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Abstract

While adapting pretrained vision models to downstream
dense prediction tasks is widely used, current methods of-
ten overlook adaptation efficiency, especially in the context
of multi-task learning (MTL). Although parameter-efficient
fine-tuning (PEFT) methods can enhance parameter effi-
ciency, broader aspects such as GPU memory and train-
ing time efficiency remain underexplored. In this paper, we
propose a new paradigm that simultaneously achieves ef-
ficiency in Parameters, GPU Memory, and Training Time
for Multi-Task Dense Vision Adaptation. Specifically, we
propose a dual-branch framework, in which a frozen pre-
trained backbone serves as the generic main branch, and

the proposed Bi-Directional Task Adaptation (BDTA) mod-
ules are integrated in parallel to form a task bypass branch
that extracts adaptation features required by multiple spe-
cific tasks. This adaptation module is lightweight, efficient,
and does not require backpropagation through the large pre-
trained backbone, thus avoiding resource-intensive gradient
computations. Moreover, a Mixture of Task Experts mecha-
nism (MoTE) is further proposed to integrate adaptation fea-
tures across tasks and scales, thereby obtaining more robust
representations tailored for dense prediction tasks. On the
PASCAL-Context benchmark, our method achieves over 2x
relative performance improvement compared to the best prior
multi-task PEFT method, while using only ~ 30% of the pa-
rameters, ~ 50% of the memory, and ~ 60% of the training
time, demonstrating superior overall adaptation efficiency.

1 Introduction

In recent years, the scale effect (Kaplan et al. 2020) has
empowered vision models (Caron et al. 2021) with re-
markable transferability and adaptability across a wide
range of downstream tasks (Awais et al. 2025), primarily
through large-scale pre-training followed by task-specific
fine-tuning (Oquab et al. 2023; Li et al. 2023). Traditional
adaptation methods (Chen et al. 2023a; Xia et al. 2024) of-
ten require full fine-tuning of the entire model for specific
local vision tasks, including semantic segmentation (Kirillov
et al. 2023), depth estimation (Yang et al. 2024), and related
objectives. For users with limited computational resources,
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Figure 1: Comparison of different adaptation paradigms for
MTL. (a) Full fine-tuning adaptation. (b) Multi-task PEFT
methods. (¢) The proposed method. (d) Comparison of per-
formance and efficiency on PASCAL-Context among the
single-task full fine-tuning baseline and multi-task PEFT
methods MTLoRA (Agiza, Neseem, and Reda 2024) and
TADFormer (Baek et al. 2025).

training and storing such large models poses a serious chal-
lenge. This issue becomes even more pronounced in multi-
task learning (MTL) scenario (Xu et al. 2023), where each
downstream task typically demands its own customized fine-
tuning, thereby further amplifying the total adaptation cost.

In the field of natural language processing (NLP), Large
Language Models (LLMs) (Ding et al. 2023; Houlsby et al.
2019) have become increasingly dominant. To enable ef-
ficient adaptation of these models, numerous Parameter-
Efficient Fine-Tuning (PEFT) methods (Han et al. 2024)
have been proposed, allowing pre-trained LLMs to be
adapted using only a small number of tunable parameters.



These approaches have demonstrated significantly improved
efficiency compared to traditional full fine-tuning. Moti-
vated by these successes, PEFT techniques have also been
extended to the visual domain (Xin et al. 2024b), with repre-
sentative examples including adapters (Chen et al. 2022; Jie
et al. 2024), low-rank adaptation (LoRA) (Hu et al. 2022b),
and visual prompt tuning (Jia et al. 2022; Han et al. 2023).
Although these PEFT methods have achieved success com-
pared to full fine-tuning, we observe that they still exhibit
unresolved limitations in attaining more Comprehensive Ef-
ficiency under Multi-Task Learning (MTL) contexts.

