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Abstract

Multi-task learning (MTL) has gained widespread appli-
cation for its ability to transfer knowledge across tasks,
improving resource efficiency and generalization. How-
ever, gradient conflicts from different tasks remain a ma-
jor challenge in MTL. Previous gradient-based and loss-
based methods primarily focus on gradient optimization in
shared parameters, often overlooking the potential of task-
specific parameters. This work points out that task-specific
parameters not only capture task-specific information but
also influence the gradients propagated to shared parame-
ters, which in turn affects gradient conflicts. Motivated by
this insight, we propose ConsMTL, which models MTL as a
bi-level optimization problem: in the upper-level optimiza-
tion, we perform gradient aggregation on shared parame-
ters to find a joint update vector that minimizes gradient
conflicts; in the lower-level optimization, we introduce an
additional loss for task-specific parameters guiding the k
gradients of shared parameters to gradually converge to-
wards the joint update vector. Our design enables the op-
timization of both shared and task-specific parameters to
consistently mitigate gradient conflicts. Extensive experi-
ments show that ConsMTL achieves state-of-the-art perfor-
mance across various benchmarks with task numbers rang-
ing from 2 to 40, demonstrating its superior performance.

1. Introduction

Multi-task learning (MTL) [6, 31, 40] is a framework in
which a unified model is designed to address multiple tasks
concurrently. By sharing representations and leveraging
cross-task information, MTL can boost the generalization
capabilities of the model and enhance overall task perfor-
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mance [4, 28, 35]. This approach is particularly advanta-
geous in contexts with limited computational resources, as
it mitigates the need for separate models per task. Its ap-
plications span a variety of domains, including computer
vision [1, 25, 41], natural language processing [7, 24, 30],
and robotics [12, 37]. Despite its advantages, MTL faces a
significant challenge: gradient conflicts in shared parame-
ters [21, 32, 36, 38]. Gradients from different tasks exhibit
varying directions and magnitudes, making it essential to
determine a final update that mitigates these conflicts effec-
tively while ensuring fair optimization across tasks.

To address this challenge, previous works have concen-
trated on two main approaches: gradient-based [3, 21, 29,
38] and loss-based [18, 19, 22] methods. Gradient-based
methods perform k rounds of backpropagation to obtain the
gradients ∇θsℓ1,∇θsℓ2, . . . ,∇θsℓk corresponding to the k
tasks for the shared parameters θs. These methods care-
fully design aggregation algorithms A to compute a final
joint gradient gshare = A(∇θsℓ1,∇θsℓ2, . . . ,∇θsℓk). Bene-
fiting from access to precise gradients from all tasks in each
update, gradient-based approaches often exhibit impressive
results. In contrast, loss-based methods do not directly ob-
tain the gradients of shared parameters; instead, they as-
sign weights (ω1, ω2, . . . , ωk) to each task based on the cur-
rent task losses (ℓ1, ℓ2, . . . , ℓk), creating an aggregated loss.
Backpropagation is then performed on this aggregated loss,
allowing these methods to preserve training-time efficiency
as they require only a single backpropagation per update.

However, both approaches primarily focus on gradi-
ent aggregation within shared parameters, while overlook-
ing gradient optimization in task-specific parameters, and
some works [29, 33] even assume that task-specific pa-
rameters do not contribute to the gradient aggregation
for shared parameters. Specifically, previous methods
directly retain the gradients computed from the corre-
sponding losses for task-specific parameters, as shown in
Fig. 1. In gradient-based methods, the joint gradient for
shared parameters is obtained by aggregating gshare =
A(∇θsℓ1,∇θsℓ2, . . . ,∇θsℓk), while the gradient for each
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Figure 1. Comparison of multi-task learning methods. Gradient-based methods aggregate gradients for shared parameters to find the joint
update vector d, while loss-based methods assign weights to balance the loss. Both approaches primarily focus on the shared parameters,
while ConsMTL utilizes the optimization of both shared and task-specific parameters to consistently mitigate gradient conflicts.

task-specific parameters θi remains ∇θiℓi. Loss-based
methods exhibit a similar issue: the gradient for shared pa-
rameters is calculated from the weighted combination of
losses

∑k
i=1 ωiℓi, while the gradient for each task-specific

parameter θi is simply retained as ωi∇θiℓi. This simple
gradient retention causes task-specific parameters to only
receive the gradients from the corresponding tasks, while
being unaware of the overall gradient conflicts in MTL.
In reality, task-specific parameters not only capture task-
specific information but also influence the gradients propa-
gated back to shared parameters, thereby affecting the phe-
nomenon of gradient conflicts. Building on this, we further
highlight the importance of ensuring consistency between
the optimization of shared parameters and task-specific pa-
rameters in order to effectively mitigate gradient conflicts,
which is overlooked by previous methods.

