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Abstract 12 .
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vancements in various vision tasks. However, as state- S Polyhiston o G
of-the-art models continue to grow, classical full fine- T g || @ Baselines MTLoRA(r=64®
tuning often becomes computationally impractical, partic- 2 ® ours
ularly in multi-task learning (MTL) setup where training g MTLoRA(=32) TADFprmer(r=64)
complexity increases proportional to the number of tasks. g ° MTLORA(r=16
Consequently, recent studies have explored Parameter- r%; o L 4
Efficient Fine-Tuning (PEFT) for MTL architectures. De- £ 4 TADFprmer(r=32)
spite some progress, these approaches still exhibit limita- = B LoRA TADFormer(r=16)
tions in capturing fine-grained, task-specific features that 2
are crucial to MTL. In this paper, we introduce Task-
Adaptive Dynamic transFormer, termed TADFormer, a 0
novel PEFT framework that performs task-aware feature 4 2 0 2 4 6

adaptation in the fine-grained manner by dynamically con-
sidering task-specific input contexts. TADFormer proposes
the parameter-efficient prompting for task adaptation and
the Dynamic Task Filter (DTF) to capture task informa-
tion conditioned on input contexts. Experiments on the
PASCAL-Context benchmark demonstrate that the proposed
method achieves higher accuracy in dense scene under-
standing tasks, while reducing the number of trainable pa-
rameters by up to 8.4 times when compared to full fine-
tuning of MTL models. TADFormer also demonstrates su-
perior parameter efficiency and accuracy compared to re-
cent PEFT methods.

1. Introduction

Transfer learning paradigm has achieved significant ad-
vancements in the fields of natural language processing [4,
11] and computer vision [17, 46]. Generally, given a pre-
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Relative Improvement to Single-Task Fine Tuning (%)
Figure 1. Performance comparison between TADFormer and base-

line PEFT methods. Here, r represents the rank of low-rank de-
composition modules in both TADFormer and MTLoRA.

trained model on a large-scale dataset, the traditional trans-
fer learning approaches fine-tune an entire model consist-
ing of the pre-trained encoder and task-specific decoder for
downstream tasks such as image classification, segmenta-
tion, and object detection. However, as the model capacity
of state-of-the-art approaches continue to increase, apply-
ing the full fine-tuning to the entire model has become in-
efficient due to prohibitively high computational resource
requirements.

To address this issue, recent works have begun to exten-
sively explore Parameter-Efficient Fine-Tuning (PEFT) [20),
21, 26, 34], which aims to reduce the number of train-
able parameters while maintaining the performance on
the downstream tasks. For instance, adapter based ap-
proaches [19, 20] insert compact modules within Trans-
former blocks, visual prompt tuning [32, 33] leverages
learnable tokens together with inputs or intermediate fea-
tures, and Low-Rank Adaptation (LoRA) [20] introduces
trainable low-rank matrices into Transformer blocks for up-
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dating weights.

In a similar context, there have been active attempts
to apply the PEFT to Multi-Task Learning (MTL) mod-
els[1,47]. MTL models [3, 22, 48, 50], which aim to simul-
taneously process multiple tasks, generally require more
training complexity proportional to the number of tasks, and
the PEFT methodologies could be a promising solution to
overcome this limitation. Multi-Task LoRA (MTLoRA) [1]
extends LoRA [20] to be more suitable for multi-task sce-
narios, while VMT-adapter [47] implements an MTL archi-
tecture based on adapters [19]. Although these methods
facilitate parameter-efficient training within MTL models,
they still exhibit inherent limitations in terms of leveraging
the PEFT in the task-aware manner that fits the MTL archi-
tecture.

A primary challenge in training multiple tasks on the
single model is to effectively leverage useful information
across multiple tasks. To this end, MTL models should
effectively capture the unique characteristics of each task
while leveraging task-agnostic features by considering in-
teractions between tasks [22, 44]. According to existing
MTL studies [50], context information of input samples
plays a critical role in enabling the model to capture the
unique characteristics of each task. In other words, by con-
sidering the diversity of input samples during feature extrac-
tion, the model can learn finer-grained, task-specific char-
acteristics. Moreover, when applying PEFT to MTL, only a
subset of parameters is fine-tuned, unlike full-tuning, which
can limit the model’s adaptability across diverse tasks. This
necessitates the approach to extract task-specific features
dynamically conditioned on input contexts. However, cur-
rent PEFT approaches for the MTL model [, 47] do not re-
flect sample dependency, extracting task characteristics us-
ing only static learnable parameters for each task, which
limits their ability to capture task-specific features effec-
tively with only very compact trainable modules.