MTL seeks to employ a single model to simultaneously
perform multiple downstream tasks. In the full fine-tuning
paradigm (Fig. 1(a)), task-specific gradients are directly
propagated to the backbone, leading to substantial trainable
parameter overhead in both optimization and storage. To im-
prove parameter efficiency, recent works have explored ap-
plying PEFT to MTL, as shown in Fig. 1(b). For instance,
Polyhistor (Liu et al. 2022) and VMT-Adapter (Xin et al.
2024a) extend the adapter architecture to MTL, while MT-
LoRA (Agiza, Neseem, and Reda 2024) represents a multi-
task extension of LoORA. However, we identify a fundamen-
tal limitation in these PEFT-based approaches: they priori-
tize parameter efficiency while overlooking other critical as-
pects of adaptation efficiency, such as GPU memory usage
and training time. This is because from a topological per-
spective, current PEFT modules (e.g., LoRA and Adapter)
are typically inserted sequentially into the pretrained back-
bone. As a result, although the backbone parameters remain
frozen during fine-tuning, gradients must still be computed
for the intermediate backbone layers along the path from the
prediction output to the PEFT modules. These gradient com-
putations increase GPU memory consumption and training
time, thereby reducing overall efficiency.

To address the aforementioned limitations, this paper ex-
plores a route toward more comprehensive efficiency in vi-
sual adaptation within the MTL context, particularly for
challenging dense vision tasks such as semantic segmenta-
tion, surface normal estimation, and other pixel-level predic-
tions, by jointly considering parameters, GPU memory us-
age, and training time. As illustrated in Fig. 1(c), instead of
serially inserting adaptation modules into the backbone, our
framework adopts a parallel dual-branch architecture to ac-
quire task-specific adaptation features. The pre-trained back-
bone serves as a generic main branch, while the proposed
Bi-Directional Task Adaptation (BDTA) modules are con-
nected in parallel with the backbone, forming a task bypass
branch to learn task feature adaptations. This bypass branch
directly produces task-specific predictions without interact-
ing with intermediate backbone layers, thereby avoiding
complex gradient computations during backpropagation. To
enable fine-grained feature adaptation for dense prediction
tasks, BDTA modules are integrated at multiple stages of the
backbone, allowing for the extraction of hierarchical, multi-
scale adaptation features. On top of the adapted features, we
introduce a Mixture of Task Experts (MoTE) mechanism,
which treats each set of task-specific adapted features as a
knowledgeable expert and dynamically fuses them to enable
effective adaptation fusion across tasks. Through these de-
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signs, our model achieves adaptation tailored for Multi-Task
Dense Vision Tasks, while simultaneously achieving Com-
prehensive Efficiency in terms of parameters, GPU memory
usage, and training time, as illustrated in Fig. 1(d).

Our main contributions are summarized as follows:

We identify inefficiencies in existing PEFT methods be-
yond parameters. To the best of our knowledge, this work
presents the first framework that simultaneously consid-
ers parameter, memory, and time efficiency for adapting
pre-trained vision models to multi-task dense prediction.
We propose a parallel dual-branch architecture that inte-
grates task bypass branch with generic main branch via the
proposed Bi-Directional Task Adaptation (BDTA) mod-
ules. Furthermore, the Mixture of Task Experts (MoTE)
mechanism is introduced to enable cross-task fusion.

For multi-task scene understanding on PASCAL-Context,
our method surpasses the previous best multi-task PEFT
approach, TADFormer (Baek et al. 2025), with over 2x
relative performance gain, using only ~ 30% of the pa-
rameters, ~ 50% of the GPU memory, and ~ 60% of
the training time—demonstrating superior adaptation ef-
ficiency (Fig. 1(d)).

2 Related Work
2.1 Efficient Model Adaptation

Efficient model adaptation aims to adapt pre-trained mod-
els to new tasks by training only a small subset of param-
eters, which can be achieved through various routes. The
early transfer learning (Niu et al. 2021) involved freezing
the parameters of the feature extraction backbone and fine-
tuning only the output layer to adapt the model to the target
domain. PEFT (Han et al. 2024; Xin et al. 2024b) repre-
sents a modern approach that encompasses a range of widely
studied paradigms. Adapters (Yi-Lin Sung 2022; Pfeiffer
et al. 2020; Mercea et al. 2024) are bottleneck-structured
modules that are embedded at various locations within pre-
trained models. Low-Rank Adaptation (LoRA) (Hu et al.
2022a) approximates larger tensors using multiple low-
dimensional tensors for their updates. Prompt tuning (Zhou
et al. 2022; Jia et al. 2022) introduces a small number of
learnable prompt tokens to guide the model’s adaptation
to downstream tasks. While these methods primarily focus
on parameter efficiency, recent works such as LST (Sung,
Cho, and Bansal 2022), LoSA (Mercea et al. 2024), and
E3VA (Yin et al. 2024) have begun to address more com-
prehensive forms of efficiency, including memory and time.
However, these methods are limited to single-task adapta-
tion. To the best of our knowledge, comprehensively effi-
cient adaptation for MTL still remain underexplored.