Motivated by the inconsistent optimization in previous
works, we propose ConsMTL, aiming to fully leverage the
potential of task-specific parameters by enabling them to be
aware of gradient conflicts, thereby aligning their optimiza-
tion with shared parameters towards consistently mitigating
these conflicts. To this end, we revisit the optimization pro-
cess in MTL and model it as a bi-level optimization. In the
upper-level optimization, we focus on the shared parame-
ters and identify an update vector that minimizes gradient
conflicts while maximizing fairness in optimization. In the
lower-level optimization, we concentrate on task-specific
parameters and introduce an additional loss term for each
task-specific parameter, which guides the k gradients back-
propagated to the shared parameters to gradually converge
towards the joint update vector, consistently mitigating gra-
dient conflicts. The contributions are outlined as follows:

• We point out the inconsistent optimization in previ-
ous methods and show that task-specific parameters also
count since they influence the gradients propagated back
to shared parameters. Thus, we consider utilizing both
shared parameters and task-specific parameters to consis-
tently mitigate gradient conflicts.

• We propose ConsMTL, a new multi-task learning

paradigm that models MTL as a bi-level optimization
problem whereby for the first time the shared parame-
ters and task-specific parameters are optimized alterna-
tively. We establish optimization objectives for shared
and task-specific parameters respectively, which comple-
ment each other to jointly address the issue of gradient
conflicts, thereby achieving consistency.

• Extensive experiments show that ConsMTL achieves
SOTA performance across various benchmarks. In par-
ticular, ConsMTL is the only method that surpasses the
corresponding Single-Task Learning baseline across all
three tasks on the NYUv2 benchmark. On the more chal-
lenging QM9 benchmark, ConsMTL reduces the average
performance drop by over 30%.

2. Related Works

In multi-task learning, previous work can be broadly cat-
egorized into loss-based and gradient-based approaches.
Loss-based methods assign weights to different tasks to ad-
dress gradient conflicts and task imbalance. These methods
are efficient as they only require backpropagation on the ag-
gregated loss, but the varying loss scales pose a significant
challenge in task balancing. Various strategies have been
proposed to handle task weighting, such as uncertainty-
based weighting [18], task prioritization [15], dynamic
weight averaging [25], self-paced learning [27], geomet-
ric loss formulations [10], random loss weighting [20],
and adaptive optimization techniques [22]. Although loss-
oriented methods preserve training-time efficiency, they
usually suffer from unsatisfactory overall performance.

Gradient-based methods address the gradient conflict
problem by fully leveraging the gradient information across
tasks and performing gradient aggregation for shared pa-
rameters. Works have shown significant performance gains
by applying methods such as Pareto optimization [32], gra-
dient normalization [8], conflict projection [38], gradient
sign dropout [9], conflict-averse gradients [21], independent
gradient alignment [33], Bayesian uncertainty gradients [2],
Nash bargaining solution [29] and fair resource allocation
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[3]. In our approach, the upper-level optimization also em-
ploys gradient-based methods.
Remarks. Among existing loss-based and gradient-based
methods, to the best of our knowledge, only IMTL [23]
considers the learning of task-specific parameters and lever-
ages task-specific parameters to balance loss scales. How-
ever, this approach remains the issue of only allowing task-
specific parameters to be aware of the current task loss and
does not contribute to mitigating gradient conflicts.

3. Method
3.1. Rethinking MTL as Bi-Level Optimization
Notations. We utilize a single model to optimize k ≥ 2
tasks simultaneously. The input space is defined as X , and
the model consists of shared parameters θs and task-specific
parameters {θi}ki=1. For task i and input sample x ∈ X ,
the task-specific loss is represented as li = li(x, θs, θi).
The gradient contribution of task i to the shared parameters
is given by ∇θsℓi = ∇θs li(x, θs, θi), while the gradient
contribution to the task-specific parameters θi is ∇θiℓi =
∇θi li(x, θs, θi). Loss from task i does not contribute gra-
dients to other task-specific parameters {θj}j ̸=i. Addition-
ally, we denote the shared representation obtained from in-
put sample x after applying the shared parameters as z.
Design of ConsMTL. In ConsMTL, we address the gra-
dient conflicts issue through a bi-level optimization. The
upper-level optimization focuses on the gradient aggrega-
tion in shared parameters, aiming to find an update vec-
tor d ∈ Rn in the ball of radius ϵ centered around zero,
Bϵ whose dimension is the same as the shared parameters.
Given {∇θs li(x, θs, θi)}ki=1, the upper-level optimization
objective is shown as follows:

d = arg min
d∈Bϵ

A(d, {∇θs li(x, θs, θi)}ki=1), (1)

where A is an aggregation function to ensure optimization
fairness and mitigate gradient conflicts, which is discussed
in detail in Section 3.2.

