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ABSTRACT

Multi-task learning (MTL) has been widely adopted for its ability to simultaneously
learn multiple tasks. While existing gradient manipulation methods often yield
more balanced solutions than simple scalarization-based approaches, they typically
incur a significant computational overhead of O(K) in both time and memory,
where K is the number of tasks. In this paper, we propose LDC-MTL, a simple
and scalable loss discrepancy control approach for MTL, formulated from a bilevel
optimization perspective. Our method incorporates two key components: (i) a
bilevel formulation for fine-grained loss discrepancy control, and (ii) a scalable first-
order bilevel algorithm that requires only O(1) time and memory. Theoretically,
we prove that LDC-MTL guarantees convergence not only to a stationary point
of the bilevel problem with loss discrepancy control but also to an e-accurate
Pareto stationary point for all K loss functions under mild conditions. Extensive
experiments on diverse multi-task datasets demonstrate the superior performance
of LDC-MTL in both accuracy and efficiency.

1 INTRODUCTION

In recent years, Multi-Task Learning (MTL) has received increasing attention for its ability to predict
multiple tasks simultaneously using a single model, thereby reducing computational overhead. This
versatility has enabled a wide range of applications, including autonomous driving (Chen et al., 2018]),
recommendation systems (Wang et al.l 2020), and natural language processing (Zhang et al., 2022).

One of the main challenges in MTL is the imbalance and discrepancy in task losses, where different
tasks progress at uneven rates during training. This discrepancy stems from several sources: variations
in loss magnitudes due to differing units or scales (e.g., meters vs. millimeters) (Kendall et al., 2018
Liu et al.;,|2019)), heterogeneity in task types (e.g., regression vs. classification) (Dai et al.| 2023; [Lin
et al.,[2021), and conflicting gradient directions across tasks (Yu et al., 2020; Liu et al.,2021a). When
unaddressed, such discrepancies may cause certain tasks to dominate the optimization trajectory,
ultimately leading to degraded performance on others.

To mitigate this issue, MTL research generally follows two main paradigms. The first is the class of
scalarization-based methods, which transform MTL into a single-objective optimization problem by
aggregating task losses, typically through weighted or averaged sums. Early works adopted static
weighting schemes for their simplicity and scalability (Caruanal |1997), but these often led to degraded
multi-task performance relative to single-task baselines, largely due to persistent gradient conflicts
under fixed weights (Xiao et al., [2024). As a remedy, more recent approaches explore dynamic loss
weighting strategies that adapt during training (Kendall et al., 2018} |Liu et al.;,2019; [Lin et al., [2021}
Dai et al.| [2023). However, these methods do not explicitly address loss discrepancy, allowing task
interference to persist and leading to imbalanced performance across tasks. The second line of work
involves gradient manipulation techniques, which aim to promote balanced optimization by explicitly
resolving gradient conflicts. These approaches seek update directions that are more equitable across
tasks (Désidéri, 2012 |Liu et al.,2021a; Ban & J1, 2024; Navon et al., 2022; |Yu et al., [2020; [Fernando
et al., 2023} Xiao et al.| 2024). While often effective in reducing task interference, they typically
require computing and storing gradients from all K tasks at each iteration, incurring O(K') time and
memory costs. This scalability bottleneck poses challenges for large-scale MTL scenarios involving
deep architectures and massive datasets.
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Figure 1: The loss trajectories of a toy 2-task learning problem from |Liu et al.| (2024) and the
runtime comparison of different MTL methods for 50000 steps. Stars on the Pareto front denote the
convergence points. Although FAMO (Liu et al.,[2024) achieves more balanced results than Linear
Scalarization (LS) and MGDA (Désidéri, 2012), it converges to different points on the Pareto front.
LDC-MTL reaches the same balanced point with a computational cost comparable to the LS. Full
experimental details can be found in Appendix[A.3}

In this paper, we propose a simple and scalable loss discrepancy control approach for MTL from
a novel bilevel optimization perspective. Our approach comprises two key components: a bilevel
formulation for fine-grained loss discrepancy control, and a scalable first-order bilevel algorithmic
design. Our specific contributions are summarized as follows.

¢ Bilevel formulation for loss discrepancy control. At the core of our bilevel formulation, the lower-
level problem optimizes the model parameters by minimizing a weighted sum of individual loss
functions. Meanwhile, the upper-level problem adjusts these weights to minimize the discrepancies
among the loss functions, ensuring balanced learning across tasks.

o Efficient algorithms with O(1) time and memory cost. We develop Loss Discrepancy Control
for Multi-Task Learning (LDC-MTL), a highly efficient algorithm tailored to solve the proposed
bilevel problem with loss discrepancy control. Unlike traditional bilevel methods, LDC-MTL
has a fully single-loop structure without second-order gradient computations, resulting in an
overall O(1) time and memory complexity. The 2-task toy example in Figure illustrates that our
LDC-MTL method achieves a more balanced solution compared to other competitive approaches
while maintaining superior computational efficiency.

e Empirical performance. Extensive experiments show that our proposed LDC-MTL method
outperforms a wide range of scalarization-based and gradient manipulation approaches across
multiple supervised multi-task datasets, including QM9 (Ramakrishnan et al.,[2014), CelebA (Liu
et al.,2015), and Cityscapes (Cordts et al.,2016), while also demonstrating superior efficiency and
scalability.

e Experimental analysis. We conduct a deeper exploration showing that task losses under LDC-
MTL become more concentrated and consistently lower. As a side effect of controlling loss
discrepancies, gradient conflicts are also reduced. In addition, when compared to weight-swept
linear scalarization (LS), LDC-MTL solutions align with the Pareto frontier (PF) and achieve
consistently better results. Our experiments also suggest that the dynamic training trajectory, rather
than just the final model parameters, plays a key role in the strong performance of our method.
Overall, these results highlight the importance of dynamic loss discrepancy control in LDC-MTL.

o Theoretical guarantees. Theoretically, we show that LDC-MTL guarantees convergence not only
to a stationary point of the bilevel problem with loss discrepancy control but also to an e-accurate
Pareto stationary point for all K individual loss functions under suitable conditions.

2 RELATED WORKS

Multi-task learning. MTL has recently garnered significant attention in practical applications. One
line of research focuses on model architecture, specifically designing various sharing mechanisms
(Kokkinos| 2017; Ruder et al., 2019). Another direction addresses the mismatch in loss magnitudes
across tasks, proposing methods to balance them. For example, Kendall et al.|(2018) balanced tasks
by weighting loss functions based on homoscedastic uncertainties, while|Liu et al.| (2019) dynamically
adjusted weights by considering the rate of change in loss values for each task.



Under review as a conference paper at ICLR 2026

Besides, one prominent approach frames MTL as a Multi-Objective Optimization (MOO) problem.
Sener & Koltun| (2018)) introduced this perspective in deep learning, inspiring methods based on
the Multi-Gradient Descent Algorithm (MGDA) (Désidéri, |2012)). Subsequent work has aimed to
address gradient conflicts. For instance, PCGrad (Yu et al., 2020) resolves conflicts by projecting
gradients onto the normal plane, GradDrop (Chen et al., |2020) randomly drops conflicting gradients,
and CAGrad (Liu et al.| 2021a) constrains update directions to balance gradients. Additionally,
Nash-MTL (Navon et al.l 2022)) formulates MTL as a bargaining game among tasks, while FairGrad
(Ban & Ji, 2024) incorporates a-fairness into gradient adjustments. |Achituve et al.|(2024)) introduces
a novel gradient aggregation approach using Bayesian inference to reduce the running time.

Prior works (Kurin et al. [2022; Xin et al., |2022) have shown that several gradient-based MTL
methods fail to outperform linear scalarization (LS) with weight sweeping. In contrast, our extensive
experiments demonstrate that our method yields solutions that dominate those obtained by other
methods in Figure[5] On the theoretical side, Zhou et al.| (2022) analyzed the convergence properties
of stochastic MGDA, and |Fernando et al.[(2023) proposed a method to reduce bias in the stochastic
MGDA with theoretical guarantees. More recent advancements include a double-sampling strategy
with provable guarantees introduced by Xiao et al.|(2024)) and |Chen et al.|(2024).

