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Abstract

Multi-Task Learning (MTL) enables multiple tasks to be
learned within a shared network, but differences in objec-
tives across tasks can cause negative transfer, where the
learning of one task degrades another task’s performance.
While pre-trained transformers significantly improve MTL
performance, their fixed network capacity and rigid struc-
ture limit adaptability. Previous dynamic network archi-
tectures attempt to address this but are inefficient as they
directly convert shared parameters into task-specific ones.
We propose Dynamic Token Modulation and Expansion
(DTME-MTL), a framework applicable to any transformer-
based MTL architecture. DTME-MTL enhances adaptabil-
ity and reduces overfitting by identifying gradient conflicts
in token space and applying adaptive solutions based on
conflict type. Unlike prior methods that mitigate negative
transfer by duplicating network parameters, DTME-MTL
operates entirely in token space, enabling efficient adapta-
tion without excessive parameter growth. Extensive exper-
iments demonstrate that DTME-MTL consistently improves
multi-task performance with minimal computational over-
head, offering a scalable and effective solution for enhanc-
ing transformer-based MTL models.

1. Introduction

Multi-Task Learning (MTL) enables multiple tasks to be
learned simultaneously within a shared network, improving
generalization, efficiency, and convergence speed compared
to training separate models [6]. However, conflicting objec-
tives among tasks can lead to negative transfer, where learn-
ing one task degrades the performance of another [10]. The
key challenge lies in designing architectures that effectively
balance shared and task-specific representations to mitigate
negative transfer.

Transformer-based MTL architectures [63, 64, 67] lever-

*Our source code is available at: https://github.com/
wooseong97/DTME-MTL

age the strong generalization capabilities of large-scale pre-
trained networks such as Vision Transformers (ViTs) [14].
By utilizing pre-trained transformers trained on large open-
source datasets, these architectures demonstrate improved
generalization compared to conventional CNN-based MTL
methods [11, 16, 41, 53, 57, 61, 71, 72]. However, they typ-
ically rely on predefined modules, such as Task Prompter
mechanisms [63, 64, 67] and Mixture of Experts (MoE)
[9, 18, 44, 48, 70], to separate shared and task-specific
components. These rigid structures struggle to adapt to
dynamic task relationships, leading to inefficient informa-
tion sharing and suboptimal performance. The degree of
task specialization required varies across different network
depths [15]: high-level tasks such as semantic segmentation
demand greater capacity in deeper layers, while low-level
tasks like surface normal estimation rely more on shallower
layers. Ideally, MTL architectures should dynamically ad-
just the allocation of shared and task-specific representa-
tions to accommodate these variations. However, exist-
ing transformer-based MTL frameworks are inherently con-
strained by their fixed network capacity, limiting their abil-
ity to adapt to evolving task dependencies and effectively
mitigate negative transfer.

A straightforward approach to addressing these limita-
tions is to increase the size of the transformer backbone.
While this expands network capacity, it has a major draw-
back: it prevents the use of open-source pre-trained net-
works, which provide strong initialization and generaliza-
tion capabilities across multiple tasks. Training a larger
network from scratch requires massive computational re-
sources and large-scale datasets, making this approach im-
practical for many applications. Instead, an effective MTL
framework should refine existing architectures to retain
the advantages of pre-trained transformers while improving
adaptability to task-specific needs.

To achieve this, efficient adaptation methods for pre-
trained transformer-based MTL architectures are needed.
Unlike approaches that build MTL frameworks from scratch
or rely on task optimization within a fixed network capacity,
we focus on adapting and enhancing predefined architec-
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tures while preserving their core design. This allows exist-
ing MTL models to be improved efficiently while dynami-
cally adjusting task-specific representations. Despite its po-
tential, the challenge of how to adaptively expand existing
multi-task networks remains an underexplored problem.

One possible approach for adapting models during fine-
tuning is the use of multi-task optimization techniques
[13, 23, 33, 35–38, 45, 49, 50, 68], which mitigate negative
transfer by adjusting task loss weights or modifying gradi-
ents. While these methods help balance task performance,
they remain limited by a fixed network design and cannot
expand model capacity.

A more direct approach involves dynamic network archi-
tectures, such as Recon [22], which directly expand network
capacity to mitigate negative transfer. Recon measures con-
flicting gradients [68] in each layer—where gradients from
different tasks point in opposing directions—and trans-
forms the most conflicting layers into task-specific ones.
While this increases flexibility by expanding the capacity of
predefined architectures, directly converting shared param-
eters into task-specific ones in transformers leads to param-
eter inefficiency, excessive computational overhead, and a
higher risk of overfitting. Consequently, its scalability to
large transformer-based architectures is limited.

To address these challenges, we propose Dynamic To-
ken Modulation and Expansion (DTME-MTL), a novel
framework designed to improve pre-trained transformer-
based MTL architectures. Unlike previous methods that di-
rectly manipulate network parameters, our approach miti-
gates negative transfer by restructuring the token space of
multi-task networks. We treat transformer tokens as learn-
able parameters and analyze their structure using singular
value decomposition (SVD) to identify gradient conflicts in
token space. These conflicts are categorized into two types:
range space conflicts, which are addressed through modu-
lation via affine transformation of existing tokens, and null
space conflicts, which are resolved by introducing new task-
specific tokens through expansion.