Moreover, these approaches disregard cross-task rela-
tion that is crucial in boosting MTL performance [44,
55]. Fig. 2a conceptually illustrates current PEFT module,
which includes both task-shared and task-specific compo-
nents [1]. This method processes the task-shared and task-
specific modules in parallel and do not provide opportu-
nities for task-specific features to interact via task-shared
modules.

To overcome these issues, we propose Task-Adaptive
Dynamic transFormer, termed TADFormer, designed with
two objectives; 1) to dynamically extract fine-grained task-
specific features while considering interactions between
task-specific features, and 2) to design a single module that
efficiently extracts the task-specific features. As shown in
Fig. 2b, task-adapted features are generated with the help
of task attention maps that represent task-specific attributes
for each task. They are then fed into a Task-Aware Module
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Figure 2. Comparison of MTLoRA [1] and TADFormer. This
illustrates the part that extracts and processes task-adapted fea-
tures. Both methods employ additional trainable down-up projec-
tion structures like LoRA [20], in parallel to the frozen pre-trained
module. While MTLoRA introduces additional down-up projec-
tions for multiple tasks, TADFormer integrates Dynamic Task Fil-
ter (DTF), which uses dynamic convolution operations, with min-
imal additional parameters as well as the TPC-operator using task
attention map.

ross-task proj

Shared-Down

i

(TA-Module) augmented by Dynamic Task Filter (DTF).
The DTF adaptively captures fine-grained features by lever-
aging the context information of input samples through dy-
namic convolution operations. Furthermore, the distinct
task-adapted features are transmitted through the cross-
task projection, which enables the model to consider cross-
task relationships. Through the Grad-CAM visualization in
Fig. 3, we confirm that our model is capable of extracting
fine-grained features more effectively when the input con-
text is considered in the finetuning process.
Our contributions can be summarized as follows:

*  We propose TADFormer, a novel PEFT framework for
multi-task scene understanding. TADFormer utilizes
DTF to dynamically extract task-specific features based
on the input context, allowing for more fine-grained task-
specific feature learning.

*  We propose a prompt-based task adaptation mechanism
within the encoder. This approach significantly reduces
the number of parameters while effectively learning task-
specific features.

* TADFormer achieves higher accuracy while training
fewer parameters compared to fully fine-tuning the entire
model. TADFormer also demonstrates superior parameter
efficiency and accuracy compared to recent PEFT meth-
ods as shown in Fig. 1.

2. Related Work
2.1. Multi-Task Learning (MTL)

MTL aims to enable models to learn multiple related
tasks simultaneously by sharing information unique to each
task [55]. Effective MTL requires capturing useful informa-
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tion in three key areas: task-agnostic representations, task-
specific representations, and cross-task interactions. To this
end, various MTL approaches have been developed, gener-
ally categorized into encoder-focused and decoder-focused
approaches [44]. The encoder-focused architectures pri-
marily facilitate feature sharing within the encoder, using
either hard or soft parameter sharing. In the hard parame-
ter sharing strategy, multiple tasks share a common set of
parameters in the encoder, while each task has an inde-
pendent decoder to yield task-specific outputs [2, 27, 40].
In contrast, the soft parameter sharing strategy allows each
task to maintain its own set of encoder parameters and ex-
change cross-task information through modules integrated
within the encoder [3, 14]. The decoder-focused archi-
tectures [22, 28, 48-50] extend cross-task interactions into
the decoding stage. These models typically employ task-
specific and cross-task modules within the decoder, en-
abling tasks to share a single encoder while enabling for
more flexible information exchange in the decoders.