The lower-level optimization concentrates on the task-
specific parameters {θi}ki=1. Notably, the gradient of task
i with respect to the shared parameters is represented by
∇θsℓi = ∇θsℓi(x, θs, θi), which can also be influenced by
θi. Our objective is to leverage this potential influence so
that optimizing θi will not only reduce the corresponding
loss ℓi but also gradually guide the gradients {∇θsℓi}ki=1 to
gradually converge towards the joint update vector, so that
the shared parameters can learn a more unified representa-
tion. In the process of the lower-level optimization, we as-
sume that the update vector d obtained from the upper-level
optimization is fixed. Thus, the objective is given by:

{θi}ki=1 = arg min
{θi}k

i=1

k∑
i=1

L(θi, d,∇θs li(x, θs, θi)), (2)

where L is a loss function specifically designed for θi to
balance the goals of reducing ℓi and aligning the gradients
of shared parameters, which is explained in detail in Section
3.3. Overall, the objective of the bi-level optimization in
ConsMTL can be formulated as follows:

d = arg min
d∈Bϵ

A(d, {∇θs li(x, θs, θi)}ki=1),

s.t. {θi}ki=1 = arg min
{θi}k

i=1

k∑
i=1

L(θi, d,∇θs li(x, θs, θi)).

3.2. Upper-Level Optimization
During the optimization process, we represent updates of
shared parameters at each iteration as θt+1

s = θts − ηd,
where η is the current step size and d is the computed up-
date direction. Considering a first-order Taylor expansion
ℓi(x, θ

t+1
s , θti) − ℓi(x, θ

t
s, θ

t
i) ≈ −η∇θt

s
ℓ⊤i d, we interpret

∇θsℓ
⊤
i d as the utility of task i at the current step following

recent works [3, 22, 29], and propose to minimize the mean
of the inverse utilities for each task:

arg min
d∈Bϵ

1

k

k∑
i=1

1

∇θsℓ
⊤
i d

s.t. ∇θsℓ
⊤
i d > 0,∀i. (3)

This approach emphasizes tasks with lower utilities, which
helps prevent tasks with higher utilities from dominating
the optimization. Additionally, ∇θsℓ

⊤
i d serves as an es-

timate of the immediate loss reduction for task i, effec-
tively representing its current optimization speed. Con-
versely, 1/∇θsℓ

⊤
i d indicates the approximate number of

steps needed for a unit of progress in task i. Thus, the ob-
jective in (3) aims to minimize the average steps required
for unit progress across all tasks.
Remarks. Similar to MGDA [32] and Nash-MTL [29],
the optimization objective in (3) can be viewed as a spe-
cial case of the FairGrad framework [3], which is a power-
ful gradient-based baseline and has been extensively com-
pared with our approach in experiments. However, our mo-
tivation for minimizing the average steps required for unit
progress across all tasks differs from its perspective of fair
resource allocation. Furthermore, we introduce an innova-
tive approach by deriving the analytical solution for d using
Lagrange multipliers as follows.

For each task i, both the objective function and con-
straints in (3) are convex, thus we can define the Lagrangian
for this problem:

L =
1

k

k∑
i=1

1

∇θsℓ
⊤
i d

+ λ(∥d∥2 − ϵ2)−
k∑

i=1

µi(∇θsℓ
⊤
i d),

where λ ≥ 0 and µi ≥ 0 are the Lagrange multipliers cor-
responding to the constraints. The multiplier λ enforces the
constraint on the norm of d, while µi enforces the positiv-
ity condition on the inner products ∇θsℓ

⊤
i d > 0. From
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(a) Epoch=0 (b) Epoch=20 (b) Epoch=40 (d) Epoch=60

Figure 2. The cosine similarity matrix of gradients for shared representation z across different tasks during training on QM9 (11-task).
Negative values are clipped to 0. The top row represents the case using only upper-level optimization, which can be considered as a naive
gradient-based method. The bottom row introduces lower-level optimization for task-specific parameters, i.e., ConsMTL.

the Complementary Slackness condition of the KKT condi-
tions, we have µi∇θsℓ

⊤
i d = 0, λ(∥d∥2 − ϵ2) = 0. Since

∇θsℓ
⊤
i d > 0 and ∥d∥ ≤ ϵ , it follows that ∥d∥ = ϵ and

µi = 0 for all i. Additionally, the gradient of the Lagrangian
with respect to d at the optimal point is:

∇dL = −1

k

k∑
i=1

1

(∇θsℓ
⊤
i d)

2
∇θsℓi+2λd−

k∑
i=1

µi∇θsℓi = 0.