2.2 Multi-Task Vision Adaptation

To address the needs of model adaptation in MTL scenar-
ios, particularly in the realm of computer vision, several
multi-task efficient vision adaptation strategies have recently
been explored. Polyhistor (Liu et al. 2022) proposes a cross-
task and cross-layer low-rank matrix decomposition tech-
nique to achieve parameter sharing within adapters. VMT-
Adapter (Xin et al. 2024a) introduces task-shared adapters
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Figure 2: Overall architecture of the proposed multi-task learning framework. The model comprises a frozen generic main
branch (GMB) built upon a pre-trained Swin-Tiny (Liu et al. 2021) and a tunable task bypass branch (TBB) with four Bi-
Directional Task Adaptation (BDTA) modules that progressively refine task-specific features. A Mixture of Task Experts
(MoTE) module integrates multi-level task-adapted features for final task-specific predictions.

and task-specific modules to achieve efficient model execu-
tion. MTLoRA (Agiza, Neseem, and Reda 2024) extends
LoRA to multi-task adaptation through task-specific low-
rank matrices. DiTask (Mantri et al. 2025) achieves task-
specific adaptation through the neural diffeomorphic trans-
formation of singular values. TADFormer (Baek et al. 2025)
introduces task prompts and dynamic task filters to capture
task-related contextual information. However, the adaptation
modules introduced in these methods are directly embed-
ded into the pre-trained backbone network, focusing solely
on parameter efficiency while neglecting the comprehensive
efficiency of GPU memory and training time. In contrast,
comprehensive adaptation efficiency is crucial for building
resource-friendly multi-task models and warrants further in-
vestigation.

3 Methodology

3.1 Dual-Branch Overview

Our proposed method is used to integrate with pre-trained
vision models. Fig. 2(a) illustrates the overall architecture
of our method when adapted to the hierarchical Swin Trans-
former model (Liu et al. 2021). The overall framework is a
dual-branch structure. First, we regard the pre-trained back-
bone as the Generic Main Branch (GMB). Given an input
image X, the forward propagation through its NV stages is

expressed as:

Fpve = PatchEmbed (X) ; 0
Five =bi (Fie)vi={1,...,N},

where the b; is the i-th stage of the GMB, where each stage
consists of a patch merging layer and Swin Transformer
blocks, and F,, € RY*C denotes the i-th intermediate
out with the L; tokens of dimension C;. Then, as shown in
Fig. 2(a), to adapt the pre-trained features to K downstream
tasks T' = {t1, o, ..., t i }, we also construct the task bypass

branch (TBB):
AY = PatchEmbed (X) ,t € T} o
Al =a; (AT F) i ={1,..,N},

where the a; is i-th adaptation stage of the TBB, which
is composed of a Bi-Directional Task Adaptation (BDTA)
module and a patch merging layer inherited from the corre-
sponding stage of the GMB, and A! € REi %% denotes the
i-th adaptation out for task ¢. For the first stage, we directly
utilize the patch embeddings from the GMB as the initial
feature for all tasks 7.

Finally, the obtained feature sets { pre} yi={1,..,N}
from GMB and {Ai} ,i={1,....,N},t € T from TBB are
passed to the Mixture of Task Experts (MoTE) module for
cross-task adaptation interactions. The final representations
are then processed by the prediction heads for final outputs.
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3.2 Bi-Directional Task Adaptation

The detailed architecture of the BDTA module is depicted in
Fig. 2(b). Specifically, for the i-th BDTA module, it takes the
intermediate features ., from the i-th stage of the GMB,

pre
as well as the adapted features { A/~ ' ¢ € T'} from the pre-
ceding TBB stage as inputs. To begin with, we use two pro-
jection layers to reduce the hidden dimensions of the inputs
from both branches to % of their original size, where 7 is
a reduction factor, obtaining the compressed representations
ﬁ;re € REX S and ATt e REix 5