2.2. Parameter-Efficient Fine-Tuning (PEFT)

PEFT aims to adapt large-scale pre-trained models [5, 7—
9, 12, 18, 29, 29, 30, 30, 36-38, 45, 46, 51] to down-
stream tasks by tuning only a small subset of parameters,
without re-training the entire model. Representative meth-
ods include Prompt tuning [32, 33], Adapters [19, 31], and
Low-Rank Adaptation (LoRA) [20, 56]. Prompt Tuning
introduces trainable tokens to the input of the pre-trained
model, facilitating task-specific adaptation without modi-
fying the original weights. Adapters add compact, train-
able modules to the model, with only these modules be-
ing fine-tuned to adapt the model to specific tasks. Adapt-
Former [6] was the first adapter applied to computer vi-
sion and demonstrated the effectiveness of adapters in vi-
sion tasks by achieving competitive performance. In con-
trast, LORA applies low-rank decomposition to the model’s
weight matrices, enabling task-specific tuning while main-
taining the original weight structure. LoRA is particularly
efficient by introducing no additional parameters at infer-
ence time as the trainable matrices merge directly with
the frozen weights. This allows for effective weight up-
dates with minimal computational overhead. Prompt tun-
ing, Adapters, and LoRA have been successfully applied
across various fields of NLP [19, 20, 32] and computer
vision [6, 23, 52], demonstrating their versatility and effi-
ciency. Additionally, LoRand [52] introduces multi-branch
low-rank adapters to improve performance on dense predic-
tion tasks, and SPT [15] further explores adaptive parameter
allocation to task-specific important positions using tuning
methods such as LoRA and Adapters.

2.3. PEFT for MTL

MTL experiences increased training complexity due to the
proportional growth in decoder size with the number of

Figure 3. Comparison of Grad-CAM [39] from MTLoRA [1] and
TADFormer: (from top to bottom) input images, MTLoRA, and
TADFormer. This demonstrates that TADFormer is capable of ex-
tracting fine-grained features that capture the input contexts more
precisely, thanks to DTF.

tasks. To address this, recent research has been actively ap-
plying PEFT methods, originally designed for single-task
scenarios, to the MTL model. Applying PEFT to multi-task
models is challenging in that unique attributes of each task
should be extracted through pre-trained models only with
small amount of learnable parts. MTLoRA [1] and VMT-
Adapter [47] have been proposed as PEFT approaches
for MTL. MTLoRA utilizes LoRA modules consisting
of task-agnostic and task-specific components, which ef-
fectively separate the parameter space during MTL fine-
tuning. In contrast, VMT-Adapter enhances task interac-
tions by sharing knowledge across tasks and preserves task-
specific knowledge through independent knowledge extrac-
tion modules. However, these approaches struggle to ac-
count for the input context when extracting task-specific
features, which limits their ability to capture fine-grained
details.

3. Method

3.1. Overview

The proposed architecture, TADFormer, consists of a task-
shared encoder with a series of Transformer layers and mul-
tiple task-specific decoders, as depicted in Fig. 4. A set of
task prompts P = {pi™, ..., pi""} is prepended to image
patch tokens E = {e{", ...,eW'}, forming X = [P, E],
and it is then fed into the task-shared Transformer en-
coder. T and N represent the number of tasks and patch
tokens, respectively. Similar to current PEFT approaches
for MTL [1], N — 1 Transformer blocks of each stage are
designed with task-shared modules (TS-Module) consist-
ing of frozen pretrained parts and learnable LoRA mod-
ules [20]. In contrast, the last Transformer block, termed
Task-Adapting Transformer block in Fig. 4a, is defined with
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Figure 4. Overview of the proposed TADFormer: (a) The encoder takes as inputs image patch tokens with task prompts prepended. Here,
we adopt the VPT shallow approach [23], inserting the task prompts only into the first Transformer stage, and use Swin Transformer [35]
as the encoder backbone. In all blocks except the last one of each Transformer stage, the task-agnostic features are extracted through the
task-shared module (TS-module). The task-adapting Transformer block extracts fine-grained task-specific features through the task-prompt
conditional (TPC) operator and task-aware module (TA-Module), (b) The TPC operator generates the task-adapted features with the help
of the task attention map between task prompts and image patch tokens, and these features are then fed into the TA-module consisting of

the dynamic task filter (DTF) as well as down-up projections for considering input contexts that are crucial to MTL.

the proposed task-aware modules (TA-Module) that gener-
ate task-adaptive and input-dependent features through the
task-prompt conditional (TPC) operator and dynamic task
filter (DTF).