Given that µi = 0, the stationarity condition simplifies to:

k∑
i=1

1

(∇θsℓ
⊤
i d)

2
∇θsℓi = 2kλd. (4)

Consistent with prior works [3, 29], we assume that
the gradients of different tasks are linearly independent, as
otherwise, it would indicate convergence to a Pareto sta-
tionary point. As a result, the vector d can be expressed
as a linear combination of the gradients from each task
d =

∑k
i=1 αi∇θsℓi. Neglecting the factor 2kλ in Eq. 4,

which can be adjusted using the step size ηt, we obtain
αi =

1
(∇θsℓ

⊤
i d)2

, or equivalently, (∇θsℓ
⊤
i d)

2 = 1
αi
.

Let G = (∇θsℓ1,∇θsℓ2, . . . ,∇θsℓk) ∈ Rn×k represent
the matrix of task gradients. We can then rewrite this equa-
tion in matrix form as:

G⊤Gα =
√
1⊘α, (5)

where the square root is applied element-wise. We treat
Eq. 5 as a constrained nonlinear least squares problem, as
can be efficiently solved by the scipy library to obtain the
coefficient α, thereby deriving the update vector d.

3.3. Lower-Level Optimizatoin
In the context of lower-level optimization, we consider
the following problem: since ∇θsℓi = ∇θsℓi(x, θs, θi),
changes in θi inherently influence ∇θsℓi. How can we ex-
ploit this relationship to mitigate gradient conflicts? A nat-
ural idea is to leverage ∇θsℓi to set an additional loss for θi.
Specifically, given the current gradients of the k tasks with
respect to the shared parameters, ∇θsℓ1,∇θsℓ2, . . . ,∇θsℓk,
and the update vector d obtained from the upper-level opti-
mization, we aim to align these k gradients with d. An in-
tuitive approach is to maximize the inner product between
each ∇θsℓi and d, which we define as:

Lextra
i = −λ < ∇θsℓi(x, θs, θi), d >,

where λ is a hyperparameter that controls the magnitude of
the loss, and d is the target update vector detached from the
computation graph.

However, calculating ∇θiLextra
i is memory exhausted.

Although ∇θsℓi = ∇θsℓi(x, θs, θi) can be used to compute
the gradient with respect to θi, this approach would include
the shared parameters θs in the newly created computation
graph. Since the number of parameters in θs is often much
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larger than that in θi, this leads to substantial memory and
time overhead. Therefore, we seek an alternative objective
by leveraging the shared representation z = N et(x, θs),
which is obtained by applying the shared parameters θs to
input x. Then, by applying the chain rule of differentiation:

∇θsℓi(x, θs, θi) = ∇zℓi(x, θs, θi) · ∇θsz. (6)

Note that in Eq. 6, ∇θsz is the same for all tasks. There-
fore, in order to align ∇θsℓi(x, θs, θi), we can consider
aligning ∇zℓi(x, θs, θi) instead. For ∇θsℓi(x, θs, θi), we
aim for alignment with the update vector d; whereas for
∇zℓi(x, θs, θi), the following proposition provides the cor-
responding target dz:
Proposition 3.1. Given the update vector d and the weight
coefficients {αi}ki=1 obtained from the upper-level opti-
mization, the gradient alignment target corresponding to
the shared representation z is given by:

dz =

k∑
i=1

αi∇zℓi(x, θs, θi).

Intuitively, the vector d obtained from the upper-level opti-
mization is the joint gradient for the shared parameters. By
the chain rule, we have:

dz · ∇θsz = [

k∑
i=1

αi∇zℓi(x, θs, θi)] · ∇θsz

=

k∑
i=1

αi∇θsℓi(x, θs, θi) = d.

This implies that by leveraging the parameter feedback
through {αi}ki=1, dz precisely represents the joint gradient
of the shared representation z, corresponding to the align-
ment target for the gradients ∇zℓi(x, θs, θi) across all tasks.
Consequently, the extra loss added to θi is redefined as:

Lextra
i = −λ < ∇zℓi(x, θs, θi), dz >, (7)

and the overall loss for θi is given by:

Li(θi) = ℓi(x, θs, θi) + Lextra
i . (8)

By incorporating Lextra
i , θi not only optimizes the cor-

responding task loss ℓi via gradient descent, but also gains
awareness of the overall gradient conflicts. For gradient
∇θsℓi that deviates from the joint direction, the computed
inner product will be smaller, resulting in a larger Lextra

i .
This, in turn, enforces the optimization of θi towards a di-
rection that promotes gradient alignment and increases the
inner product. As a result, the update direction of the shared
parameters θs becomes more coherent, leading to the learn-
ing of more unified shared features, while the task-specific
parameters θi effectively capture task-specific information.

Algorithm 1 ConsMTL Procedure

1: Input: Shared parameters θ0s ; Task-specific parameters
{θ0i }ki=1; Learning rate {ηt}Tt=1.