Bilevel optimization. Bilevel optimization, first introduced by Bracken & McGill|(1973), has been
extensively studied over the past few decades. Early research primarily treated it as a constrained
optimization problem (Hansen et al.,[1992; [Shi et al.| |2005). More recently, gradient-based methods
have gained prominence due to their effectiveness in machine learning applications. Many of these
approaches approximate the hypergradient using either linear systems (Domkel 20125 Ji et al.|[2021)
or automatic differentiation techniques (Maclaurin et al., | 2015} [Franceschi et al., 2017)). However,
these methods become impractical in large-scale settings due to their significant computational cost
(Xiao & Ji,[2023}; |Yang et al.| [2024b). The primary challenge lies in the high cost of gradient compu-
tation: approximating the Hessian-inverse vector requires multiple first- and second-order gradient
evaluations, and the nested sub-loops exacerbate this inefficiency. To address these limitations, recent
studies have focused on reducing the computational burden of second-order gradients. For example,
some methods reformulate the lower-level problem using value-function-based constraints and solve
the corresponding Lagrangian formulation (Kwon et al., 2023} Yang et al.,2024a). The work studies
convex bilevel problems and proposes a zeroth-order optimization method with finite-time conver-
gence to the Goldstein stationary point (Chen et al., |2023). Meanwhile, several works investigate
multi-objective bilevel optimization problems, but their computational cost remains high becausee of
the inner iterations or dependence on Hessian terms (Ye et al.,|2021}2024)). In this work, we propose
a simplified first-order bilevel method for MTL, motivated by intriguing empirical findings.

3 PRELIMINARY

Scalarization-based methods. MTL aims to optimize multiple tasks (objectives) simultaneously
with a single model. The straightforward approach is to optimize a weighted summation of all
loss functions: ming Liptqr(z) = Zfil w;l;(x), where z € R? denotes the model parameter,
li(x) : RY — R represents the loss function of the i-th task and K is the number of tasks. This
approach faces three key challenges: 1) loss values could differ in scale, 2) fixed weights can lead to
significant gradient conflicts, potentially allowing one task to dominate the learning process (Xiao
et al.,[2024} [Wang et al.|[2024); and 3) the overall performance is highly sensitive to the weighting of
different losses (Kendall et al.| 2018)). Consequently, such methods often struggle with performance
imbalances across tasks.

Gradient manipulation methods. To mitigate gradient conflicts, gradient manipulation methods
dynamically compute an update d* at each epoch to balance progress across tasks, where t is the
epoch index. The update d! is typically a convex combination of task gradients, expressed as:

d' = G(z")w', where w' = h(G(z")),

with G(zt) = [V (at), Via(z?), ..., Vig(2?)]T. The weight vector w is determined by a function
h(-) : REXd 5 R which varies depending on the specific method. However, these methods often
require computing and storing the gradients of all K tasks during each epoch, making them less
scalable and resource-intensive, particularly in large-scale scenarios. Therefore, it is necessary to
develop lightweight methods that achieve balanced performance.
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Figure 2: Our bilevel loss discrepancy control pipeline for multi-task learning. First, different
task losses will be computed. Then, the lower-level problem optimizes the model parameter ! by
minimizing the weighted sum of task losses, and the upper-level problem optimizes the router model
parameter W? for fine-grained loss discrepancy control.

Pareto concepts. Solving the MTL problem is challenging because it is difficult to identify a
common z that achieves the optima for all tasks. Instead, a widely accepted target is finding a Pareto
stationary point. Suppose we have two points x; and x5. It is claimed that 2y dominates x5 if
li(z1) < li(z2) Vi € [K],and 3j [;(z1) < I;(x2). A point is Pareto optimal if it is not dominated by
any other point, implying that no task can be improved further without sacrificing another. Besides, a
point z is a Pareto stationary point if min,eyy ||G(z)w| = 0.

4 Lo0SS DISCREPANCY CONTROL FOR MULTI-TASK LEARNING

In this section, we present our bilevel loss discrepancy control framework for multi-task learning.
As illustrated in Figure [2| this framework contains a fine-grained bilevel loss discrepancy control
procedure and a simplified first-order optimization pipeline. We first introduce the motivation and
high-level idea that guide the overall design before moving to the technical details.

4.1 MOTIVATION AND HIGH-LEVEL IDEA

Loss discrepancy commonly arises in MTL for several reasons. First, loss functions may operate on
different scales due to task heterogeneity (e.g., classification vs. regression, as in QM9 (Ramakrishnan
et al.} 2014)) or because they are measured in varying units (e.g., meters, centimeters, or millimeters;
(Kendall et al.} 2018))). Second, losses can evolve at different rates depending on task difficulty (S1
et al.| 2025). As a result, although all task losses are expected to converge toward zero, their
convergence speeds are often imbalanced when treated with equal importance.

To mitigate this issue, some prior approaches, e.g., (S1 et al., [2025)), introduce a ranking-based strategy
that optimizes only a subset of tasks with the largest current losses. While effective in reducing
discrepancy, such methods require solving an additional non-smooth optimization problem, which
limits scalability. Moreover, Roh et al.| (2020) proposes to reduce loss gaps across different groups to
enhance model fairness. In preference-based MOO, the goal is to identify a Pareto-optimal point such
that p1ly = polo = -+ = prlk, where py, . .., pg denote user-specified preferences. In balanced
MTL, these preferences are naturally equal, reducing the goal to aligning task losses so that they
remain close to one another.

Motivated by this perspective, we explore a natural question: can loss discrepancy in MTL be
addressed by explicitly reducing the mutual gaps among task losses, while simultaneously ensuring
that the solutions remain sufficiently close to the Pareto-stationary set? In the next section, we
provide a positive solution through a bilevel optimization formulation.
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4.2 BILEVEL FORMULATION FOR LOSS DISCREPANCY CONTROL

Building on this motivation, we propose a bilevel optimization-based approach, where the upper-level
problem aims to mitigate the loss discrepancy, while the lower-level problem ensures that the solution
remains within the Pareto-stationary set. Specifically, we consider the following formulation:

K—-1
min ; |Tili (") — Tigalipa ()| := f(W, 27)

K
s.t. ™ € arg minZai(W)li(x) = g(W,x), (1)
R
where we denote z* = z*(W) for notational convenience. Note that we define a routing function
o(W) € RE, which is parameterized by a small neural network with a softmax output layer. It takes
the shared feature as the input and the output weights K for different tasks. For the upper-level
weight vector 7 = (71, ..., T ), it controls the loss discrepancy, and we provide two effective options:
(i) 7 = o(W) and (ii) 7 = 1 that work well in experiments. It can be seen from eq. that the
lower-level problem minimizes the weighted sum of losses w.r.t. the model parameters z, while
the upper-level problem minimizes the accumulated weighted loss gaps w.r.t. the parameters W,
controlling the loss discrepancy among tasks. Notably, the optimal solution does not require all losses
to be equal, and there will be a trade-off between loss minimization and loss discrepancy control, as
shown in Remark [Tl

4.3 SCALABLE FIRST-ORDER ALGORITHM DESIGN

To enable large-scale applications, we adopt an efficient first-order method to solve the problem in

eq. (I). Inspired by recent advances in first-order bilevel optimization (Kwon et al.| 2023} [Yang et al.,
2023)), we reformulate it into an equivalent constrained optimization problem as follows.