3.2. Task-Shared Module (TS-Module)

To efficiently process task-agnostic feature in a parameter-
efficient manner, a frozen pre-trained module ®(-) is de-
composed into low-rank matrices with down-projection pa-
rameters Wyown € RE*" and up-projection parameters
Wup € R™*¢ [20], where » < C. When an input feature
Xin € RITN)IXC ig given, a task-agnostic output feature
Xour € RITHTNIXC from the TS-module is defined as fol-
lows:

—_

Xout = (I)(in) + (Xianown)Wup~ (1)
Similar to [1] that uses LoRA [20] for efficient tuning in
the MTL model, the TS-Module is applied to QKV layer,
projection layer, and MLP block within the Transformer
blocks, as shown in Fig. 4. Note that while the TS-module
is used in all Transformer blocks, the proposed TA-module
and TPC operator with the aims of extracting distinct fea-
tures for tasks are used only in the last Transformer block.
This will be detailed in the following sections.

3.3. Task-Prompt Conditional (TPC) Operator

The TPC operator aims to effectively decouple task-specific
features from the task-agnostic features, so that the DTF
is capable of extracting representations that further reflects
the characteristics of each task. Specifically, it enhances
image features of high attention for each task by using task-
prompts. Inspired by [9, 49], we propose to use a task at-
tention map between task prompt and patch tokens derived
directly from the MHSA module of the Transformer back-
bone.

3.3.1. Task Attention Map

Task prompts, which are tuned along with task-agnostic fea-
ture within the TS-module, are used to extract task-adapted
features at the last Transformer block of each stage. In the
task-adapting Transformer block of Fig. 4a, the QKV mod-
ule generates the task-agnostic feature fyr, € RY *C and
its associated attention map A € R7*(T+N)X(T+N) 'where
H is the number of heads in the multi-head self-attention
(MHSA). The task attention map Apay € REXTXN pe-
tween the task prompts and patch tokens is simply obtained
from A, such that Aray = {a1,...,ar} and a; € REXIXN,
Here, a; indicates how the task prompt p; relates to all patch
tokens £ = {ey,...,en}. To match the dimension of the
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Figure 5. DTF architecture: The down-projected features of chan-
nel dimension r are used to generate channel-wise convolution
parameters in the parameter generation network. GAP denotes
global average pooling.

task-agnostic feature to the number of heads, we also re-
shape f,, such that F' = S(F) € REXC/HXN,

3.3.2. Task-Adapted Feature

The task-adapted feature f; € RY*C of the task i for i =
1, ..., T is computed as follows:

fi :quv+sinv(ai®quv)> (2)

where ® is the Hadamard product, and it is repeatedly ap-
plied to fyro (-, k,-) for k =1,...,C/H. Siny is another re-

shaping operator, which converts a matrix dimension from
RHXC/HXN to RNXC

3.4. Task-Aware Module (TA-Module)

The TA-Module is a main component of the TADformer,
designed to effectively capture fine-grained task-specific
features and perform task-cross interactions. As depicted in
Fig. 4b, the TA-module is structured with the Dynamic Task
Filter (DTF) inserted between low-rank decomposed pa-
rameters used in the TS-Module. The TA-Module processes
different inputs depending on its placement within the net-
work. In the projection layer, it processes the task-adapted
features, which are outputs of from the TCP-Operator.
When applied to the linear layer, it processes the previous
TA-module’s output.

3.4.1. Dynamic Task Filter (DTF)

Recent MTL studies [24, 48] emphasize that the contextual
information of input instances plays a crucial role in captur-
ing the unique characteristics of each task. Tuning only a
subset of parameters to apply PEFT to multi-task models is
likely to limit the model’s ability to adapt to multiple tasks
and capture task-specific features. To address this chal-
lenge, we propose to use the DTF that considers both input
and task context within the TA-module, enabling more ef-
fective extraction of fine-grained task-specific features. The
key objective of DTF is to generate task-customized convo-
lutional parameters 6 = {61, ..., 07} that reflects the context
of the input task-adapted features f = {f1,..., fr} while
maintaining trainable parameter-efficiency.

A naive approach for generating task-customized param-
eters is to directly input the feature f; into the parameter
generation network ¢(-), such that 8; = ¢(f;). However,
it requires processing the entire feature to generate 6, fail-
ing to effectively balance trainable parameter efficiency and
performance. Instead, we adopt more efficient strategy, in
which ¢(-) generates channel-wise convolution parameters
6. Additionally, we apply Global Average Pooling (GAP) to
the input features, resulting in a more lightweight network,
as depicted in Fig. 5. This approach reduces the number of
parameters to 7 X 1 X k2, where k is the kernel size. The final
output F of the TA-module using the DTF is as follows:

ei = ¢(finown) (3)

Ey =(f;) + (6; © (fiWaown))Wap 4

Here, ® is a channel-wise convolution operations. Addi-
tionally, since DTF dynamically adapts to both input and
task contexts, training may become unstable, so we employ
FilterNorm [57] to the parameter generation network for se-
curing training stability.