In our method, we decouple the adaptation features re-
quired for different tasks into a combination of general and
task-specific ones, where the pre-trained features are re-
garded as general features across tasks. Accordingly, we
propose a bidirectional adaptation mechanism, compris-
ing General-to-Task adaptation (G27") and Task-to-General
adaptation (72G). This process can be formulated as:

A;Qt = H;2t (Ai_l7ﬁ;'re)7ﬁz29 = ,H‘iQQ (ﬁ;'rm A;Zt)y (3)
where the 7{; is the i-th adaptation mechanism, which is
mainly based on adapters and cross-attention and will be
elaborated below. '
G2T Adaptation. We first introduce G27T" adaptation Hj,,.

Specifically, the G2T adapters of each task ¢ are employed
to adapt general features into task-specific features:

Fioy = GeLU(Fppe - W2 V- W+ Fpot €T, (4)

where F, ;21& is the adapted feature for task ¢ in i-th stage,
and W92

down® ngt are the projection weights of the adapters.

Subsequently, we treat F ;Qt as key-value pairs and Ai_l as
queries, and inject ]:";Qt into /li*l using cross-attention fol-
lowed by a feed-forward network (FFN):

A;Etl = Ai_l + Attention(LN(.fli_l), LN( A;Qt))a

A;Zt = /ﬁ;tl + FFN(LN(AZEtl))’

where the LN(-) is the LayerNorm, for the attention op-
eration Attention(-), we use sparse attention (Chen et al.
2023b) to reduce the computational complexity. The gen-

erated feature Agzt will be used as the input of the T2¢

adaptation Hj,,.

T2G Adaptation. We construct the T'2G adaptation H,,, to

extract task-general representations from each A;Qt and in-

F... Similarly, the T2G adapters with
W29 of each task ¢ are used

Wt2g
to adapt task-specific features into general features /lig g

down’
Alsg = GeLU(Agar - Wi20,) - Wag? + Agay,t € T

down

]i—z‘

pre

+ Attention(LN(F?

pre

&)

corporate them into
projection weights of

6)

as the following process:

)7 LN( AfﬁQg))?

Then, fliz g are injected into

i __ T
t2g _fp'r‘e

N iy - (N
]:ZQg = ]:tLQg + FFN(LN( tz2g))7

in which we use the F,,

as the query, and the adapted

feature /lflgg as the key-value pairs. After the aforemen-
tioned bi-directional adaptation process, the general and
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task-specific features have been fully interacted. We take
their sum as the features required for task adaptation:

Al = A;Qt + Ati2g7t eT. ®
Finally, an output up-projection layer is employed to map

the hidden dimensions of /l; back to the original size C; as
7, which will then be fed into the next BDTA module.

3.3 Mixture of Task Experts

After the aforementioned adaptation process, each feature
set {A;},i = {1,..,N},t € T captures the representa-
tive biases of each task, which we treat as the task-specific
experts. To facilitate cross-task interactions, we propose the
Mixture of Task Experts (MoTE) module, as illustrated in
Fig. 2(c). First, inspired by SegFormer (Xie et al. 2021),
we employ lightweight task-specific MLP layers W/ €
RCE*C1 i = {1,..,N},t € T to reduce the channel di-
mensions of the multi-stage features {.A;} and up-sample
their spatial sizes as:

A! = Upsample(Al - W7) € R“1 ¥ i = {1,.. N} ,t e T.

)
We then design task routers to generate gating scores for
task expert representations {Ai/ }. Specifically, for i-th stage
and task t, the task router 7} takes the pre-trained feature
f;;re € REixCi a5 input, and employs a two-layer MLP to
map its channels to the number of downstream tasks K and
perform global pooling to obtain a feature vector hi € R¥.
We further introduce a noise gating mechanism (Shazeer
et al. 2017) by generating a noise vector ¢! € R¥ through
another two-layer MLP, and the final gating score gi € R¥
can be obtained as:

g; = Softmax (h{ + N (0,1) Softplus (e})).  (10)

The obtained gating scores are used as the weights to fuse
the task expert representations, and we define the cross-task
mixed representations R} as:

Ri=Al +7% O 2gergi (@) Ay t € Tyi ={1,..., N},
(1)
where © represents the Hadamard product, g; (q) denotes
the entry of gi corresponding to task ¢, and 7! € R
is a learnable vector to balance the cross-task fused repre-
sentation and the task expert representation, which is ini-
tialized to zero. This initialization strategy ensures that Af;/
can learn task-specific basis representations for each task
t without being disrupted by cross-task fused representa-
tions. Finally, MLP layers W; € RN*% ¢ ¢ T are
adopted to fuse the concatenated features of different stages
{R:} for each task t to obtain the output representation as
Ry = (Concat (R}),i={1,...,N}) - W;, which are fed
into prediction heads to generate the task prediction outputs.