In our experiments, we demonstrate that DTME-MTL
effectively enhances multi-task performance with minimal
parameter overhead. Additionally, our results highlight that
resolving task conflicts in the token space improves adapt-
ability while mitigating overfitting.

Our main contributions are summarized as follows:
• We propose DTME-MTL which dynamically modulates

and expands token spaces to mitigate negative transfer in
transformer-based multi-task architectures.

• We introduce a structured approach to resolving gradient
conflicts in token space by categorizing them into range
and null space conflicts, demonstrating how this improves
multi-task performance.

• DTME-MTL is an off-the-shelf solution that seamlessly
integrates with existing state-of-the-art transformer-based

MTL architectures, enhancing performance with minimal
computational overhead.

2. Related Works

Multi-Task Learning in Vision Transformers. Originally
designed for NLP tasks, transformers have outperformed
existing CNN models in various computer vision tasks. At-
tempts have been made to incorporate Vision Transformer
[14, 39, 58–60, 65] in MTL. MTFormer [62] employs a
shared transformer encoder and decoder with a cross-task
attention mechanism. MulT [1] utilizes a shared attention
mechanism to model task dependencies based on the Swin
transformer. InvPT [66] focuses on global spatial position
and multi-task context for dense prediction tasks through
multi-scale feature aggregation. Mixture of Experts (MoE),
inspired by the NLP domain, divides the model into pre-
defined expert groups, adaptively shared or devoted to spe-
cific tasks during the learning phase [9, 18, 27, 44, 48, 70].
Task prompter [63, 64, 67] uses task-specific tokens to en-
capsulate task-specific information and employs cross-task
interactions to enhance multi-task performance.

Dynamic Network Architectures for MTL. Dynamic net-
works adapt their structure during training to improve ef-
ficiency and task specialization. Several methods have ex-
plored dynamic architectures for MTL. Channel-wise dy-
namic allocation [2] assigns different convolutional chan-
nels to different tasks, but this method is not directly ap-
plicable to transformer-based architectures. Neural Archi-
tecture Search (NAS) for MTL [3, 5, 21, 24, 34, 47, 52]
explores optimal network configurations but is computa-
tionally expensive and incompatible with large pre-trained
backbone models such as ViTs [14]. Recon [22] transforms
shared parameters directly into task-specific ones to handle
conflicting gradients. Unlike most dynamic network archi-
tectures, our approach focuses on a dynamic system that can
be directly applied to transformer-based multi-task architec-
tures, leveraging pre-trained backbones while maintaining a
reasonable computational cost.

Multi-Task Optimization. Optimizing the MTL aims to
address negative transfer by adjusting the relative weight-
ing of task losses or directly manipulating gradients. Task-
dependent uncertainty [33] is utilized to weigh the loss of
multiple tasks. Liu et al. [38] considers the rate of loss
descent, while [23] prioritizes tasks based on difficulty.
Recently, Liu et al. [36] proposed updating task weights
based on the loss history. In contrast, approaches like
[13, 35, 37, 45, 49, 50, 68] directly modify task gradients to
achieve the desired balance. PCGrad [68] analyzes negative
transfer by identifying conflicting gradients in the shared
parameters of the network. Jiang et al. [31] suggests a posi-
tive link between negative transfer and conflicting gradients
in auxiliary task learning. However, the conventional view
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Figure 1. Framework overview of the proposed DTME-MTL. (a) At each network layer, we compute the input token’s range space R(T̃ d
s )

and their task-specific gradients, determining principal vectors from the uncentered covariance of Ts. (b) In cases where task-specific
gradients conflict in the range space of T̃ d

s (e.g. gR,i · gR,j ≤ 0), modulation is applied to Ts by introducing Mi and Mj . (c) When
task-specific gradients conflict within the null space of T̃ d

s (e.g. gN ,i · gN ,j ≤ 0), task-specific tokens Ti and Tj are added.

in MTL considers conflicting gradients a key factor con-
tributing to negative transfer in joint multi-task learning op-
timization [13, 29, 30, 35, 37, 45, 49, 50, 68], where tasks
are learned together rather than serving as auxiliary tasks.
Therefore, we adopt a similar perspective. Normalized gra-
dients are employed to prevent spillover between tasks [7],
whereas Chen et al. [8] introduce stochasticity to the net-
work’s parameters based on the consistency in the sign of
gradients. RotoGrad [28] rotates the feature space of the
network to narrow the gap between tasks.

3. Preliminaries
In multi-task learning, the network learns a set of tasks
{τi}Ki=1 jointly, where K is the number of tasks. Each task
τi has its own loss function Li. The network parameter Θ
can be classified into Θ = {Θs,Θ1, ...,ΘK} where Θs is
shared parameter across all tasks and Θi is task-specific pa-
rameters devoted to task τi. Then, the objective function of
multi-task learning is to minimize the weighted sum of all
tasks’ losses: Θ∗ = argminΘ

∑K
i=1 wiLi(Θs,Θi) where

wi represents the scale of the task-specific loss Li. A phe-
nomenon called conflicting gradients [68], where the gradi-
ents of each objective point in different directions, has been
identified as a main cause of negative transfer.

Definition 1 (Conflicting gradients). Define gi as the gra-
dient of task τi with respect to the shared parameters Θs as

gi = ∇Θs
Li(Θs,Θi). Let gi and gj represent the gradients

for a pair of tasks τi and τj where i ̸= j. If gi ·gj ≤ 0, these
two gradients are termed conflicting gradients.