K K
HMT;ICIEIf(W x) s.t. Zai(W)li(ac) — Z@(W)li(ﬂf*) <0.

penalty function p(W,z)
Then, given a penalty constant A > 0, penalizing p(W, x) into the upper-level loss function yields

K
win f(W,z) + A; (a:(M)li(@) = s (W)t @

Intuitively, a larger A\ allows more precise training on model parameters = such that x converges
closer to x*. Conversely, a smaller A prioritizes upper-level loss discrepancy control during training.
The main challenge of solving the penalized problem above lies in the updates of W, as shown below:

Wi =yt — a(wa(Wt,xt) + A (Vwg(W', z") - ng<Wt’va>>)v ©

where ¢ is the epoch index, « is the step size, and z%; is an approximation of z} € arg min, g(W*, z)
through the following loop of NN iterations each epoch.

szH =zt — BV gW ) n=0,1,..N -1, ()
where N is typically chosen to be suf-
ficiently large, ensuring that z%; closely
approximates z; (the full algorithm is | [ .0 o0 0
provided in Algorithm[2]in the appendix). | for ¢ — 0,1,. 7 ,T—1do
Consequently, this sub-loop of iterations et =zt —a (Vo f(What) + AV.g(W', zh))
incurs significant computational over- WHL = W' — o (Vw f(W,2Y) + AVwg(W', 2"))
head, driven by the high dimensionality | end for
of z (matching that of the model param- -
eters) and the large value of N.

Algorithm 1: LDC-MTL

Remark 1 This formulation encourages task losses to be close but not necessarily equal. The penalty
constant \ controls the trade-off between minimizing the sum of weighted losses and reducing the
loss discrepancy among tasks.
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Scalable Algorithm. Our experiments show Gradient Norm Values Over Epochs t
that the gradient norm ||V g(W*, 2 )|| remains 10
small, typically orders of magnitude smaller than
the gradient norm ||V g(W?, at)||, which is
used to update the outer parameters W. This
behavior is illustrated in Figure [3 and Fig-
ure [/| in the Appendix. Specifically, we set
N = 50 during training. On average, the ra-
tio ||[Vwg(Wh z")||/|[Vwg(W?, 24)| exceeds — *~
100, despite some fluctuations. Under these con- BB B B R R R R R R R R R
ditions, the term Vyyg(W, z4) can be safely ne- Epochs

glected, thereby eliminating the need for the ex-
pensive loop in eq. (4). This approximation has
been effectively utilized in large-scale applica-
tions, such as fine-tuning large language models,
to reduce memory and computational costs (Shen
et al.| [2024a). It also serves as a foundation for our proposed algorithm, Loss Discrepancy Control for
Multi-Task Learning (LDC-MTL), described in Algorithm[I] LDC-MTL employs a fully single-loop
structure, which requires only a single gradient computation for both variables per epoch, resulting in
a O(1) time and memory cost. In Section @ we show that our LDC-MTL method attains both an
e-accurate stationary point for the bilevel problem in eq. (I) and an e-accurate Pareto stationary point
for the original loss functions under mild conditions.

=e— Gradient Norm |[Vyg(W¢, z&,)||
Gradient Norm [[Vy,g(Wt, x)|

Gradient Norm in Log Scale

Figure 3: Gradient norm values during the train-
ing process on the Cityscapes dataset. Similar phe-
nomena have also been observed in other datasets.

5 EMPIRICAL RESULTS

In this section, we conduct extensive Table 1: Results on CelebA (40-task), QM9 (11-task), and
practical experiments under multi- NYU-v2 (3-task) datasets. The best results are highlighted
task classification, regression, and in bold, while the second-best results are indicated with
mixed settings to demonstrate the ef- underlines.

fectiveness of our method. More ex-

perimental details can be found in Ap- ., . CelebA QM9 NYU-2 o
pendix All experiments are con- Am% | MR  Am% | Am% |
ducted on one NVIDIA A6000. MGDA (Désidéril[2012} 1485 1203 1205 1.38
PCGrad (Yu et al.| 2020} 317 792 1257 3.97
Baselines and evaluation. To demon-  CAGrad (Ciu et al.[2021a) 248 735 1128 0.20
) IMTL-G (Liu et al.| 2021b) 084 575 772 076  O(K)
strate the effectiveness of our pro-  Nash MTL (Navon etall2022] 2.84 617 620  -4.04
posed method’ we evaluate itS per- FairGrad (Ban & J1//2024) 0.37 5.67 57.9 -4.66
formance against a broad range of ConsMTL (Qin et al.|[2025) -1.42 2.75 23.2 -6.72

. LS 415 747 1776 5.59
baseline approaches. The compared g 720 897 778 139
methods include scalarization-based EIGVVX(LLin et all-. %?)211; ;‘2*8 gg %gg? Zg?

. . . (Liu et al. ) . . . 3.
algorithms, such as Linear Scalariza-  {w (Kendall et al1p015) 323 690 1080 405 W
tion (LS), Scale-Invariant (SI), Ran-  FAMO (Liu et al.[2024} 121 585 585 -4.10

S - GO4Align (Shen etal]]2024b)  0.88  N/A 527 -6.08
dom Loss Weighting (RLW) (Lin| ¢y tours) 031 262 495 440

et al., 2021), Dynamic Weight Aver-
age (DWA) (Liu et al., 2019), Uncer-
tainty Weighting (UW) (Kendall et al.,[2018), FAMO (Liu et al.,[2024), and GO4Align (Shen et al.|
2024b)). We also benchmark against gradient manipulation methods, including Multi-Gradient De-
scent Algorithm (MGDA) (Désidéri, [2012), PCGrad (Yu et al., 2020), GradDrop (Chen et al., 2020),
CAGrad (Liu et al.l 2021al), IMTL-G (Liu et al.| [2021b)), MoCo (Fernando et al.l 2023)), Nash-MTL
(Navon et al.| [2022)), FairGrad (Ban & Ji,[2024), and ConsMTL (Qin et al., [2025). To provide a com-
prehensive evaluation, we report the performance of each individual task and employ one additional
metric: AmY% to quantify overall performance (Maninis et al., 2019). The Am% metric measures
the average relative performance drop of a multi-task model compared to its corresponding single-task
learning (STL). Formally, it is defined as: Am% = & S5 | (=1)% (M, 5 — My 1)/ My x 100,
where M,, ;, and M, ;, represent the performance of the k-th task for the multi-task model m and
single-task model b, respectively. The indicator 5, = 1 if higher values indicate better performance
and O otherwise.
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Table 2: Results on Cityscapes (2-task) dataset. Each experiment is repeated 3 times with different
random seeds, and the average is reported. The best results are highlighted in bold, while the
second-best results are indicated with underlines. Following prior works|Liu et al.|(2021a); Fernando
et al.|(2023); Xiao et al.|(12024); |Ban & Ji|(2024), we report the mean values of Am% for all results
in the main text, with standard deviations provided in AppendixE]

METHOD SEGMENTATION DEPTH Am% | MR CosT
mIoU?T Pix Acct ABSERR] RELERRJ|

STL 74.01 93.16 0.0125 27.77

MGDA (DESIDERI|2012) 68.84 91.54 0.0309 33.50 44.14 13.0

PCGRAD (YU ET AL.[|2020) 75.13 93.48 0.0154 42.07 18.29 10.75

GRADDROP (CHEN ET AL.{[2020) 75.27 93.53 0.0157 47.54 23.73 8.75

CAGRAD (LIU ET AL.[|2021A) 75.16 93.48 0.0141 37.60 11.64 8.0

IMTL-G (L1U ET AL.[[2021B) 75.33 93.49 0.0135 38.41 11.10 6.5 O(K)

MoCo (FERNANDO ET AL.[[2023) 75.42 93.55 0.0149 34.19 9.90 5.5

NASH-MTL (NAVON ET AL.[[2022) 75.41 93.66 0.0129 35.02 6.82 4.0

FAIRGRAD (BAN & J1//12024) 75.72 93.68 0.0134 32.25 5.18 3.0

CONSMTL (QIN ET AL.{|2025) 75.57 93.32 0.0131 26.41 -0.59 2.25

LS 75.18 93.49 0.0155 46.77 22.60 11.0

SI 70.95 91.73 0.0161 33.83 14.11 16.25

RLW (LIN ET AL.{[2021) 74.57 93.41 0.0158 47.79 24.38 13.5

DWA (L1U ET AL.|[2019) 75.24 93.52 0.0160 44.37 21.45 13.25 on)

UW (KENDALL ET AL.[2018) 72.02 92.85 0.0140 30.13 5.89 10.0

FAMO (L1U ET AL.[|2024) 74.54 93.29 0.0145 32.59 8.13 8.75

GO4ALIGN (SHEN ET AL.||2024B)  72.63 93.03 0.0164 27.58 8.11 11.75

LDC-MTL (OURS) 74.53 93.42 0.0128 26.79 -0.57 5.5

5.1 EXPERIMENTAL RESULTS

Results on the four benchmark datasets are provided in Table[T] Table[2] Table[6] and Table[7]in the
appendix. We observe that LDC-MTL outperforms most existing methods on both the CelebA and
QM9 datasets, achieving almost the lowest performance drops of Am% = —1.31 and Am% = 49.5,
except for ConsMTL. Detailed results for the QM9 dataset illustrate that it achieves a balanced
performance across all tasks. These results highlight the effectiveness of our method in handling a
large number of tasks in both classification and regression settings. Meanwhile, it achieves almost
the lowest performance drop, with Am% = —0.57 on the Cityscapes dataset, while delivering
comparable results on the NYU-v2 dataset, where the detailed results are shown in Tablein the
appendix. These findings highlight the capability of LDC-MTL to handle mixed MTL scenarios.