3.4 Efficiency Analysis

We evaluate the efficiency of our method from three per-
spectives: Parameters, GPU memory, and Training time.

In terms of parameters, our approach introduces only a
small number of trainable parameters. Each BDTA module



SemSeg HumPa Saliency Normals

Method Taxonomy (mloU 1) (mloU 1) (mloU 1) (RMSE 1) Am(%) 1| #TPM)]
TRADITIONAL FINE-TUNING METHODS
Single-task full fine-tuning — 67.21 61.93 62.35 17.97 0 112.62
Multi-task full fine-tuning — 68.71 62.13 64.18 17.35 +2.23 30.06
Decoder-only fine-tuning — 63.14 52.37 58.39 20.89 -11.02 2.55
SINGLE-TASK PEFT-BASED METHODS
Adapter (He et al. 2022) ICLR 22 | 69.21 57.38 61.28 18.83 -2.71 11.24
VL-Adapter (Yi-Lin Sung 2022) CVPR 22| 7021 59.15 62.29 19.26 -1.83 4.74
LoRA (Hu et al. 2022a) ICLR 22 | 70.12 57.73 61.90 18.96 -2.17 2.87
VPT-shallow (Jia et al. 2022) ECCV 22| 6296 52.27 58.31 20.90 -11.18 2.57
VPT-deep (Jia et al. 2022) ECCV 22| 64.35 52.54 58.15 21.07 -10.85 3.43
BitFit (Zaken, Goldberg, and Ravfogel 2022) ACL 22 68.57 55.99 60.64 19.42 -4.60 2.85
Compactor (Karimi Mahabadi, Henderson, and Ruder 2021)  NIPS 21 68.08 56.41 60.08 19.22 -4.55 2.78
Compactor++ (Karimi Mahabadi, Henderson, and Ruder 2021) NIPS 21 67.26 55.69 59.47 19.54 -5.84 2.66
MULTI-TASK PEFT-BASED METHODS
HyperFormer (Karimi Mahabadi et al. 2021) ACL 21 71.43 60.73 65.54 17.77 +2.64 75.32
Polyhistor (Liu et al. 2022) NIPS 22 | 70.87 59.54 65.47 17.47 +2.34 8.96
VMT-Adapter (Xin et al. 2024a) AAAI24 | 71.60 60.67 64.02 16.41 +3.96 3.68
MTLoRA (Agiza, Neseem, and Reda 2024) CVPR 24| 67.90 59.84 65.40 16.60 +2.55 8.34
DiTask (Mantri et al. 2025) CVPR 25| 70.09 59.03 64.55 17.47 +1.48 3.55
TADFormer (Baek et al. 2025) (previous best) CVPR 25| 70.82 60.45 65.88 16.48 +4.24 7.38
Ours AAAI26 | 7414 61.75 65.69 1448 | +8.70 | 2.36

Table 1: Quantitative comparison on the PASCAL-Context dataset across four dense prediction tasks. We compare traditional
fine-tuning methods, single-task PEFT-based methods, and multi-task PEFT-based methods. Our method achieves the best
overall performance while using the fewest trainable parameters (#TP), demonstrating superior efficiency and effectiveness.

employs projection layers that reduce feature dimensions to
% of their original size, significantly compressing the pa-
rameter space. Importantly, only the bi-directional adapter
components scale with the number of tasks, while the rest of
the architecture remains task-independent, ensuring scalable
multi-task adaptation. The MoTE module, in turn, is com-
posed of lightweight fully connected layers. Under the de-
fault configuration with a Swin-Tiny backbone, our method
introduces just 2.36M trainable parameters.