However, the role of conflicting gradients remains a topic
of debate. While conventional MTL optimization studies
[13, 29, 35, 37, 45, 49, 50, 68] consider conflicting gradi-
ents as a main cause of negative transfer, Jiang et al. [31]
argue that they can serve as a form of regularization that
improves generalization when present in network parame-
ters. Our findings align with Jiang et al. [31] in that directly
resolving conflicting gradients by converting shared param-
eters into task-specific ones [22] leads to overfitting when
applied to transformers. In contrast, we propose a token-
based network expansion approach that categorizes gradient
conflicts within token space and adapts accordingly, miti-
gating negative transfer while maintaining generalization.

4. Method

In order to mitigate negative transfer by ensuring sufficient
space for tasks, we adopt token-based network expansion.
Initially, we define the token space as the output of each
layer in the transformer block through singular value de-
composition (SVD). Subsequently, we categorize conflicts
in task-specific gradients into two types: conflicts in the
range space of tokens and conflicts in the null space of
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Figure 2. The process approximates the range and null spaces of T̃ d
s based on the proportion of total variance, r. These eigenvalues are

arranged in descending order, satisfying λi ≥ λj if i < j. If r is greater than the sum up to λm and smaller than the sum up to λm+1, then
we select the set {λi}mi=1 as ΛR, and the remaining set {λi}pi=m+1 as ΛN .

tokens. Finally, based on the type of conflict, we intro-
duce efficient token modulation and expansion techniques
for transformer-based multi-task architectures.

4.1. Defining Token Space using SVD
In this section, we create a vector space consisting of shared
tokens in a transformer, aiming to classify the types of con-
flicting gradients. More specifically, we approximate the
range space and null space of the uncentered covariance of
the tokens before applying our methods.

Let’s consider a dataset {Xl,Yl}nl=1, where Xl repre-
sents the input, Yl denotes the label, and n is the number
of samples. Denote input shared token for a layer d as
T l,d
s = [T l,d

s,1 , T
l,d
s,2 , ..., T

l,d
s,N ] where N is the total number

of shared tokens in that layer. Every token T l,d
s,k ∈ Rp rep-

resents the output of the transformer layer d− 1 for the cor-
responding input data Xl, where p is the hidden dimension
of the token embedding. Let’s consider a total of D trans-
former layers. Next, the uncentered covariance of the token
in layer d (where 1 ≤ d ≤ D) is as follows:

T̃ d
s =

1

n

n∑
l=1

(T l,d
s )(T l,d

s )T (1)

T̃ d
s is a square matrix of dimensions p × p. To define the

token space, we apply SVD to T̃ d
s . Following this, we

can divide vector space formed by T̃ d
s into its range space

R(T̃ d
s ) and null space N (T̃ d

s ) depending on the magnitude
of eigenvalue Λ. The process is illustrated below:

T̃ d
s = UΛVT , Λ =

[
ΛR 0
0 ΛN

]
(2)

where Λ is a diagonal matrix. Each ΛR and ΛN represent
submatrices of Λ containing the eigenvalues of the range
space and null space, respectively. Both U and V are square
matrices, each with dimensions p× p.

From Eq. (2), we obtain a mathematical tool to define
the range and null space of the covariance of the token, T̃ d

s .
To approximate the range space, we choose the eigenvalue
ΛR along with their corresponding eigenvectors from UR.

On the other hand, when approximating the null space, we
should select the eigenvalues ΛN and their corresponding
eigenvectors from UN . Ideally, we should choose eigenval-
ues that are exactly zero to form the null space. However,
in practice, Λ can not be precisely zero. Therefore, it’s es-
sential to establish a criterion for selecting the eigenvalue to
distinguish between these two spaces.

Instead of introducing a new manually designed rule for
approximating each range and null space of T̃ d

s , we opt to
directly employ the evaluation tool for the SVD [32] as cri-
teria for determining the range and null space of tokens. In
assessing the accuracy of the SVD approximation, the pro-
portion of total variance, denoted as r, has been employed:

r =

∑
λ∈diag(ΛN ) λ∑
λ∈diag(ΛR) λ

(3)

The diag function serves as an operator, returning a set con-
taining the diagonal entries of the input matrix. In our ap-
proach, we employ Eq. (3) to directly divide the range and
null space of T̃ d

s . As depicted in Fig. 2, the diagonal el-
ements of the matrix Λ, obtained through the SVD of T̃ d

s ,
are arranged in descending order based on their magnitudes.
We can select the index of the eigenvalue m such that the
sum of eigenvalues up to order m is smaller than r, and the
sum up to m + 1 is larger than r. This index serves as a
boundary to divide the range space and null space of T̃ d

s .

4.2. Types of Gradient Conflicts
In Section 4.1, we create a p-dimensional vector space using
the uncentered covariance of the shared token T̃ d

s , linked to
the input data set {X}nl=1. This vector space is divided into
the range and null space, with each space spanned by eigen-
vectors corresponding to singular values selected based on
a specified ratio r. In the upcoming sections, we pinpoint
the types of gradient conflict within the vector space we’ve
constructed. We then address these conflicts adaptively by
introducing token modulation and expansion techniques.

