 11.10 Ours (direct) 68.93 91.41 0.0130  31.37 6.43
F-IMTL |76.63* 93.76* | 0.0124* 31.17 1.87 Ours (individual) | 73.77  93.12 | 0.0129 27.44" | 0.67
Table 4. Test performance for two-task CityScapes: semantic Table 5. Direct SAM gradients aggregation vs our proposed

segmentation and depth estimation.” denotes the best score for
each task’s metrics.
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gradient aggregation strategy on CityScapes.



600
£ — individual | £ | — individual
8 direct 8 direct
B 400 B 751
c o
o G
— ~ 507
X 200 X
ke B %]
—— individual —— individual
0.8 A 0.04 1
Q 1 direct g \ direct
o \ o \
L0617y = 00341
¥ \ E: g
0.4 i
2 \\A\‘.\M'\M = 002 *L-MMWWW
OAZA T T T T T T T T T T T T T T T T T T
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epochs Epochs
Figure 2. Evolution of gradient norms and task losses across aggregation strategies.
Compared to the naive approach, in which per-task | Segmenution | Deph | Surface Normal |
. . .. . . Angle Distance | Within t° 1 Am% |
SAM gradients are directly aggregated, our decomposition mloU 1 Pix Ace T| AbsEr{ ReIERT | oo Mein 1125 225 30 |
approach consistently improves performance by a large STL | 3830 63.76 | 0.6754 02780 | 25.01 19.21  30.14 57.20 69.15] 0.00
. . F-STL  39.07 64.21 0.6183 0.2514 25.08 18.72 30.99 5829 69.76| —3.17
margin across all tasks. Moreover, using our decomposed LS | 3920 6533 | 05493 0.2263 | 2815 23.96  22.00 47.50 61.08| 559
SAM yields flatter minima and lower loss values throughout FLS 4028 6530 05360 02173 2704 2256 2445 5029 6357 165
.. . . F-MGDA| 26.42  58.78 0.6078  0.2353 | 24.34 18.45 31.64 58.86 70.50| —0.33
the whole training process, as shown in Flgure 2. These FIMTL | 4042 65.61 | 0.5389 0.2121 | 2503 19.75 2890 56.19 68.72| —4.77

results reinforce the rationale behind separately aggregating
low-loss directions and flat directions.

Other approaches to apply gradient aggregation.
Table 6 summarizes the performance of Second-aggre,
Each-aggre and Our aggregation strategies: Second-aggre
performs an additional step to aggregate gls‘;fs and gﬂbat;
Each-aggre iteratively aggregates gi’,lfss and gi}{ 12t to obtain
g., for each task, then aggregate g}, one more time. Our
strategy requires less aggregation steps yet still achieves
comparable performance.

\ MultiFashion \ MultiMNIST | MultiFashion+MNIST
|Task 1 1 Task 2 1 Avg 1|Task 1 1 Task 2 Avg 1| Task 11 Task 21 Avg
87.70 87.90| 96.48 95.24 95.86| 97.87 89.02 93.44
87.68 87.59| 96.45 95.40 95.92| 97.61 89.17 93.39
87.45 87.82| 96.54 95.36 95.95| 97.82 89.26 93.54

Method

Second-aggre| 88.10

Each-aggre | 87.51
| 83.19

Ours

Table 6. Different aggregation strategies applied on CAGrad, on
Multi-MNIST datasets.

Our improvement is not a mere result of single-task
SAM. To show this point, we provide the results of STL
and linear scalarization (LS), casting MTL as a single
objective, trained with and without SAM on NYUv2 in Table
7. When equipped with SAM, F-STL and F-LS improve
almost all scores of their counterparts. However, they can
not consistently exceed flat gradient-based MTL baselines,
which take gradient conflict into account. Particularly, on
Segmentation and Depth tasks, F-IMTL achieves the highest
scores, while on the Surface Normal task, F-MGDA is the
best method. Overall, F-IMTL obtains the best Am%.

Task conflict. To empirically confirm reduced gradient
conflict in flat regions, we measured the proportion of
minibatches with gradient conflict at each epoch, and present
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Table 7. Test performance for three-task NYUv2 of Segnet.

the results in Figure 3. While ERM’s gradient conflict
rises above 50%, ours decreases and approaches 0%. This
reduction is also a key objective of recent gradient-based
MTL methods aimed at mitigating negative transfer between
tasks [74, 78, 84].

Gradient conflict (%)

—— Ours ERM

Epochs

Figure 3. Proportion of conflict between per-task gradients (g1 -

92,1055 < 0) on Multi-MNIST.

5. Conclusion

In this work, we have presented a general framework that
can be incorporated into current multi-task learning methods
following the gradient balancing mechanism. The core
ideas of our proposed method are the employment of flat
minimizers in the context of MTL and proving that they
can help enhance previous works both theoretically and
empirically. Concretely, our method goes beyond optimizing
per-task objectives solely to yield models that have both low
errors and high generalization capabilities.
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