Second, we analyze the gradient computations involved
in our method during the backpropagation process. Consider
an N-layer neural network, where the output of each layer
is denoted by Y = {J1, Vs, ..., Yn }, and the corresponding
layer parameters are represented as ® = {61,05,...,0x}. To
minimize the loss function £, the gradient with respect to the
parameters 6; is computed using the chain rule as follows:

oL oL O Vi1 0V OL 0Y;
00; 0V, 0Yyr_1 T 0y, 00; 0Y; 00;

gradient w.r.t. intermediate layers

(12)

It can be observed that the partial derivative of £ with re-
spect to 6; depends on the outputs of intermediate layers.
Consequently, in backbone-integrated PEFT methods such
as Adapters, LoRA, and prompt tuning, computing parame-
ter gradients requires backpropagating through the backbone
to obtain (‘%ﬁ;’ which leads to considerable gradient compu-
tation and memory overhead, reducing training efficiency.

In contrast, our framework places adaptation modules in
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parallel to the backbone, effectively bypassing its intermedi-
ate layers during backpropagation. As a result, the computa-
tion of gradients avoids propagation through the backbone,
leading to less GPU memory and reduced training time.

4 Experiment

4.1 Experimental Setups

Dataset and Metrics We evaluate our method on the
PASCAL-Context dataset (Everingham et al. 2010), a large-
scale benchmark for multi-task dense scene understanding.
Following prior work (Liu et al. 2022; Baek et al. 2025; Ag-
iza, Neseem, and Reda 2024), we consider four tasks: 21-
class semantic segmentation, 7-class human part segmen-
tation, surface normal estimation, and saliency estimation.
The dataset includes 4,998 training and 5,105 testing im-
ages. To assess performance across tasks, we adopt a set of
standard evaluation metrics. Mean Intersection over Union
(mlIoU) is used for semantic segmentation, human part seg-
mentation, and saliency estimation. Root Mean Squared Er-
ror (RMSE) is employed for surface normal estimation. Ad-
ditionally, we report Am (Agiza, Neseem, and Reda 2024),
which measures the relative overall improvement compared
to the single-task full fine-tuning baseline:

K
1 My 1)
Am = — > (-1) sLk
m Kk:1( )

(Mg —
M stk
where M}, and My, ;. denote the performance of our model
and the single-task fine-tuning baseline on task ¢, respec-

) 13)



#TP Memory  Time Am

Backbone Method (ML  (GB), (shatch)l (%) 1

Swin-Tiny MTLoRA  8.34 18.22 0.232  +2.55
DiTask 3.55 18.19 0.403 +1.48

TADFormer 7.38  20.30 0.376 +4.24

Ours 2.36 9.92 0.242  +8.70

Swin-Small MTLoRA 13.11  20.58 0.321 +5.75
DiTask 3.59  20.56 0.641 +4.68

TADFormer 11.72 22.76 0.473 +6.27

Ours 236 10.03 0.266  +8.99

Swin-Base =~ MTLoRA 17.76 23.91 0.411 +5.95
DiTask 5.08 24.18 0.826 +6.52

TADFormer 15.81 26.52 0.607 +7.53

Ours 413 1532 0.322  +9.58

Table 2: Comprehensive efficiency and performance com-
parison results with various backbone scales.

Method SemSeg HumPa Saliency Normals| Am #TP
(mIoU) (mIoU) (mlIoU) (RMSE)| (%) 1+ (M){
Pre-training Dataset = Imagenet 1k
MTLoRA | 67.90 59.84 6540 16.60 | +2.55 8.34
DiTask 70.09 59.03 6455 1747 | +1.48 3.55
TADFormer | 70.82 6045 65.88 1648 | +4.24 7.38
Ours 74.14 61.75 65.69 14.48 | +8.70 2.36
Pre-training Dataset = Imagenet 22k
MTLoRA | 68.71 61.32 6537 1644 | +3.65 8.34
DiTask 69.66 62.02 65.00 17.00 | +3.22 3.55
TADFormer | 72.47 62.00 65.99 1648 | +5.56 7.38
Ours 76.19 63.69 65.56 14.46 |+10.22 2.36

Table 3: Performance and trainable parameter comparison
results under different pre-training dataset scales.

tively. [, = 1 if lower is better for ¢5, and 0 otherwise.