Using Eq. (2) and Eq. (3), we can partition the eigen-
vectors of the p-dimensional vector space into its range and
null space. Now, let’s consider the shared tokens T l,d

s =

[T l,d
s,1 , . . . , T

l,d
s,N ], omitting the explicit notation of l, d for
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simplicity. For example, we write T l,d
s → Ts, T l,d

s,k → Ts,k,
and T̃ d

s → T̃s. We treat Ts as network parameters, for which
gradients can be computed during the backpropagation pro-
cess. Then, for each loss Li, the task-specific gradient for
Ts,k is denoted as gi = ∇Ts,k

Li. Consequently, we ob-
tain task-specific gradients {gi}Ki=1 corresponding to a set
of losses {Li}Ki=1 for Ts as shown in Fig. 1-(a).

Each task-specific gradient gi can be decomposed into
two components, gR,i and gN ,i, through projection onto the
range and null space of T̃ d

s , respectively. This breakdown
is expressed as follows:

gR,i = (URUT
R)∇Ts,k

Li gN ,i = (UNUT
N )∇Ts,k

Li (4)

UR and UN are orthogonal matrices that consist of eigen-
vectors of the range space and null space, respectively, with
each column representing one eigenvector. Then, the matri-
ces (URUT

R) and (UNUT
N ) function as projection operators

onto the range and null spaces, respectively.
Building upon the concept of conflicting gradients out-

lined in Definition 1, we classify conflicts into two types
based on the space in which they occur: range space con-
flicts and null space conflicts. Specifically, conflicts in the
range space of tokens occur when gR,i · gR,j ≤ 0 for any
pair of i and j where i ̸= j. Likewise, conflicts in the null
space of tokens emerge when gN ,i · gN ,j ≤ 0.

4.3. Token Modulation and Expansion
Building on the gradient conflict types defined in Sec. 4.2,
we propose adaptive strategies to mitigate task interference.
Specifically, if gradient conflicts occur in the range space,
we apply an affine transformation to modulate tokens, while
conflicts in the null space are addressed by introducing addi-
tional tokens to expand the feature space. This distinction is
particularly relevant in the transfer learning setting, where
a pretrained transformer backbone is used, and task inter-
ference must be handled during fine-tuning. According to
[46], training from pretrained weights constrains the model
within the same basin of the loss landscape, preserving a
feature space similar to that of the pretrained network. This
insight guides our separation of token space into range and
null spaces: conflicts in the row space indicate that the net-
work already has relevant interpretative capabilities and can
be resolved through rotation or scaling, whereas conflicts
in the null space suggest the need for additional features,
requiring token expansion to enhance the model’s capacity.
Token Modulation. In situations where task-specific gra-
dients conflict within the range space of T̃s, such as gR,i ·
gR,j ≤ 0, modulators Mi and Mj are added after the
shared token Ts as shown in Fig. 1-(b). The token modula-
torM is a straightforward affine transformation that mod-
ulates the shared token Ts along the channel dimension.
To elaborate, considering the embedding dimension of the

Algorithm 1: DTME-MTL

Data: Task {τi}Ki=1, Loss function {Li}Ki=1,
Dataset {Xl,Yl}nl=1, Shared tokens
T l,d
s = {T l,d

s,i }Ni=1, Depth of the Network D

1 for each layer of the network (d← 1 to D) do
2 Get tokens {T l,d

s }nl=1 for the layer d
corresponding to input {Xl}nl=1

3 Calculate uncentered covariance.
T̃ d
s = 1

n

∑n
l=1(T l,d

s )(T l,d
s )T

4 Singular value decomposition.
U ,Λ,V = SV D(T̃ d

s )
5 Divide range and null space. U = [UR,UN ]
6 Projection to range space.

{gR,i}Ki=1 = {(URUT
R)∇T l,d

s,k
Li}Ki=1

7 Projection to null space.
{gN ,i}Ki=1 = {(UNUT

N )∇T l,d
s,k
Li}Ki=1

8 if gR,i · gR,j ≤ 0 then
9 Insert token modulatorsMi andMj

10 if gN ,i · gN ,j ≤ 0 then
11 Insert task-specific tokens Ti and Tj

transformer p and the number of shared tokens is N , we
can arrange Ts in the form [Ts,1, . . . , Ts,N ]. This arrange-
ment turns Ts into a p × N matrix. The modulator M,
which incorporates weight and bias W, b ∈ Rp, performs
the transformation W ⊙Ts,i+ b, where⊙ denotes element-
wise multiplication. When the gradient lies in the row space
of T̃s, Proposition 1 demonstrates that applying token mod-
ulation can effectively resolve gradient conflicts, lowering
the multi-task loss.

Proposition 1. When the input token Tin for input sample
Xl spans the range space of T̃s, optimizing the token modu-
lators {Mi}Ki=1 reduces gradient conflicts in the row space
of T̃s and leads to a reduction in the multi-task loss.

Token Expansion. Similarly, in cases where task-specific
gradients conflict within the null space of T̃s, such as
gN ,i · gN ,j ≤ 0, task-specific tokens Ti and Tj are added
alongside shared tokens Ts as shown in Fig. 1-(c). The
task-specific tokens {Ti}Ki=1 are concatenated with shared
tokens before entering the transformer block. Conse-
quently, each task-specific token acquires task-specific in-
formation within that layer. Specifically, in a standard trans-
former block, self-attention is performed for each pair of
tokens in the form of [Ts,1, . . . , Ts,N ] × [Ts,1, . . . , Ts,N ].
With token expansion, attention is extended to include
[Ts,1, . . . , Ts,N ]× [T1, . . . , TK] on the output. Proposition 2
explains how expanding the token space to address gradi-
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Table 1. We conduct an ablation study on dynamic token modulation and expansion, evaluating the multi-task performance of our method
on NYUD-v2 and PASCAL-Context. The results of TE, TM, and their combination, TE+TM are presented. We employ a shared encoder
and multiple decoders, using ViT-T as the backbone network.