2: for t = 1 to T − 1 do
3: // Upper-level optimization
4: Compute gradients G(θts) = [∇θsℓ1, . . . ,∇θsℓk]
5: Solve Eq. 5 to obtain αt and dt
6: Update shared parameters θt+1

s = θts − ηtdt
7: // Lower-level optimization
8: Compute task-specific losses {Li(θ

t
i)}ki=1 using αt

and dt through Eq. 7 and Eq. 8
9: for i = 1 to k do

10: Update task-specific parameters through
θt+1
i = θti − ηt∇θt

i
Li(θ

t
i)

11: end for
12: end for
13: return θTs and {θTi }ki=1

It is important to note that λ serves as a critical hyper-
parameter in our approach, governing the relative magni-
tudes of the two loss terms and requiring specific tuning for
each task. In Section 4.5, our ablation study provides a de-
tailed examination of the influence of various λ values on
experimental outcomes, along with empirical guidelines for
selecting appropriate λ values.

3.4. Overall Framework
In ConsMTL, we solve the bi-level optimization by al-
ternatively updating the upper- and lower-level objectives.
Specifically, after obtaining the precise gradients through
backpropagation, we first perform gradient aggregation in
the upper-level optimization to obtain the update vector d
and weight coefficients {αi}ki=1, which are then fed back to
the lower-level optimization to compute task-specific losses
and perform gradient descent to update {θi}ki=1.

It is important to note that, while our method requires ad-
ditional computation of gradients with respect to the shared
representation z, this backpropagation passes only through
the task-specific parameters {θi}ki=1, which generally have
a small parameter count, thus incurring little overhead in
memory and computational cost. As shown in Fig. 3, on the
CelebA benchmark with as many as 40 tasks, our approach
does not exhibit noticeable disadvantages in memory us-
age or computation time compared to other gradient-based
methods. Our complete algorithmic procedure is summa-
rized in Algorithm 1.

In Fig. 2, we also visualize the cosine similarity matrix
of the gradients of different tasks with respect to the shared
representation z during the optimization process. By in-
corporating the lower-level optimization, the gradient simi-
larity across tasks significantly improves, which effectively
mitigates gradient conflicts and allows the shared parame-
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Table 1. Results on NYU-v2 (3-task) dataset. Each experiment is repeated 3 times with different random seeds and the average is reported.
The detailed standard error is reported in the supplementary material. The best scores are reported in gray .

METHOD

SEGMENTATION DEPTH SURFACE NORMAL

MR ↓ ∆m% ↓
MIOU ↑ PIX ACC ↑ ABS ERR ↓ REL ERR ↓ ANGLE DISTANCE ↓ WITHIN t◦ ↑

MEAN MEDIAN 11.25 22.5 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 12.44 5.59
SI 38.45 64.27 0.5354 0.2201 27.60 23.37 22.53 48.57 62.32 11.11 4.39
RLW [19] 37.17 63.77 0.5759 0.2410 28.27 24.18 22.26 47.05 60.62 15.22 7.78
DWA [25] 39.11 65.31 0.5510 0.2285 27.61 23.18 24.17 50.18 62.39 11.44 3.57
UW [17] 36.87 63.17 0.5446 0.2260 27.04 22.61 23.54 49.05 63.65 11.00 4.05
MGDA [32] 30.47 59.90 0.6070 0.2555 24.88 19.45 29.18 56.88 69.36 8.56 1.38
PCGRAD [39] 38.06 64.64 0.5550 0.2325 27.41 22.80 23.86 49.83 63.14 11.89 3.97
GRADDROP [9] 39.39 65.12 0.5455 0.2279 27.48 22.96 23.38 49.44 62.87 10.56 3.58
CAGRAD [21] 39.79 65.49 0.5486 0.2250 26.31 21.58 25.61 52.36 65.58 7.44 0.20
IMTL-G [23] 39.35 65.60 0.5426 0.2256 26.02 21.19 26.20 53.13 66.24 6.67 -0.76
MOCO [13] 40.30 66.07 0.5575 0.2135 26.67 21.83 25.61 51.78 64.85 7.00 0.16
NASH-MTL [29] 40.13 65.93 0.5261 0.2171 25.26 20.08 28.40 55.47 68.15 4.22 -4.04
ALIGNED-MTL [33] 40.15 66.05 0.5520 0.2291 25.37 19.89 28.30 55.29 67.95 6.56 -3.12
FAMO [22] 38.88 64.90 0.5474 0.2194 25.06 19.57 29.21 56.61 68.98 5.56 -4.10
FAIRGRAD [3] 39.74 66.01 0.5377 0.2236 24.84 19.60 29.26 56.58 69.16 3.67 -4.66

CONSMTL 40.33 65.32 0.5491 0.2151 24.35 18.80 31.06 58.28 70.31 2.78 -6.72

ters to learn a more unified representation. It is worth noting
that we only visualize the cosine similarity matrix for the
first 60 out of 300 epochs, as gradient similarities are typi-
cally more pronounced in the early stages of training. To-
wards the end of training, the gradient similarity stabilizes
or even decreases, and the gradient directions ultimately
become linearly correlated on the Pareto frontier, which
aligns with the observation in [16]. Overall, through gra-
dient aggregation in the upper-level optimization and gra-
dient alignment in the lower-level optimization, ConsMTL
effectively leverages both shared and task-specific parame-
ters to jointly mitigate gradient conflicts, thereby achieving
consistent multi-task learning.