Implementation Details For fair comparison, all experi-
ments are conducted using PyTorch on the same device, with
Swin Transformer Tiny (ImageNet-1k pre-trained) as the de-
fault backbone. Following the loss setup in (Lu et al. 2024),
models are trained for 300 epochs using AdamW optimizer,
with a per-GPU batch size of 8, a learning rate of 4 x 104,
weight decay of 1 x 10™%, and a cosine learning rate sched-
ule. The reduction factor r is set to 4 by default.

4.2 Baselines

We compare our method against a wide range of base-
lines, categorized into three groups: (1) Conventional fine-
tuning methods, which update the full or partial pre-trained
weights, including single-task full fine-tuning, multi-task
full fine-tuning, and decoder-only fine-tuning. (2) Single-
task PEFT methods, including Adapter (He et al. 2022),
VL-Adapter (Yi-Lin Sung 2022), LoRA (Hu et al. 2022a),
VPT (Jia et al. 2022), BitFit (Zaken, Goldberg, and Ravfo-
gel 2022), Compactor and Compactor++(Karimi Mahabadi,
Henderson, and Ruder 2021). (3) Multi-task PEFT meth-
ods, including HyperFormer (Karimi Mahabadi et al. 2021),

11853

Nt Q> SemSeg HumPa SaliencyNormals| Am #TP
QQ @° (mIoU) (mloU) (mloU) (RMSE)| (%) T (M)}
X X 67.21 6193 62.35 17.97 0 112.62
v X 7392 6130 65.78 14.52 | +8.40 1.96
(%4 v 7414 61.75 65.69 14.48 | +8.70 2.36

Table 4: Ablation study on the effectiveness of BDTA and
MOoTE modules in proposed method.

Am
(%) 1
+6.59

+6.64
+8.70

#TP
M)}
2.11

2.11
2.36

Adaptation
Configure

G2T-only
T2G-only
T2G+G2T

SemSeg HumPa SaliencyNormals
(mIoU) (mloU) (mloU) (RMSE)

73.63 6092 6396 15.11
71.97 59.58 64.55 14.42
7410 60.92 65.05 14.66

Table 5: Ablation study of different task adaptation configu-
rations in BDTA module.

Polyhistor (Liu et al. 2022), VMT-Adapter (Xin et al.
2024a), MTLoRA (Agiza, Neseem, and Reda 2024), TAD-
Former (Baek et al. 2025), and DiTask (Mantri et al. 2025).

4.3 Main Results

Tab. 1 reports task-wise results, overall metric Am, and
trainable parameters (#TP) for all methods. Traditional
fine-tuning strategies either demand large parameter counts
(e.g., single-/multi-task full fine-tuning) or exhibit lower
robustness when tuning only decoders. While single-task
PEFT approaches are parameter-efficient, none yields a pos-
itive Am, exposing limitations in multi-task settings. In con-
trast, our method achieves both the lowest #TP (2.36M)
and the best overall performance. It ranks first or second on
three of four tasks, with significant improvements of +2.54
mloU in semantics segmentation and +1.93 RMSE in nor-
mal estimation. Overall, our method achieves a Am score
of +8.70%, outperforming the second-best method, TAD-
Former (4.24%), by +4.46%. This corresponds to a 2.05x
performance improvement, with only 32% of its trainable
parameters. We next provide a more comprehensive effi-
ciency analysis beyond trainable parameters.

Tab. 2 compares the overall training efficiency of our
method with recent state-of-the-art multi-task PEFT ap-
proaches (MTLoRA, DiTask, and TADFormer) under iden-
tical settings—same input size, numerical precision, and
hardware—across various backbone scales. Metrics include
trainable parameters (#TP), GPU memory, training time,
and task performance. Existing PEFT methods insert adapta-
tion modules serially within the backbone, leading to higher
memory usage due to gradient flow through intermediate
backbone layers. They also require dense tuning of all atten-
tion and FFN layers, whereas our method only adapts inter-
mediate output features of each encoder stage, significantly
reducing #TP—especially with larger backbones. In terms
of training time, our method is the fastest overall, with only
a slight delay compared to MTLoRA on Swin-Tiny. With
the default Swin-Tiny backbone, our method achieves over
2x improvement in Am compared to the best-performing
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Figure 3: Impact of the reduction factor r on parameter effi-
ciency and performance with different pre-training datasets.
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Figure 4: The average gating scores learned by different task
routers in MoTE modules of different encoding stages.