Efficiency comparison. We compare the running Table 3: Statistics of loss values for LDC-
time of well-performing approaches in Figure[d In  MTL, GO4Align and LS on the CelebA
particular, our method introduces negligible overhead dataset. Lower mean and std indicate better
compared to LS with at most a 1.11x increase, align- and more stable performance.

ing with other O(1) methods such as GO4Align and

FAMO. In contrast, gradient manipulation methods,  Method Mean] Std] Min Max
Whlch take the computatlonal cost O(K ), become sig- LDC-MTL _ 0.189 0133 0029 0.538
nificantly slower in many-task scenarios. For exam- 504 Align 0238 0.154 0.026 0.660
ple, Nash-MTL requires approximately 12, and the  paMO 0231  0.141 0.027 0.621
state-of-the-art ConsMTL requires 11X more train- LS 0.287  0.195 0.032 0.729
ing time than LDC-MTL on the CelebA dataset.

5.2 EXPERIMENTAL ANALYSIS

Loss discrepancy and gradient conflict. To demonstrate the effectiveness of our bilevel formulation
for loss discrepancy control, we conduct a detailed analysis of the loss distribution on the CelebA
dataset, comparing LS and GO4Align with our proposed method. As shown in Figure [§|and statistics
in Table |3 the distribution of all 40 task-specific losses reveals that our approach yields more
concentrated and consistently lower values. Moreover, we randomly select 8 out of 40 tasks and
check the gradient cosine similarity among them. Figure [J]illustrates the cosine similarities of task
gradients after the 15th epoch, which shows that the gradient conflict is mitigated as a side-effect.
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FairGrad
Nash-MTL
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LS 1.00x

0
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Figure 4: Time scale comparison among well-performing approaches, with LS considered the
reference method for standard time.

Pareto front Comparison. Prior work has noted that certain multi-task learning methods, such as
RLW and PCGrad, do not outperform LS, which can approximate the Pareto front through weight
sweeping (Kurin et al.| 2022} |Xin et al.,|2022)). To this end, we conduct a careful comparison among
our LDC-MTL, GO4Align, FAMO and LS with weight sweeping on the Cityscapes dataset. From
Table[9]in the appendix, even after careful weight sweeping, LS does not outperform our approach.
The scatter plot in Figure[5] (a-b) also illustrates that LDC-MTL solutions form the Pareto front.

Impact of task weight. To further investigate the im- Table 4: Parameter tuning results on the
portance of dynamic weighting, we provide the evolution CelebA dataset.

of task weights for the 11 tasks on the QM9 dataset in

Figure[3](c). It is evident that the task weights adapt mean-  ~ ypeep o Am% |
ingfully during the early stages of training and gradually - :
converge later on. Besides, the converged weights are ~_FairGrad (Ban & Ji, 2024)  0.37
nearly equal, recovering to LS. However, LS does not per- LDC-MTL (A = 0.005) -1.27
form well as shown in Table [6] These findings suggest LDC-MTL (A = 0.008) -1.16
that, for dynamic-weight methods, the training trajectory, =~ LDC-MTL (A = 0.01) -1.31
not just the final weights, plays a critical role in achieving LDC-MTL (A = 0.02) -0.96
strong performance.

Hyperparameter sensitivity. In our method, hyperparameters include the step size o and the penalty
constant \. For the step size, we adopt the settings from prior experiments without extensive tuning.
While we use the same step size for updates to both W and z in our implementation, these can be
adjusted independently in practice. For the penalty constant A, we determine optimal values through
a grid search and provide additional experimental results in Table [d] and Table[8]in the appendix.

6 THEORETICAL ANALYSIS

In this section, we provide convergence analysis for our LDC-MTL method.
Definition 1 Given L > 0, a function { is said to be L-Lipschitz-continuous on X if it holds for any
xz,2’ € X that ||[{(z) — £(z")|| < L||z — z'||. A function ¢ is said to be L-Lipschitz-smooth if its

gradient is L-Lipschitz-continuous.

Definition 2 (Pareto stationarity) We say x is an e-accurate Pareto stationary point for loss func-
tions {1;(x)} if min,ew ||G(z)w|? = O(€), where G(z) = [Vii(z), Vig(z), ..., Vig(z)] .

Inspired by Shen & Chen| (2023), we also define the following two surrogates of the original bilevel
problem in eq. (I).

Definition 3 Define two surrogate bilevel problems as

BPx smin f(W,2) + ANg(W,) — g(W,a")), BP  min f(W,) st g(W,x) — g(W,") < e,

where BP is the penalized bilevel problem, and BP . recovers to the original problem if € = 0.
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Figure 5: (a—b) Comparison between LDC-MTL, weight-swept LS, FAMO, and GO4Align with
different random seeds on the Cityscapes dataset. In both cases, LDC-MTL solutions lie on the Pareto
frontier. (c) Weight change of 11 tasks using LDC-MTL during the training on the QM9 dataset.

Assumption 1 (Lipschitz and smoothness) There exists a constant L such that the upper-level
function f(W,-) is L-Lipschitz continuous. There exists constants Ly and Ly such that functions
f(W,z) and g(W, z) are Ly- and L4-Lipschitz-smooth.

Assumption 2 (Polyak-Lojasiewicz (PL) condition) The lower-level function g(W, -) satisfies the
i-PL condition if there exists a | > 0 such that given any W, it holds for any feasible x that,

IVag(W,2)]|2 > %<g<w,x> — g(W,a"),

Lipschitz continuity and smoothness are standard assumptions in the study of bilevel optimization
(Ghadimi & Wang, 2018 J1 et al.,[2021). While the absolute values in the upper-level function in
eq. are non-smooth, they can be easily modified to ensure smoothness, such as by using a soft
absolute value function of the form y = /22 4 v where ~ is a small positive constant. Moreover,
the PL condition can be satisfied in over-parameterized neural network settings (Mei et al.} 2020; |Frei
& Gul 2021)). The following theorem presents the convergence analysis of our algorithms.

Theorem 1 Suppose Assumptions (I} 2] are satisfied. Select hyperparameters

1 1
—J,A=1L -1 N =Q(l .
L +L3M)], §€ (0,710 = Lv/3ue, and N = 0log(ar)

ae(()

(i) Our method with the updates eq. and eq. (i.e., Algorithm 2| in the appendix) finds an
e-accurate stationary point of the problem BP . If this stationary point is a local/global solution to
BPy, itis also a local/global solution to BP.. Furthermore, it is also an e-accurate Pareto stationary
point for loss functions l;(x),i =1,..., K.

(ii) Moreover, if |Vwg(W*, 24)|| = O(e) for t = 1,...,T. The simplified method in Algorithm
also achieves the same convergence guarantee as that in (7).

The complete proof is provided in Theorem[2] In the first part of Theorem|[I] we establish a connection
between the stationarity of BP and Pareto stationarity. Secondly, it introduces an additional gradient
vanishing assumption, which has been validated in our experiments. It demonstrates that our
simplified LDC-MTL method can also attain an e-accurate stationary point for the problem 5P, and
an e-accurate Pareto stationary point for the original loss functions.