4. Experiments

4.1. Protocols

We evaluate the proposed ConsMTL on a variety of multi-
task learning benchmarks, varying in both the number of
tasks and their types. First, we validate the performance of
ConsMTL on scene understanding benchmarks, including
NYUv2 [34] and Cityscapes [11]. Second, we conduct ex-
periments on regression tasks from the QM9 [5] benchmark.
Finally, we apply the method to image-level classification
using the CelebA [26] dataset. Additionally, we perform an
ablation study to explore the impact of the hyperparameter
λ on the experimental results.
Baselines: We compare our proposed ConsMTL described
in Section 3 with the following methods: Single-task
learning (STL), Linear Scalarization (LS), Scale-Invariant
(SI), Dynamic Weight Average (DWA) [25], Uncertainty

Weighting (UW) [17], Multi-Gradient Descent Algorithm
(MGDA) [32], Random Loss Weighting (RLW) [19], PC-
Grad [39], GradDrop [9], CAGrad [21], IMTL-G [23],
Nash-MTL [29], Moco [13], Aligned-MTL [33], FAMO
[22] and FairGrad [3].
Evaluation Metrics: Following previous works [22, 29, 32,
38], since MTL lacks a singular objective and performance
metrics can differ across tasks, we focus on two overall per-
formance metrics: (1) ∆m% is the average performance
drop relative to the single task learning baseline:

∆m% =
1

K

K∑
i=1

(−1)δi(Mm,i −Mb,i)/Mb,i × 100%,

where K is the number of total metrics. Mb,i is the value of
metric Mi obtained by the STL baseline and Mm,i denotes
the value from the compared MTL method. δi = 1 if a
higher value is better for the metric Mi and 0 otherwise. (2)
Mean Rank (MR): MR reports the average rank of each
method across metrics (lower is better). If a method ranks
first in all tasks, its MR will equal 1.

4.2. Experiments on Scene Understanding
Following previous works [3, 22, 29], we evaluate Con-
sMTL on the NYUv2 and Cityscapes datasets. The NYUv2
dataset [34] consists of 1449 densely labeled indoor images,
encompassing three pixel-level tasks: semantic segmenta-
tion, depth estimation, and surface normal prediction. Sim-
ilarly, the Cityscapes dataset [11] contains 5000 street-view
images with two tasks: semantic segmentation and depth es-
timation. We follow the setup in [22, 29] using MTAN [23].
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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 detailed standard error is reported in the supplemen-
tary material. The best scores are reported in gray .

METHOD

CITYSCAPES

SEGMENTATION DEPTH MR ↓ ∆m% ↓
MIOU ↑ PIX ACC ↑ ABS ERR ↓ REL ERR ↓

STL 74.01 93.16 0.0125 27.77

LS 75.18 93.49 0.0155 46.77 10.00 22.60
SI 70.95 91.73 0.0161 33.83 12.50 14.11
RLW [19] 74.57 93.41 0.0158 47.79 12.50 24.38
DWA [25] 75.24 93.52 0.0160 44.37 9.75 21.45
UW [17] 72.02 92.85 0.0140 30.13 8.50 5.89
MGDA [32] 68.84 91.54 0.0309 33.50 13.00 44.14
PCGRAD [39] 75.13 93.48 0.0154 42.07 10.25 18.29
GRADDROP [9] 75.27 93.53 0.0157 47.54 9.25 23.73
CAGRAD [21] 75.16 93.48 0.0141 37.60 8.75 11.64
IMTL-G [23] 75.33 93.49 0.0135 38.41 7.00 11.10
MOCO [13] 75.42 93.55 0.0149 34.19 5.75 9.90
NASH-MTL [29] 75.41 93.66 0.0129 35.02 4.00 6.82
ALIGNED-MTL [33] 75.77 93.69 0.0133 32.66 2.00 5.27
FAMO [22] 74.54 93.29 0.0145 32.59 9.00 8.13
FAIRGRAD [3] 75.72 93.68 0.0134 32.25 2.25 5.18

CONSMTL 75.57 93.32 0.0131 26.41 4.00 -0.59

Table 3. Results on CelebA (40-task) dataset. Each experiment
is repeated 3 times with different random seeds and the average is
reported. The detailed standard error is reported in the supplemen-
tary material. The best scores are reported in gray .