TADFormer, while using only ~ 30% of the parameters,
~ 50% of the GPU memory, and ~ 60% of the training
time. Overall, our method demonstrates the best efficiency
and effectiveness, notably outperforming all baselines.
Moreover, model performance also scales with the size
of the pretraining dataset. As shown in Tab. 3, we compare
MTLoRA, DiTask, TADFormer, and our method under vary-
ing pretraining data sizes. Results show that larger pretrain-
ing datasets lead to better performance. Notably, our method
consistently surpasses all baselines across both scales.

4.4 In-depth analysis

Ablation study We conduct ablations to evaluate the con-
tributions of BDTA and MoTE. As shown in Tab. 4, we com-
pare three variants: (1) removing both components (single-
task full fine-tuning baseline ), (2) using BDTA only, and (3)
using both BDTA and MoTE. BDTA alone significantly im-
proves performance and reduces trainable parameters by ef-
fectively adapting pretrained features. Adding MoTE further
enhances performance by enabling cross-task interaction.

BDTA Analysis The BDTA module extracts task-adapted
features via a bidirectional adaptation paradigm that decou-
ples representations into task-generic and task-specific com-
ponents. To validate this design, we ablate two one-way vari-
ants: 72G and G2T. As shown in Tab. 5, the full bidirectional
setup performs best, followed by G2T, while T2G performs
worst. This is because G2T captures task-specific nuances
but lacks shared knowledge, whereas T2G shares features
across tasks but lacks specificity. Their combination enables
the model to learn both shared and distinct representations,
yielding better results.
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Figure 5: Qualitative multi-task prediction results comparing
MTLoRA, TADFormer, and our method.
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Figure 6: Visualization of pretrained within GMB and task-
specific adapted feature maps for different tasks within TBB.

To ensure lightweight adaptation, BDTA uses low-rank
projections reducing feature dimensions by a factor of . We
analyze the impact of varying r in Fig. 3. Smaller r improves
accuracy but increases computational cost. We set » = 4 by
default to balance performance and efficiency. It is worth
noting that the adjustable nature of r allows for flexible con-
figuration according to deployment requirements.

MOoTE analysis After obtaining task-adapted features via
BDTA, MoTE is employed to facilitate cross-task interac-
tions. Fig. 4 visualizes the average gating scores learned by
MOoTE across different stages and tasks on the PASCAL-
Context dataset, where each row corresponds to the gat-
ing results of one task router. The observation that each
task assigns high gating scores to others indicates a mutual
enhancement mechanism, highlighting the effectiveness of
cross-task interaction.

Visualization To provide an intuitive comparison, Fig. 5
presents visualizations of multi-task prediction results to
illustrate the performance improvements of our proposed
method. We benchmark our approach against recent state-
of-the-art methods, MTLoRA and TADFormer. The results
show that our method consistently produces more accurate



and semantically reasonable predictions across all tasks.

To better illustrate the adaptation effectiveness of our
method on downstream tasks, Fig. 6 visualizes the pre-
trained features from the GMB and the task-specific features
from the TBB for different tasks. The pretrained features
mainly capture low-level semantics, such as edges, while
the adapted features exhibit stronger task-specific semantic
representations. For example, the features for human part
segmentation focus more on body limbs, whereas saliency
features highlight visually prominent regions in the image.
These results clearly demonstrate the effectiveness of the
proposed feature adaptation mechanism.

5 Conclusions

This paper presents a comprehensively efficient MTL frame-
work for dense vision adaptation. We first identify a key lim-
itation of existing PEFT-based methods—their narrow focus
on parameter efficiency—and extend the notion of efficiency
to also include GPU memory usage and training time. To
this end, we design a dual-branch architecture, where the
pretrained backbone serves as a task-generic main branch,
and the proposed BDTA modules are connected in parallel to
form the task bypass branch for feature adaptation. Further-
more, we introduce the MoTE module to enable effective
cross-task interaction. We validate our approach on four rep-
resentative dense visual prediction tasks. The results demon-
strate that our method not only significantly improves pre-
diction performance but also substantially reduces parame-
ters, GPU memory consumption, and training time. Future
work will explore efficient model adaptation for more com-
plex MTL scenarios with 2D and 3D multimodal visual data.
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