7 CONCLUSION

We introduced LDC-MTL, a scalable loss discrepancy control approach for multi-task learning based
on bilevel optimization. Our method achieves efficient loss discrepancy control with only O(1) time
and memory complexity while guaranteeing convergence to both a stationary point of the bilevel
problem and an e-accurate Pareto stationary point for all task loss functions. Extensive experiments
demonstrate that LDC-MTL outperforms existing methods in both accuracy and efficiency, highlight-
ing its effectiveness for large-scale MTL. For future work, we plan to explore the application of our
method to broader multi-task learning problems, including recommendation systems.
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A EXPERIMENT DETAILS

A.1 EXPERIMENTAL SETUP

Image-Level Classification. CelebA (Liu et al.,[2015)), one of the most widely used datasets, is a
large-scale facial attribute dataset containing over 200K celebrity images. Each image is annotated
with 40 attributes, such as the presence of eyeglasses and smiling. Following the experimental
setup in |Ban & Ji| (2024), we treat CelebA as a 40-task multi-task learning (MTL) classification
problem, where each task predicts the presence of a specific attribute. Since all tasks involve binary
classification with the same binary cross-entropy loss function, we do not apply any normalization
for both options of 7 = 1 and 7 = 0. The network architecture consists of a 9-layer convolutional
neural network (CNN) as the shared model, with multiple linear layers serving as task-specific heads.
We train the model for 15 epochs using the Adam optimizer with a batch size of 256.

Regression. QM9 (Ramakrishnan et al., [2014) dataset is another widely used benchmark for multi-
task regression problems in quantum chemistry. It contains 130K molecules represented as graphs,
and 11 properties to be predicted. Though all tasks share the same loss function, mean squared error,
they exhibit significantly varying scales: a phenomenon commonly observed in regression tasks but
less prevalent in classification tasks, as shown in Figure[6] To mitigate this scale discrepancy, we first

fio ), where [; ¢ represents the initial loss
value for the i-th task at each epoch, motivated by [Liu et al.| (2024)), for both options of 7 = 1 and
7 = o. Our experiments demonstrate that this initialization approach stabilizes training by reducing
large fluctuations caused by significant scale variations. Following the experimental setup in|Liu et al.
(2024); Navon et al.| (2022), we use the same model and data split, 1 10K molecules for training, 10k
for validation, and the rest 10k for testing. The model is trained for 300 epochs with a batch size of
120. The learning rate starts at le-3 and is reduced whenever the validation performance stagnates for
5 consecutive epochs.

adopt the logarithmic normalization such that I = log (l

Dense Prediction. The Cityscapes dataset (Cordsts et al., 2016) consists of S000 street-scene images
designed for two tasks: 7-class semantic segmentation (a classification task) and depth estimation
(a regression task). Similarly, the NYU-v2 dataset (Silberman et al., [2012)) is widely used for
indoor scene understanding and contains 1449 densely annotated images. It includes one pixel-
level classification task, semantic segmentation, and two pixel-level regression tasks, 13-class depth
estimation, plus surface normal prediction. These datasets provide benchmarks for evaluating the
performance of our method in mixed multi-task settings. Since the number of tasks is small and the
loss values exhibit minimal variation, we applied rescaled normalization when selecting 7 = ¢ and no
normalization when selecting 7 = 1. The rescaled normalization normalizes loss values by rescaling

each task’s loss using its initial loss value [/, such that Il = ﬁ% The resulting normalized loss reflects

the training progress and ensures comparability across tasks. We follow the same experimental
setup described in|Liu et al.| (2021a); |[Navon et al.|(2022) and adopt MTAN (Liu et al.,[2019) as the
backbone, which incorporates task-specific attention modules into SegNet (Badrinarayanan et al.,
2017). Both models are trained for 200 epochs, with batch sizes of 8 for Cityscapes and 2 for NYU-v2.
The learning rates are initialized at 3e-4 and 1e-4 for the first 100 epochs and reduced by half for the
remaining epochs, respectively. In a word, the hyperparameter choices are summarized in Table[5]

Table 5: Training hyperparameters combination and the best results per dataset.

Dataset Stepsize Penalty constant T Am%

CelebA le-03 0.01 o(W) -1.31+0.26
QM9 le-03 0.05 o(W) 49.5+3.64
Cityscapes 3e-04 0.1 1 -0.57+1.17
NYU-v2 8e-05 0.05 1 -4.40+0.74

Router model details. In general, o (W) refers to a lightweight routing network parameterized by
W, which takes as input the output features from the shared backbone of the model. While the
router design varies slightly across the four datasets, it remains consistently simple and small in scale
relative to the full model. Below, we provide the full details for all four datasets:
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Cityscapes: A 3-layer MLP maps 128-dimensional input features to 2 output weights, with a total
of 10,402 parameters. The full SegNet model contains 41,217,386 parameters. NYU-v2: A 3-layer
MLP maps 192-dimensional input features to 3 output weights, comprising 23,184 parameters. The
SegNet model used here contains 44,229,652 parameters. QM9: A directly trainable weight vector of
shape [11, 1] is used, corresponding to 11 tasks. The model contains 617,686 parameters in total.
CelebA: A directly trainable weight vector of shape [40, 1] is used for the 40 classification tasks. The
full model has 5,217,720 parameters. Importantly, o(W) is only used during the training phase for
dynamic weighting. During inference, the model follows the same setup as prior methods, such as
FairGrad and FAMO.

A.2 LOSS AND GRADIENT SCALES

We show that loss can vary significantly in scale. For example, as shown in Figure[6] we observed
that the loss values during training across 11 regression tasks in the QM9 dataset exhibit substantial
differences in magnitude, with loss ratios exceeding 1000 in certain instances. Moreover, we have
also drawn the loss progression over time of LS. Tasks 1-4 are easier to optimize and dominate the
training when using linear scalarization, leading other tasks to converge suboptimally. In contrast,
LDC-MTL accounts for loss scale and adaptively reweights tasks using bilevel optimization, enabling
better balance. For example, tasks 610 improve their final loss scale from 1073 to 10~°.

Losses Progression over Epochs using LS Losses Progression over Epochs using LDC = MTL

—— Task 1
Task 2
—— Task 3
—— Task 4
—— Task 5
—— Task 6
Task 7
—— Task 8
Task 9
—— Task 10
—— Task 11

Task Losses in Log Scale
Task Losses in Log Scale

1074 1074

10 10-°
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epochs Epochs

Figure 6: Curves of loss values during the training process for all 11 tasks on the QM9 dataset using
different methods. The loss values vary significantly across different tasks. For LS, some tasks
converge suboptimally due to the loss discrepancy.

Moreover, our experiments reveal that the gradient norm ||V g(W*, z4)|| remains sufficiently
small, typically orders of magnitude smaller than the gradient norm ||V g(W*, 2t)||, which is
used to update outer parameters W. This behavior is illustrated in Figure [/| for both CelebA
and Cityscapes datasets. Specifically, we set N = 50 during training. In average, the ratio
IVwg(We 2t /|Vwg(W?E, 24 )| exceeds 100, despite some fluctuations.
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Figure 7: Gradient norm values during the training process on the CelebA and Cityscapes datasets.
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A.3 TOY EXAMPLE

To better understand the benefits of our method, we illustrate the training trajectory along with the
training time in a toy example of 2-task learning following the same setting in FAMO (Liu et al.|
2024). The loss functions L1 (z), L2 (), where x is the model parameter, of two tasks are listed
below.