NYUD-v2 PASCAL-Context
Semseg Depth Normal Edge Semseg Parsing Saliency Normal EdgeModel
mIoU ↑ RMSE ↓ mErr ↓ odsF ↑ mIoU ↑ mIoU ↑ maxF ↑ mErr ↓ odsF ↑

Baseline (ST) 39.35 0.6611 22.14 59.68 67.96 58.90 83.76 15.65 47.70
Baseline (MT) 34.13 0.6732 22.51 55.30 54.47 51.48 82.04 16.22 41.28
TM 37.85 0.6490 21.75 56.92 64.28 55.10 83.02 15.40 45.80
TE 37.25 0.6553 21.87 57.00 60.51 54.00 82.85 15.55 44.98
TM+TE 38.27 0.6370 21.64 57.90 66.18 56.29 83.41 15.26 47.00
Gain (vs. MT) △4.14 △0.0362 △0.87 △2.60 △11.71 △4.81 △1.37 △0.96 △5.72
△m ↑ 0.044 -1.289
#Param ↑ (%) 0.24 0.30

Figure 3. Task performance varies based on when we expand the network. To determine the optimal timing, we assess expansions at the
beginning of training and at the end of each quarter iteration, monitoring the corresponding changes in performance.

ent conflicts in the null space of T̃s leads to a reduction in
multi-task loss when the gradient lies in this null space. All
proofs are provided in Supple E.

Proposition 2. When the input token Tin for input sam-
ple Xl spans the null space of T̃s, token expansion using
{Ti}Ki=1 alleviates the increase in multi-task loss caused by
gradient conflicts in the null space of T̃s.

The complete procedure for DTME-MTL is outlined in
Alg.1. Handling gradient conflicts in token space improves
adaptability and reduces overfitting while being more effi-
cient than addressing conflicts at the parameter level.

5. Experiments
5.1. Experimental Settings
Datasets and Evaluation. Our method is evaluated on
multi-task datasets: NYUD-v2 [51], PASCAL-Context [43]
and Taskonomy [69]. Each of them with 4, 5, 11 tasks.
To evaluate the performance of tasks, we employed widely
used metrics. To evaluate the multi-task performance, we
utilize the metric proposed by Maninis et al. [42]. It mea-
sures the per-task performance Mm,i by averaging it with
respect to the single-task baseline Mb,i, as shown in△m =

(1/K)
∑K

i=1(−1)li(Mm,i −Mb,i)/Mb,i. li = 1 if a lower
value of the measure Mi indicates better performance for
task i, and 0 otherwise.
Baselines and Model Variants. For a comprehensive anal-
ysis of the proposed DTME-MTL framework, we adopt a
typical experimental setup for MTL in our experiments. In
Tab. 1, ‘Baseline (MT)’ refers to a simple multi-task ar-

chitecture consisting of a shared transformer backbone and
basic task-specific decoders. Each decoder comprises one
3× 3 Conv-BN-ReLU block. ‘Baseline (ST)’ has the same
structure as ‘Baseline (MT)’ but is trained with only a single
task. We assess the proposed DTME-MTL framework by
expanding the network from ‘Baseline (MT)’ and measure
the performance gains achieved by the proposed methods.
‘TM’ (Token Modulation) signifies the addition of the pro-
posed token modulator to ‘baseline (MT)’, while ‘TE’ (To-
ken Expansion) indicates the incorporation of task-specific
tokens onto ‘Baseline (MT)’. Finally, ‘TM+TE’ combines
both proposed methods. To show how effectively our ap-
proach reduces negative transfer, we also compare it with
previous multi-task optimization, though our methods can
be used alongside them. We include simple gradient descent
(GD), GradDrop [8], MGDA [49], PCGrad [68], CAGrad
[35], IMTL [37], Nash-MTL [45], and Aligned-MTL [50],
as well as loss balancing methods such as UW [33], DWA
[38], and FAMO [36]. We also compare our results with
dynamic network architecture such as Recon [22]. Further
experimental details are summarized in Supple B.

5.2. Experimental Results

Effectiveness of Token Modulation and Expansion. We
assess the effectiveness of the proposed methods on the
NYUD-v2 and PASCAL-Context datasets, with results de-
tailed in Tab. 1. In the last three rows of the table, we depict
the performance gains compared to the two baselines and
the increased number of parameters in “#Param ↑ (%)”.
Compared to the Baseline (MT), our methods demonstrate
significant performance improvements across all tasks in
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Table 2. Performance comparison based on the degree of conflicts in reversed order (Reversed) and randomly selected layers (Random).