METHOD MR ↓ ∆m% ↓

STL 22.60 7.65

LS 7.62 4.15
SI 9.43 7.20
RLW [19] 6.65 1.46
DWA [25] 8.38 3.20
UW [17] 6.95 3.23
MGDA [32] 12.90 14.85
PCGRAD [39] 8.05 3.17
GRADDROP [9] 9.45 3.29
CAGRAD [21] 7.60 2.48
IMTL-G [23] 5.80 0.84
NASH-MTL [29] 6.12 2.84
FAMO [22] 5.97 1.21
FAIRGRAD [3] 6.67 0.37

CONSMTL 3.40 -1.42

To align with previous works, the model is trained for 200
epochs with a learning rate of 10−4 for the first 100 epochs,
decaying by half for the remaining epochs. The hyperpa-
rameter λ is set to 1 for NYUv2 and 50 for CityScapes.

The results presented in Table 1 and Table 2 highlight the
outstanding performance of our approach. On the NYUv2
dataset, while existing methods typically outperform the
STL baseline on segmentation and depth estimation tasks,
they fall short in surpassing STL on the surface normal pre-
diction task, revealing an imbalance between tasks. In con-
trast, by leveraging the potential of task-specific parameters
to mitigate gradient conflicts, our approach achieves an im-
pressive MR of 2.78 and the best ∆m% of -6.72%, and is
the only method that consistently outperforms STL across
all 3 tasks and 9 evaluation metrics.

On the Cityscapes benchmark, previous methods gener-
ally show superior optimization on the segmentation task
but fall short on the depth estimation task. In comparison,
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Figure 3. Comparison of memory usage and one-epoch runtime
across different gradient-based methods on CelebA (40-task).
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Figure 4. Ablation study on different λ values on NYUv2 (left)
and CelebA (right). Each experiment was repeated three times
with different random seeds, with error bars shown.

ConsMTL delivers a more balanced performance and is the
only method to achieve a negative ∆m% of -0.59%, further
demonstrating the effectiveness of our approach.

4.3. Experiments on Image-Level Classification
The CelebA benchmark [26] is a large-scale facial attributes
dataset containing more than 200,000 images, each anno-
tated with 40 binary attributes. This benchmark represents
a multi-task learning classification problem with 40 distinct
tasks, where each task predicts the presence or absence of
a specific attribute. Following the experimental setup in
[3, 22], we employ a 9-layer convolutional neural network
as the model backbone, augmented with task-specific linear
layers. The model is trained for 15 epochs using the Adam
optimizer with λ setting to 50.

The results are shown in Table 3. Our proposed method,
ConsMTL, achieves SOTA performance and is the only ap-
proach to obtain a negative performance drop of -1.42%.
This indicates that, compared to other methods, ConsMTL
is the only one to outperform the STL baseline in terms of
the average performance across all 40 tasks. Additionally,
Fig. 3 presents detailed information on memory usage and
time consumption. It can be observed that, by incorporating
the gradient of the intermediate representation z instead of
the gradient of shared parameters to impose an additional
loss, ConsMTL does not exhibit noticeable disadvantages,
even in scenarios with as many as 40 tasks.

4.4. Experiments on Multi-Task Regression
For multi-task regression, we evaluate the performance of
ConsMTL on the QM9 dataset [5], which consists of over
130,000 stable organic molecules represented as graphs.
Each molecule is annotated with one of 11 molecular prop-
erties, which vary significantly in both scale and difficulty.
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Table 4. Results on QM9 (11-task) dataset. Each experiment is repeated 3 times with different random seeds and the average is reported.
The detailed standard error is reported in the supplementary material. The best scores are reported in gray .