Li(z) = 0.1 x (c1(z) fi(z) + c2(2) 91 (), La2(x) = c1(z) f2(x) + c2(x)ga(z) where

fi(z) =log (max(|0.5(—z1 — 7) — tanh (—z2)[, 0.000005)) + 6,

fo(z) = log (max(|0.5(—z1 + 3) — tanh (—x2) + 2|, 0.000005)) + 6,

gi(z) = ((—z1 +7)% + 0.1 % (—z2 — 8)?) /10 — 20,

g2(z) = ((—z1 — 7)? + 0.1 % (—z2 — 8)?) /10 — 20,

c1(x) = max(tanh (0.5 * x2), 0) and co(x) = max(tanh (—0.5 % 2:3), 0). ®)
In Figure [I] the black dots represent 5 chosen initial points

{(-8.5,7.5),(—8.5,5),(0,0),(9,9),(10,—8)} while the black stars represent the converg-
ing points on the Pareto front. We use the Adam optimizer and train each method for 50k steps. Our
method can always converge to balanced results efficiently. We use Adam optimizer with a learning
rate of le-3. The training time is recalculated according to real-time ratios in our machine. We find
that LS and MGDA do not converge to balanced points, while FAMO converges to balanced results
to some extent. Meanwhile, our method with rescale normalization can always converge to balanced
results efficiently.

A.4 DETAILED RESULTS
Here we provide detailed results of NYU-v2 in Table[7jand QM9 in Table 6]

Table 6: Detailed results of on QM9 (11-task) dataset. Each experiment is repeated 3 times, and
the average is reported. The best results are highlighted in bold, while the second-best results are
indicated with underlines.

METHOD °w @ EHOMO  ELUMO (RZ> ZPVE U U H G Cy MR] Am% |
MAE |
STL 0.067 0.181 60.57 53.91 0.502 4.53 58.8 64.2 63.8 66.2 0.072
LS 0.106  0.325 73.57 89.67 5.19 14.06  143.4 1442 144.6 140.3 0.128 11.27 177.6
N 0.309 0.345 149.8 135.7 1.00 4.50 55.3 55.75 55.82 55.27 0.112 8.09 77.8
RLW (LIN ET AL.{[2021} 0.113 0.340 76.95 92.76 5.86 15.46 156.3 157.1  157.6 153.0 0.137 12.73 203.8
DWA (LIU ET AL.J12019) 0.107 0.325 74.06 90.61 5.09 13.99 142.3 143.0 1434 139.3 0.125 12.73 1753
UW (KENDALL ET AL.{[2018} 0.386  0.425 166.2 155.8 1.06 4.99 66.4 66.78 66.80 66.24 0.122 10.95 108.0
FAMO (LIU ET AL.[[2024} 0.15 0.30 94.0 95.2 1.63 4.95 70.82 71.2 71.2 70.3 0.10 7.64 58.5
GO4ALIGN (SHEN ET AL.112024B}  0.17 0.35 102.4 119.0 1.22 4.94 539 54.3 54.3 539 0.11 7.41 52.7
STCH (LIN ET AL.|[2024} 0.166  0.260 94.48 101.2 1.850 4.88 58.34 58.68 58.70 58.27 0.104 6.82 56.9
MGDA (DESIDERI||2012} 0.217 0.368 126.8 104.6 3.22 5.69 88.37 89.4 89.32 88.01 0.120 11.68 120.5
PCGRAD (YU ET AL.[12020) 0.106 0.293 75.85 88.33 3.94 9.15 116.36  116.8 117.2 1145 0.110 9.36 125.7
CAGRAD (LIU ET AL.[[2021A) 0.118 0.321 83.51 94.81 3.21 6.93 113.99 1143 1145 1123 0.116 1045 112.8
IMTL-G (L1U ET AL.112021B} 0.136  0.287 98.31 93.96 1.75 5.69 101.4 102.4 102.0 100.1 0.096 8.95 77.2
NASH-MTL (NAVON ET AL.[12022)  0.102 0.248 82.95 81.89 2.42 5.38 74.5 75.02  75.10 74.16 0.093 6.18 62.0
FAIRGRAD (BAN & J1112024) 0.117 0.253 87.57 84.00 2.15 5.07 70.89 71.17 7121 70.88 0.095 6.55 57.9
CONSMTL (QIN ET AL.|[2025 D 0.115  0.202 82.69 67.58 1.61 3.33 48.84 49.04 49.07 49.63 0.077 2.55 232
LDC-MTL 0.23 0.29 123.89 111.95  0.97 3.99 42.73 43.1 43.2 43.1 0.097 5.27 49.5+3.64

A.5 PARAMETER TUNING

In our experiments, the penalty constant A requires some tuning effort, whereas the choice of step
size had relatively less impact and did not require extensive tuning. We have included additional
results on the CelebA and Cityscapes datasets in Table[d]and Table §]that explore the effect of varying
A, and found that values in the range A\ € [0.02, 0.1] consistently yield strong performance. Besides,
we use Am% as the evaluation metric, which aggregates performance across all tasks based on their
definitions. As a result, it may exhibit slightly higher variance. This behavior is consistent with other
experiments; for example, similar variance patterns can be observed in Table 5 in|[Xiao et al.|(2024).

!ConsMTL is a concurrent state-of-the-art gradient-manipulation method that formulates MTL as a bilevel
optimization over shared and task-specific parameters
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Table 7: Results on NYU-v2 (3-task) dataset. Each experiment is repeated 3 times with different

random seeds, and the average is reported.

SEGMENTATION DEPTH SURFACE NORMAL
METHOD - By o MR, Am% |
mIoUT Pix AcctT ABSERR| RELERR/| ANGLE DISTANCE | WITHIN £° 1 "
MEAN  MEDIAN 11.25 225 30
STL 38.30 63.76 0.6754 0.2780 25.01 19.21 30.14 57.20 69.15
LS 39.29 65.33 0.5493 0.2263 28.15 23.96 22.09 47.50 61.08 1444 559
ST 38.45 64.27 0.5354 0.2201 27.60 23.37 22.53 48.57 62.32 13.00 4.39
RLW (LIN ET AL.1[2021 37.17 63.77 0.5759 0.2410 28.27 24.18 2226 47.05 60.62 17.22 7.78
DWA (LIU ET AL. 39.11 65.31 0.5510 0.2285 27.61 23.18 24.17 50.18 62.39 13.44 3.57
UW (KENDALL ET AL.|[2018 36.87 63.17 0.5446 0.2260 27.04  22.61 23.54 49.05 63.65 13.00 4.05
FAM IU ET AL. 38.88 64.90 0.5474 0.2194 25.06 19.57 29.21 56.61 68.98 7.44 -4.10
GO4ALIGN (SHEN ET AL 4042 6537 0.5492 0.2167 2476  18.94 30.54 57.87 69.84 4.11  -6.08
STCH (LIN ET AL 4135 66.07 0.4965 0.2010 26.55 21.81 24.84 5139 64.86 6.28  -1.35
MGDA (DESIDERI]2012 30.47  59.90 0.6070 0.2555 24.88  19.45 29.18  56.88 69.36 10.56 1.38
PCGRAD (YU ET AL.J[202 38.06  64.64 0.5550 0.2325 27.41  22.80 23.86 49.83 63.14 13.78 3.97
GRADDROP (CHEN ET AIL |m 39.39 65.12 0.5455 0.2279 27.48  22.96 23.38 49.44 62.87 12.56 3.58
CAGRAD (L1U . 39.79 65.49 0.5486 0.2250 26.31 21.58 25.61 5236 65.58 8.61 0.20
IMTL-G (LIU E 39.35 65.60 0.5426 0.2256 26.02 21.19 26.20 53.13 66.24 7.89 -0.76
MoCO (FERNA 40.30 66.07 0.5575 0.2135 26.67 21.83 25.61 51.78 64.85 8.44 0.16
NASH- 40.13 65.93 0.5261 0.2171 25.26 20.08 28.40 5547 68.15 5.67 -4.04
FAIRGRAD ( 39.74 66.01 0.5377 0.2236 24.84 19.60 29.26 56.58 69.16 5.22 -4.66
CONSMTL (QIN ET AL. gl 40.33 65.32 0.5491 0.2151 24.35 18.80 31.06 58.28 70.31 3.56 -6.72
LDC-MTL 38.04 65.92 0.5402 0.2278 24.70 19.19 29.97 57.44 69.69 5.78 -4.40+0.74
Table 8: Additional results on Cityscapes (2-task) dataset with different A values.
SEGMENTATION DEPTH
METHOD Am% |
mIoU1T Pix AccT ABSERR] RELERR]