NYUD-v2 PASCAL-Context
Semseg Depth Normal Edge Semseg Parsing Saliency Normal EdgeModel
mIoU ↑ RMSE ↓ mErr ↓ odsF ↑ mIoU ↑ mIoU ↑ maxF ↑ mErr ↓ odsF ↑

TM+TE 38.27 0.6370 21.64 57.90 66.18 56.29 83.21 15.26 47.00
TM+TE (Random) 36.88 0.6567 22.27 56.30 62.12 54.43 82.95 15.55 45.80
TM+TE (Reverse) 34.71 0.6898 22.59 55.80 57.84 52.82 82.75 15.74 43.20

(a) NYUD-v2 (b) PASCAL-Context

Figure 4. We evaluate the distribution of gradient conflicts by measuring the cosine similarity between task-specific gradients across all
shared parameters throughout the optimization process. This is represented as cosϕij in (a) for NYUD-v2 and in (b) for PASCAL-Context.

both datasets. Particularly noteworthy is the substantial in-
crease in multi-task performance achieved with just a 0.2%
to 0.3% increase in the total network parameters. Addi-
tionally, our approach exhibits comparable performance to
Baseline (ST) in a multi-task scenario. This implies that re-
ducing negative transfer is achievable by simply integrating
token modulators and task tokens, without complex mod-
ules.

Analysis of the Timing of Network Expansion. In Fig. 3,
we analyze the performance of each task according to the
timing of network expansion using the proposed DTME-
MTL. Specifically, the timing for expansion refers to the
point at which token modulation and expansion are per-
formed based on calculations of the token space using Sin-
gular Value Decomposition and measurement of gradient
conflicts. The figure illustrates the performance results
when network expansion is conducted at the beginning of
training (0th) and after each quarter of the entire training
process (ith 25% Iter). To ensure fair comparisons, we
trained the network using the same number of iterations af-
ter the expansion. The results indicate that the optimal tim-
ing for expansion may vary across tasks. However, over-
all, early-stage expansion during network training tends to
yield better performance. This aligns with the fact that our
approach builds on pre-trained backbone networks.

Analysis of Gradient Conflicts in Parameters. We fo-
cus on resolving gradient conflicts in token space. While
our primary method operates in token-level representations,
we also monitor gradient conflicts in parameter space to
better understand training dynamics. In Fig. 4, we visu-
alize the distribution of angles between task-specific gradi-
ents of network parameters, categorizing them into differ-
ent ranges and tracking their frequency over the course of

training. When applied to the baseline model, both Token
Modulation (TM) and Token Expansion (TE) reduce gradi-
ent conflicts in parameter space to some extent. However,
as shown in Tab. 7, where our methods are compared with
Recon [22], we observe important differences. Recon ex-
plicitly suppresses conflicts by modifying network parame-
ters whenever the cosine similarity between task gradients
becomes negative. Although this reduces gradient conflicts
in parameter space, it often results in severe overfitting and
degraded multi-task performance. These findings suggest
that conflicts in parameter space are not always reliable in-
dicators of negative transfer. Instead, resolving conflicts in
token space offers an alternative strategy that avoids overfit-
ting while still mitigating interference. Additional analysis
of token-level conflicts is provided in Appendix D.

Computational Cost of DTME-MTL. In Tab. 6, we report
the time consumption for each process of DTME-MTL on
PASCAL-Context using a single NVIDIA RTX A6000. We
measure the time required for calculating the token space
with SVD and for computing gradient conflicts in the token
space of the transformer. The time required for each process
increases with the size of the transformer. However, the
proposed methods are computationally efficient, requiring
approximately 1 hour with ViT-L. Considering that typical
multi-task architectures require at least one day of training
on a single GPU, the computational cost of DTME-MTL is
relatively low. Proposed DTME-MTL increases inference
time of each task about 13.4% with ViT-B.

Comparing Performance based on Layer Selection Cri-
teria. In Tab. 2, we applied TM+TE to layers with the
highest gradient conflicts between tasks. Results are also
shown for randomly chosen layers (Random) or layers with
the lowest gradient conflicts (Reverse). The network expan-
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Table 3. Comparison of multi-task optimization methods on Taskonomy across 11 tasks. Non-converged results are indicated with a dash.

Task DE DZ EO ET Key2D Key3D N PC R S2D S25D
Metric L1 Dist. ↓ L1 Dist. ↓ L1 Dist. ↓ L1 Dist. ↓ L1 Dist. ↓ L1 Dist. ↓ L1 Dist. RMSE ↓ L1 Dist. ↓ L1 Dist. ↓ L1 Dist. ↓ △m ↑ (%)

ST 0.0199 0.0195 0.1085 0.1714 0.1633 0.0872 0.2715 0.7586 0.1503 0.1742 0.1504 0.00

GD 0.0187 0.0188 0.1301 0.1757 0.1733 0.0942 0.3076 0.7991 0.1826 0.1902 0.1652 - 7.83
GradDrop [8] 0.0315 0.0242 0.1390 0.1776 0.1778 0.0976 0.4564 0.8644 0.2088 0.1995 0.1752 - 26.11
MGDA [49] - - - - - - - - - - - -
UW [33] 0.0190 0.0190 0.1308 0.1758 0.1734 0.0945 0.3109 0.8009 0.1840 0.1906 0.1657 - 8.43
DWA [38] 0.0186 0.0187 0.1294 0.1759 0.1735 0.0938 0.2788 0.7943 0.1805 0.1902 0.1640 - 6.45
PCGrad [68] 0.0217 0.0192 0.1298 0.1775 0.1714 0.0939 0.2856 0.7985 0.1817 0.1927 0.1595 - 8.29
CAGrad [35] 0.0219 0.0203 0.1314 0.1800 0.1665 0.0932 0.3039 0.8121 0.1874 0.1953 0.1673 - 10.57
IMTL [37] 0.0210 0.0192 0.1282 0.1772 0.1719 0.0936 0.2468 0.7784 0.1734 0.1943 0.1647 - 6.17
Align-MTL [50] 0.0189 0.0193 0.1254 0.1728 0.1664 0.0914 0.3524 0.8640 0.1938 0.1889 0.1582 - 9.41
Nash-MTL [45] 0.0201 0.0184 0.1248 0.1764 0.1701 0.0921 0.2658 0.7793 0.1706 0.1914 0.1624 - 5.01
FAMO [36] 0.0188 0.0188 0.1300 0.1758 0.1733 0.0942 0.3058 0.7986 0.1826 0.1904 0.1654 - 7.87
DTME-MTL 0.0150 0.0154 0.1193 0.1733 0.1668 0.0891 0.2038 0.7373 0.1567 0.1773 0.1517 + 4.67