METHOD
µ α ϵHOMO ϵLUMO ⟨R2⟩ ZPVE U0 U H G cv MR↓ ∆m% ↓

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 14.06 143.4 144.2 144.6 140.3 0.128 9.09 177.6
SI 0.309 0.345 149.8 135.7 1.00 4.50 55.3 55.75 55.82 55.27 0.112 5.91 77.8
RLW [19] 0.113 0.340 76.95 92.76 5.86 15.46 156.3 157.1 157.6 153.0 0.137 10.64 203.8
DWA [25] 0.107 0.325 74.06 90.61 5.09 13.99 142.3 143.0 143.4 139.3 0.125 8.82 175.3
UW [17] 0.386 0.425 166.2 155.8 1.06 4.99 66.4 66.78 66.80 66.24 0.122 7.27 108.0
MGDA [32] 0.217 0.368 126.8 104.6 3.22 5.69 88.37 89.4 89.32 88.01 0.120 8.91 120.5
PCGRAD [39] 0.106 0.293 75.85 88.33 3.94 9.15 116.36 116.8 117.2 114.5 0.110 7.27 125.7
CAGRAD [21] 0.118 0.321 83.51 94.81 3.21 6.93 113.99 114.3 114.5 112.3 0.116 8.36 112.8
IMTL-G [23] 0.136 0.287 98.31 93.96 1.75 5.69 101.4 102.4 102.0 100.1 0.096 7.18 77.2
NASH-MTL [29] 0.102 0.248 82.95 81.89 2.42 5.38 74.5 75.02 75.10 74.16 0.093 4.55 62.0
FAMO [22] 0.15 0.30 94.0 95.2 1.63 4.95 70.82 71.2 71.2 70.3 0.10 5.82 58.5
FAIRGRAD [3] 0.117 0.253 87.57 84.00 2.15 5.07 70.89 71.17 71.21 70.88 0.095 4.91 57.9

CONSMTL 0.115 0.202 82.69 67.58 1.61 3.33 48.84 49.04 49.07 49.63 0.077 2.00 23.2

Following established protocols [3, 22, 29], we employ a
graph-based model architecture, specifically the message-
passing neural network (MPNN) [14]. The task-specific pa-
rameters for each task consist of only a single linear layer.
The models are trained for 300 epochs, with a learning rate
scheduler to adjust the learning rate throughout training,
consistent with prior works. The parameter λ is set to 1e-3.

The experimental results are presented in Fig. 2 and Ta-
ble 4. As shown in Fig. 2, compared to the naive MTL
paradigm with only upper-level optimization, by incorpo-
rating lower-level optimization, we observe a notable im-
provement in gradient similarity across tasks, which effec-
tively mitigates gradient conflicts and enables the shared
parameters to learn a more unified representation. On the
QM9 benchmark, where task difficulty varies greatly and
gradient conflicts are more pronounced, the consistent opti-
mization of both shared and task-specific parameters signif-
icantly mitigates these conflicts. As seen in Table 4, Con-
sMTL reduces the average performance drop by over 30%
compared to prior methods. Addtionally, unlike previous
approaches which generally perform worse than the STL
baseline across all tasks, our method surpasses the STL in
5 out of 11 tasks and exhibits strong competitiveness on the
remaining tasks. This clearly highlights the immense po-
tential of MTL and the superiority of our approach.

4.5. Ablation Study on the Hyperparameter λ

The hyperparameter λ plays a crucial role in our method, as
it governs the relative magnitude of the two loss terms, and
thus needs to be specified for each task. Figure 4 shows the
impact of varying λ on the experimental results. A well-
chosen λ can improve performance, whereas an excessively
large λ may cause a significant performance decline. This
phenomenon can be intuitively explained: smaller values of
λ help adjust the gradients from the original loss without in-
troducing large fluctuations. However, when λ becomes too
large, leading to ∇θiLextra

i dominating, the ability of ∇θiℓi

to reduce task-specific loss is relatively weakened.
Due to the significant differences between ∥∇θiℓi∥ and

∥∇θiLextra
i ∥ across different tasks, providing a unified crite-

rion for setting λ is challenging. However, as shown in Fig-
ure 4, the performance drop on NYUv2 and Celeba demon-
strates a similar trend of initially decreasing and then in-
creasing with larger λ. Based on this, we recommend grad-
ually increasing λ from 0 in practice to identify an optimal
value. In our experiments, we typically print ∥∇θiℓi∥ and
∥∇θiLextra

i ∥ during the initial epochs and compare their ap-
proximate magnitudes to determine a suitable range for λ.
We generally suggest setting λ that ∥∇θiLextra

i ∥ is approx-
imately 0.1 × ∥∇θiℓi∥ and applying gradient clipping to
mitigate excessive fluctuations.

5. Conclusion, Limitations and Future Work
In this work, we point out the inconsistent optimization
of previous methods and emphasize the important role of
task-specific parameters that influence the gradients propa-
gated back to shared parameters. Based on this key obser-
vation, we propose ConsMTL, a novel multi-task learning
paradigm that models MTL as a bi-level optimization prob-
lem. We introduce optimization objectives for shared and
task-specific parameters, respectively, which complement
each other to address the issue of gradient conflicts consis-
tently. Extensive experiments demonstrate that ConsMTL
achieves SOTA performance across various benchmarks.
Limitations and Future Work. Although introducing ad-
ditional optimization objectives for task-specific parameters
helps mitigate gradient conflicts, the extra gradient com-
putation inevitably introduces memory and computational
overhead. Future work can explore more efficient methods
to achieve this goal. Additionally, as shown in Section 4.5,
different λ can have varying effects on the experimental re-
sults, and the appropriate λ may change during different
stages of training. We leave the investigation of adaptive
methods for dynamically adjusting λ for future work.
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