STL 74.01 93.16 0.0125 27.77

FAIRGRAD (BAN&JII, 2024) 75.72 93.68 0.0134 32.25 5.18

LDC-MTL (r = 1, A = 0.02) 73.18 92.78 0.0124 29.67 1.96+1.25

LDC-MTL (r =1, A = 0.05) 74.50 93.40 0.0124 28.99 0.79+1.10

LDC-MTL (r = 1, A = 0.06) 74.84 93.43 0.0123 29.61 0.92+0.95

LDC-MTL (r =1, =0.07) 75.40 93.42 0.0125 29.25 0.88+1.01

LDC-MTL (r = 1, A = 0.08) 75.34 93.35 0.0127 29.70 1.64+1.04

LDC-MTL (r = 1, A = 0.09) 74.97 93.50 0.0123 28.90 0.18+0.96

LDC-MTL (r =1,)x =0.1) 74.53 93.42 0.0128 26.79 -0.57+£1.17

A.6 LOSS DISCREPANCY AND GRADIENT CONFLICT

To demonstrate the effectiveness of our bilevel
formulation for loss discrepancy control, we con-
duct a detailed analysis of the loss distribution
on the CelebA dataset, comparing linear scalar-
ization (LS) and GO4Align with our proposed
method. As shown in Figure[§]and statistics in
Table [3] the distribution of all 40 task-specific
losses reveals that our approach yields more con-
centrated and consistently lower values.

Except for the loss discrepancy, we randomly se-
lect 8 out of 40 tasks and have checked the gradi-
ent cosine similarity among tasks on the CelebA
dataset. Figure [J]illustrates the cosine similari-
ties of task gradients after the 15th epoch, which
shows that the gradient conflict is mitigated.

A.7 COMPARISON WITH WEIGHT-SWEPT LS

Loss Distribution with Mean + Std

—— LDC-MTL Mean

i
H i i
i : :
175 e i i ---- LDC-MTL Mean-Std
1 ' ! ---- LDC-MTL Mean+Std
150 || H H —— LS Mean
125 AE i i ~==- LS Mean-Std
z i o -~ LS Mean+Std
2100 i i —— GO4Align Mean
8 v ! ---- GO4Align Mean-Std
0.75 ! i - GO4Align Mean+5td
i
i
0.50 H
0.25
0.00
0.0 0.1 0.2 03 0.4 0.5 0.6 0.7

Figure 8: Comparison of loss distributions for
LDC-MTL, GO4Align and LS on the CelebA
dataset.

We have operated a weight sweep on linear scalarization, and the result is shown in Table[9] From
this table, we find that even after a careful weight sweep, LS does not perform better than our method.
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LS GO4Align LDC-MTL

1.00
0.51 0.12 0.45 0.14 0.48 0.26 0_28 0.77 0.8 0.77 MOSB
075
0-17m0-22ﬂ 0.4 0.28 JENEN 0.23 0.38 0.32 0.14 0.47 0.31

0.092 0.49 0.17 0.52 0.23 vyl 0.23 R EROEYA 0.51 0.52 0.14

-0.33 0.44 0.46 -0.41 EOvES

-0.21 -0.42 -0.055Nu¥EN -O0.

Task 8- <0..

Task 16 0.44 0.49 0.061 LRV

Task 22 0.46 -0.21 0.031 0.48 -0.19 -0.31 0.21 0.12 0.17 0.092 0.23 0.051 0.16 0.06 0.8 NOE:R 0.

Task 25. -0.42 0.49 0.48 -0.064 -0.5 0.43 0.45 m 0.49 0.23 0.32 vyl 0.32 X

Task 30- -0.41 -0.055 0.061 -0.19 70.064 0.29 -0.12 0.14 0.22 0.17 0.051 0.19 0.21 0.13 0.14 0. .

Task 37 -0.31 -0.5 0.29 0.48 ﬁ 0.52 0.16 0.21 ﬁ 0.47 0. [~

Task 39 -0.32 0.52 0.21 0.43 -0.12 0.26 0.4 0.23 0.06 0.32 0.13 0.36 38 0.31 Iia "
~1.00

0.
e o o S N Ky A e
o FUE N O LI

' o o Y 9 0 °
R K S .
< <

& P @

Figure 9: Cosine similarities of task gradients for LS, GO4Align and LDC-MTL, respectively; LDC-
MTL exhibits much higher gradient similarity among tasks, suggesting reduced gradient conflict.

Moreover, we have also provided a scatter plot in Figure[5] (a-b) using results in Table §]and Table 9]
following Figure 8 in (2022). In both cases, our method forms the Pareto frontier.

Table 9: Additional results on Cityscapes (2-task) dataset with different weights of LS.

SEGMENTATION DEPTH

METHOD Am% |
mIoU1 Pix Acct ABSERR] RELERRJ

STL 74.01 93.16 0.0125 27.77

LDC-MTL (r =1,A=0.1) 74.53 93.42 0.0128 26.79 -0.57+1.17

LS (w1 = 0.1, ws = 0.9) 74.00 92.92 0.0144 29.23 5.134+1.10

LS (w; = 0.2, ws = 0.8) 75.09 93.58 0.0136 33.73 7.18+0.99

LS (w1 = 0.3, ws = 0.7) 74.10 93.08 0.0153 35.38 12.38+1.78

LS (w; = 0.4, ws = 0.6) 74.95 93.43 0.0175 43.15 23.47+1.77

LS (w1 = 0.6, ws = 0.4) 74.48 93.39 0.0186 43.93 26.53+1.77

LS (w; = 0.8, ws = 0.2) 74.24 93.15 0.0192 61.24 43.19+6.50

A.8 ABLATION STUDY

Task orders. To investigate the impact of loss ordering in the upper-level function f(W,z*) in
eq. (I), we randomly shuffled the order of loss values before computing the (weighted) loss gaps
on the CelebA dataset. The results are reported in Table[I0] where CelebA reorder) represents random
reordering on task losses before computing f(W, ). Our findings indicate that reordering the losses
does not lead to significant performance differences. This suggests that the effect of task ordering is
minimal, likely because the loss values are already on a comparable scale.

Table 10: Additional result on the loss orders with CelebA.

Dataset Am%

CelebA -1.31
CelebA(reorder), seed=0 -1.30
CelebAeorder), seed=1  -1.00
CelebAeorder), seed=2  -1.62

B ADDITIONAL INFORMATION

Additional algorithms. Here, we present the complete version of the double-loop algorithm for
solving the penalized bilevel problem, BP in eq. (2)), as detailed in Algorithm 2] Notably, the local
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or global solution of BP obtained by Algorithm 2]also serves as a local or global solution to BP.,
as established by Proposition 2 in|Shen & Chen|(2023).

Additional discussion with related works. The previous works, AO4Align (Shen et al., [2024b)
and ConsMTL [2025)) have bilevel optimization formulation, but there are fundamental
differences.

Differences with GO4Align: In GO4Align, the lower-level problem is designed to identify task
groupings, while the upper-level objective minimizes the weighted task loss. It updates the group
assignment matrix implicitly within the lower-level optimization before updating model parameters.
Lastly, our method provides a convergence analysis achieving a Pareto stationary point, whereas
GO4Align does not offer such theoretical guarantees.

Differences with ConsMTL: ConsMTL addresses gradient conflict by manipulating
per-task gradients, with the upper level aggregating gradients and the lower level updating task-specific
parameters. This leads to an O(K) overhead and lacks convergence guarantees to Pareto-stationary
points. Our method, by contrast, maintains O(1) complexity and provides such guarantees.

Algorithm 2: Double-loop First-order Method

Initialize: W°, z°, 20
fort=0,1,...,7—1do

Warm start: z§ =

forn =0,1,..., N do

Zh1 = 2n — BAV.g(W', 2})

end for

't =2t —a (Vo f(W'2') + AVLg(W*, z"))

W =W — o (Vw f(Wha') + A (Vwg(W', z") — Vwg(W', 2x)))
end for

C ANALYSIS
C.1 COMPARISON WITH PENALTY-BASED BILEVEL OPTIMIZATION METHODS

While our method adopts a penalty-based bi-level optimization approach, our Algorithm [I| has
adjustments based on experimental exploration. First, as discussed in Section {f.3] both

(2023)); [Shen & Chen| (2023)) require a sub-loop to approximate the lower-level optimum x. In
contrast, our empirical analysis in Figure[7]shows that this approximation can be safely eliminated,
allowing Algorithm[I]to operate as a fully single-loop method.