Table 4. Adaptation of DTME-MTL to other state-of-the-art MTL
methods on NYUD-v2.

Task Semseg Depth Normal Edge
Metric mIoU ↑ RMSE ↓ mErr ↓ odsF ↑
MTformer [62] 50.04 0.490 - -
InvPT [66] 53.56 0.5183 18.81 78.10
+ DTME-MTL 54.38 0.5020 18.51 78.20
Taskprompter [67] 55.30 0.5152 18.47 78.20
+ DTME-MTL 56.36 0.5122 18.38 78.40

Table 5. Adaptation of DTME-MTL to other state-of-the-art MTL
methods on PASCAL-Context.

Task Semseg Parsing Saliency Normal Edge
Metric mIoU ↑ mIoU ↑ maxF ↑ mErr ↓ odsF ↑
MTformer [62] 73.51 64.26 67.24 - -
InvPT [66] 79.03 67.61 84.81 14.15 73.00
+ DTME-MTL 81.91 71.13 84.96 13.73 73.80
Taskprompter [67] 80.89 68.89 84.83 13.72 73.50
+ DTME-MTL 81.01 69.08 84.75 13.65 73.60

sion system, using conflict detection, outperforms random
selection across all tasks. Particularly, applying TM+TE to
layers with severe conflict levels consistently outperforms
its application in layers with lower conflict levels, validat-
ing the effectiveness of the strategy.
Comparison with Multi-Task Optimization. In Tab. 3, we
compare DTME-MTL with previous multi-task optimiza-
tion approaches to demonstrate its effectiveness in reducing
negative transfer between tasks on the Taskonomy bench-
mark using ViT-B. DTME-MTL achieves the best multi-
task performance, improving each task by an average of
4.67% with only a 0.118% increase in the number of pa-
rameters. Although DTME-MTL introduces additional pa-
rameters to address negative transfer, making direct com-
parisons with optimization methods less straightforward, it
consistently improves multi-task performance. However,
using more task-specific parameters does not always lead
to better performance. As as shown in Tab. 7, Recon shows
poor results with the vision transformer on NYUD-v2. This
comparison highlights that previous multi-task expansion
approaches, which naively duplicate network branches, are
not only parameter-inefficient but also prone to overfitting
due to the increased complexity of transformers.
Adapting to Multi-Task Architectures. In Tabs. 4 and 5,

Table 6. Time consumption of each process in DTME-MTL across
different backbone sizes, recorded in minutes.

Process (min) ViT-T ViT-S ViT-B ViT-L
Calculate Token Space (SVD) 3.61 3.74 11.54 11.96
Calculate Gradient Conflict 8.25 16.43 21.94 58.66

Table 7. Comparison with Recon on NYUD-v2
Semseg Depth Normal Edge #Param ↑ (%)Method mIoU ↑ RMSE ↓ mErr ↓ odsF ↑

Joint 34.13 0.673 22.51 56.38 0.0
Recon [22] 31.92 0.693 23.35 52.80 23.34
Ours 38.27 0.6370 21.64 57.90 0.24

we compare DTME-MTL with leading multi-task archi-
tectures on the NYUD-v2 and PASCAL-Context datasets.
We evaluate its multi-task performance against transformer-
based approaches. Our method is compatible with any
transformer-based multi-task architecture, enabling us to
assess its effectiveness by integrating it into two leading
models: InvPT and TaskPrompter. DTME-MTL seamlessly
enhances these architectures, significantly boosting perfor-
mance with only a minimal increase in parameters — just
0.048% for InvPT and 0.046% for TaskPrompter.

6. Conclusion
We introduced Dynamic Token Modulation and Expansion
for Multi-Task Learning, an efficient approach for improv-
ing transformer-based MTL architectures. By categoriz-
ing gradient conflicts into range space and null space, it
adaptively applies token modulation and expansion to miti-
gate negative transfer and reduce overfitting. DTME-MTL
seamlessly integrates with existing transformer-based MTL
frameworks, requiring minimal additional parameters. By
refining encoded token space, it provides a lightweight and
scalable solution for enhancing multi-task performance.
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Popović, Menelaos Kanakis, Jagruti Patel, Dengxin Dai, and
Luc Van Gool. Task switching network for multi-task learn-
ing. In Proceedings of the IEEE/CVF international confer-
ence on computer vision, pages 8291–8300, 2021. 12

[56] Simon Vandenhende, Stamatios Georgoulis, Bert De Bra-
bandere, and Luc Van Gool. Branched multi-task net-
works: deciding what layers to share. arXiv preprint
arXiv:1904.02920, 2019. 12