In terms of the analysis, the lower-level problem in [Kwon et al.| (2023) has to be assumed to be
strongly convex, while we assume a relaxed PL condition. Meanwhile, although[Shen & Chen| (2023)
considers the PL condition, its analysis is under a single-task setting, and there is no analysis of
whether the penalty-based method converges to Pareto stationary points in MOO problems. Therefore,
in our theorem, we establish a connection between the stationarity of BP, and Pareto stationarity.
Moreover, with a gradient-vanishing assumption which is validated in our experiment, our method
can also attain an e-accurate stationary point for the problem B7P ) and an e-accurate Pareto stationary
point for the original loss functions.

C.2 PROOF

In the analysis, we need the following definitions.
r{ =argmin g(W* z),
G(z) =[Vli(x), Via(z), ..., Vik(x)]
F(0") =f(0°) + Ap(0"), 2(0") = f(0") + Ag(6"),
where 0" =(W* "), p(6") = g(W*, 2") — g(W', x})
VIW,z) =(Vw f(W,2), Vo f(W, 1)), Vg(W, 2) = (Vwg(W, ), Vag(W, z)).  (6)
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Lemma 1 Let (W, z) be a solution to the BP.. This point is also an e-accurate Pareto stationarity
point for {1;(x)} satisfying

mi}I/lV |G (z)w|?* = O(e).

we

Proof 1 According to the definition of BP., its solution (W, x) satisfies that
gW,z) —g(W,z") <e. @)

Further, according to Assumption[l| we can obtain

1
9(W,2) > gV, ") + Vag(W*)  — a) & 57 [Vag(W, )  Veg(W,a)
9
Since x* € argmin, g(W,z) and g(W,z) = Zfil o:(W)l;(z), we have V,g(W,z*) = 0 and
Viog(W,z) = Zfil o:(W)Vli(x) = G(z)o(W) . We can obtain,
G (2)a(W)II* < 2Lyg(g(W, ) — g(W,2")) = O(e), ®

where the last inequality follows from eq. (1). Furthermore, since we have used softmax at the last
layer of our neural network, (W) belongs to the probability simplex W. Thus, we can derive

min [|G(z)w]* < |G(z)o(W)]* = Ofe).
Thus, the solution (W, x) to the BP. also satisfies Pareto stationarity of the loss functions {l;}

Theorem 2 (Restatement of Theorem[I) Suppose Assumptions[I}2|are satisfied. Select hyperpa-
rameters

= ], B € (0, Li], A= Lv/3ue~t, and N = Q(log(at)).

€ (0,
o€ L; + A(2Ly + L2p) .

(i) Our method with the updates eq. (3) and eq. @) (i.e., Algorithm [2]in the appendix) finds an
e-accurate stationary point of the problem BP . If this stationary point is a local/global solution to
BP, itis also a local/global solution to BP.. Furthermore, it is also an e-accurate Pareto stationary
point for loss functions l;(z),i = 1,..., K.

(ii) Moreover, if |[Vwg(W*, 24| = O(e) for t = 1,...,T. The simplified method in Algorithm|[l|
also achieves the same convergence guarantee as that in (7).

Proof 2 We start with the first half of our theorem. Directly from Theorem 3 in|Shen & Chen|(2023),
Algorithm|2|achieves an e-accurate stationary point of BP x with O(e~1%) iterations such that

T-1 272
1 F(WO, 0 10L°L
L3IV at) + AW at) - VW )P < FE) | T o)
t=0

ol T

Recall that F(WO, 2%) = f(W° 20) + A(g(W?,2°) — g(W?, x)). According to the Proposition
2 in|Shen & Chen|(2023) by setting § = e therein, we can have g(W™ 2T — g(WT %) < e if
this stationary point is local/global solution to BP ). Then by using Lemmall| we know that this
e-accurate stationary point is also an e-accurate Pareto stationary point of loss functions {l;(x)}
satisfying

min [|G(zT)w|* = O(e).

wew

The proof of the first half of our theorem is complete.

Then, for the second half, since we have built the connection between the stationarity of BP» and

Pareto stationarity, we prove that the single-loop Algorithm|l|achieves an e-accurate stationary point
of BP . Recall that

IVFW*a') + MVg(W',2") = Vg(W*,a7))||?

(@)
<2 VAW ") + AVg(W,2")|[* + 2X%(|Vg(W*, 27) ||
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(@) *
=2| VW', 2') + AVg(W', ') ||* + 23| Vwg (W', 27) |

(ddd)
<2 VW at) + AVg(W!, 2| + 42|V g (W', 27) = Virg(W', 2|12
+AN |V g(W*, 23|12, )
where (i) and (iii) both follow from Young’s inequality, and (i) follows from V ,g(Wt, z}) = 0.
Besides, recall that zY is the intermediate output of the subloop in AlgorithmIZl We next provide the
upper bounds of the above three terms on the right-hand side (RHS). For the first term, we utilize the
smoothness of ®(0') = V f(6") + A\Vg(0") where Lo = Ly + AL, and ' = (W', a").
L
D01 <B(0") + (VB(0'), 01 — 01) + |0+ — 0|2
(@)
<0 (0) - SV,

where (i) follows from o < i = O(\7Y). Thus, we can obtain

[VR(E)]? < 2 (@(68") - B(6"). (10)

Then for the second term on the RHS in eq. (9), we follow the same step in the proof of Theorem 3 in
Shen & Chen|(2023) and obtain

AN ([ Vwg(W', z7) = Vwg(W*, 2|

212 B N t t t *
<anL2u(1- ﬂ) (g(W',a) — g(W', 7))
(i) BN
<axr(1- ﬁ> IVag(WH, 2|2
—4N2[2 (1 — ﬁ)NthH — o' +aV. f(W',2") H2
9 24 a\
(i7) BAN /]|6tFL — 62 L2
272
=v(-) (Cawe 30)
(ii1) 1 2L%L2
< gl =P
! oy 4 2L
—SIvaEF+ =2, an

where (i) follows from the PL condition, (ii) follows from Young’s inequality and Assumption I} and
(iii) follows from the selection on N > max{—log,, (16L2), -2 log,, (2at)} with cg = 1 — %
Lastly, for the last term at the RHS in eq. (9), we have,
AN Vwg(W*, 2 ) = O(\*?), (12)
where this inequality follows from our experimental observation. Furthermore, substituting eq. (10),
and eq. (T1)) into eq. Q) yields
IVFW!,2') + M(Vg(W', 2*) — V(W' 27))|?

5 21712
<SIVROYP + =552 + AN Vwg(W*, 24
5 20712
S (@(0%) = @(0"7) + —5 5" + AN Vwg (W', 23)|1 (13)

Therefore, telescoping the above inequality yields,
=
7 2NV 2 + MVg(W!at) = V(W 2)))
t=0

1
+ —— + A%,

A
_O(ﬁ a?T
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According to the parameter selection that X = O(e™2), o = O(ez), and T = O(e2), we can
obtain

T-1
= ST IRV ) + AT a) — Tg(W',)]? = O(c).
t=0

Therefore, Algorithm |I| can achieve a stationary point of BPy with O(e~?) iterations. If this
stationary point is a local/global solution to BP , it is also a solution to BP . according to Proposition
2 in|Shen & Chen|(2023)). Then, by using LemmalI| we know this stationary point is also an e-accurate
Pareto stationary point of the original loss functions. The proof is complete.

D THE USE OF LARGE LANGUAGE MODELS (LLMS)

In the preparation of this manuscript, large language models (LLMs) were used only as writing aids
to assist with language polishing and stylistic refinement. The extent of such use was limited, and all
technical content, formulations, experimental designs, and conceptual contributions were developed
by the authors. Importantly, LLMs were not used for ideation and methodology development.
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