[57] Simon Vandenhende, Stamatios Georgoulis, and Luc
Van Gool. Mti-net: Multi-scale task interaction networks for
multi-task learning. In Computer Vision–ECCV 2020: 16th
European Conference, Glasgow, UK, August 23–28, 2020,
Proceedings, Part IV 16, pages 527–543. Springer, 2020. 1,
12

[58] Wenhai Wang, Enze Xie, Xiang Li, Deng-Ping Fan, Kaitao
Song, Ding Liang, Tong Lu, Ping Luo, and Ling Shao.
Pyramid vision transformer: A versatile backbone for dense
prediction without convolutions. In Proceedings of the
IEEE/CVF international conference on computer vision,
pages 568–578, 2021. 2

[59] Wenxiao Wang, Lu Yao, Long Chen, Binbin Lin, Deng Cai,
Xiaofei He, and Wei Liu. Crossformer: A versatile vision
transformer hinging on cross-scale attention. arXiv preprint
arXiv:2108.00154, 2021.

[60] Enze Xie, Wenhai Wang, Zhiding Yu, Anima Anandkumar,
Jose M Alvarez, and Ping Luo. Segformer: Simple and
efficient design for semantic segmentation with transform-
ers. Advances in Neural Information Processing Systems,
34:12077–12090, 2021. 2

[61] Dan Xu, Wanli Ouyang, Xiaogang Wang, and Nicu Sebe.
Pad-net: Multi-tasks guided prediction-and-distillation net-
work for simultaneous depth estimation and scene parsing.
In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 675–684, 2018. 1, 12

[62] Xiaogang Xu, Hengshuang Zhao, Vibhav Vineet, Ser-Nam
Lim, and Antonio Torralba. Mtformer: Multi-task learn-
ing via transformer and cross-task reasoning. In Computer
Vision–ECCV 2022: 17th European Conference, Tel Aviv, Is-
rael, October 23–27, 2022, Proceedings, Part XXVII, pages
304–321. Springer, 2022. 2, 8

[63] Yangyang Xu, Xiangtai Li, Haobo Yuan, Yibo Yang, and
Lefei Zhang. Multi-task learning with multi-query trans-
former for dense prediction. IEEE Transactions on Circuits
and Systems for Video Technology, 2023. 1, 2

[64] Yangyang Xu, Yibo Yang, and Lefei Zhang. Demt: De-
formable mixer transformer for multi-task learning of dense
prediction. In Proceedings of the AAAI conference on artifi-
cial intelligence, pages 3072–3080, 2023. 1, 2

[65] Jianwei Yang, Chunyuan Li, Pengchuan Zhang, Xiyang Dai,
Bin Xiao, Lu Yuan, and Jianfeng Gao. Focal self-attention
for local-global interactions in vision transformers. arXiv
preprint arXiv:2107.00641, 2021. 2

[66] Hanrong Ye and Dan Xu. Inverted pyramid multi-task trans-
former for dense scene understanding. In Computer Vision–
ECCV 2022: 17th European Conference, Tel Aviv, Israel,
October 23–27, 2022, Proceedings, Part XXVII, pages 514–
530. Springer, 2022. 2, 8, 12

[67] Hanrong Ye and Dan Xu. Taskprompter: Spatial-channel
multi-task prompting for dense scene understanding. In The
Eleventh International Conference on Learning Representa-
tions, 2022. 1, 2, 8, 12

[68] Tianhe Yu, Saurabh Kumar, Abhishek Gupta, Sergey Levine,
Karol Hausman, and Chelsea Finn. Gradient surgery for
multi-task learning. Advances in Neural Information Pro-
cessing Systems, 33:5824–5836, 2020. 2, 3, 6, 8

[69] Amir R Zamir, Alexander Sax, William Shen, Leonidas J
Guibas, Jitendra Malik, and Silvio Savarese. Taskonomy:
Disentangling task transfer learning. In Proceedings of the
IEEE conference on computer vision and pattern recogni-
tion, pages 3712–3722, 2018. 6

[70] Xiaofeng Zhang, Yikang Shen, Zeyu Huang, Jie Zhou,
Wenge Rong, and Zhang Xiong. Mixture of attention
heads: Selecting attention heads per token. arXiv preprint
arXiv:2210.05144, 2022. 1, 2

[71] Zhanpeng Zhang, Ping Luo, Chen Change Loy, and Xiaoou
Tang. Facial landmark detection by deep multi-task learning.
In Computer Vision–ECCV 2014: 13th European Confer-
ence, Zurich, Switzerland, September 6-12, 2014, Proceed-
ings, Part VI 13, pages 94–108. Springer, 2014. 1, 12

[72] Zhenyu Zhang, Zhen Cui, Chunyan Xu, Yan Yan, Nicu Sebe,
and Jian Yang. Pattern-affinitive propagation across depth,
surface normal and semantic segmentation. In Proceedings
of the IEEE/CVF conference on computer vision and pattern
recognition, pages 4106–4115, 2019. 1, 12

2897


	Introduction
	Related Works
	Preliminaries
	Method
	Defining Token Space using SVD
	Types of Gradient Conflicts
	Token Modulation and Expansion

	Experiments
	Experimental Settings
	Experimental Results

	Conclusion
	Additional Related Works
	Experimental Settings
	Datasets
	Implementation Details
	Design and Implementation Strategy
	Evaluation

	Additional Experiments
	Additional Analysis
	Theoretical Analysis
	Proof of theorem1
	Proof of theorem2