3.5. Stage-wise Gating and Skip Connection

The task-wise feature adaptation is conducted through the
TPC operator and TS-modules within the block. To fur-
ther improve usability of the task-adapted feature f; (z =
1,...,T) in the task-specific decoders, we introduce the skip
connection that adds it to the last Transformer block output
fi, which is then fed to the task-specific decoders, as shown
in Fig. 4a. This skip connection allows the task-adapted
feature f;, generated through the task prompts in the TPC
operator, to be directly passed to the task-specific decoder,
allowing the task prompt to better capture attention related
to its corresponding task. Additionally, we incorporate a
stage-wise gating with a parameter g in the skip connection.
A final output of each Transformer stage Fj is as follows:

Fi=0(9) fi + (1 —a(9) fi, (5)

where o indicate the Sigmoid activation function. A train-
able gating parameter g is initialized to zero and regulated
by the Sigmoid function.

3.6. Selection of Fine-tuning Modules

In the PEFT domain, several studies have been conducted to
select which modules are tuned to achieve the best trade-off
between downstream task accuracy and efficiency [1, 13].
For example, [1] demonstrated that tuning non-attention
modules, such as layer normalization, patch merging layers,
and patch embedding layer achieves an effective trade-off
in utilizing low-rank adaptation in the hierarchical Trans-
former baseline, like Swin Transformer [35]. In this regard,
we explore an optimal selection of tuning modules in our
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Figure 6. Patch merging module of TADFormer: Leveraging
the benefits of task-prompt tuning, we finetune only the prompt
upsampling operation that doubles the channel size of the task
prompts, while freezing the image patch merging module.

TADFormer that leverages both low-rank adaptive modules
and task-prompt tuning.

Since our approach is based on the shallow-VPT frame-
work [23] where task prompts are not newly added in the
middle of layers, an prompt-upsampling module that dou-
bles the channel size of task prompts is necessary when
passing them to the next Transformer stage. Considering the
prompt is upsampled in the same position as the patch merg-
ing module, we freeze the patch merging module and tune
only the prompt upsampling module, as shown in Fig. 6. By
tuning only the prompt upsampling module with 2C' x C
trainable parameters, we achieved competitive performance
without additionally tuning the patch merging module with
4C x 2C trainable parameters. Additionally, we tune the
layer normalization and positional embedding layers, simi-
lar to [1].

4. Experiments

4.1. Implementation Details

Dataset and Evaluation metrics. To evaluate our pro-
posed method, we conducted experiments on the PASCAL-
Context dataset, following prior works on PEFT adaptation
for MTL [1, 34]. This dataset includes four types of anno-
tations for dense prediction tasks: semantic segmentation
with 21 classes, human part segmentation with 7 classes,
surface normals estimation, and saliency detection. It con-
sists 4,998 images for training and 5,105 images for testing,
respectively. For evaluation, we used the mean intersection-
over-union (mloU) for semantic segmentation, human part
segmentation, and saliency detection, and the root mean
square error (rmse) for surface normals estimation. Ad-
ditionally, to assess overall performance across tasks, we
measured relative improvement over the single-task fine-
tuning baseline as follows:

Amzl

N

T
> (DM — M) [Myi,  (6)
=1

where T denotes the number of tasks, M ; is the single task
baseline and M, ; is the performance of the MTL models
on the i-th task. Here, [; is set to 1 if lower value indicate
better performance, otherwise 0.

Implementation. We used the Swin-Transformer pre-
trained on the ImageNet dataset [10] as the encoder, and
HRNet [41] as the decoder for a fair comparison with exist-
ing methods. The decomposed matrices used in TS-Module
and TA-Module are configured with ranks of 16, 32, and
64. Also, TS-Module and TA-Module use the same rank
size. All experiments were performed in the Pytorch with
the same experimental setup as [1]. The experiments in this
work are all run on a single NVIDIA V100 GPU environ-
ment.

Training. For training the MTL model, we calculated the
total loss through weighted sum using weight values cor-
responding to each task loss as in (7). We used the task
weights given in [43].

T
Lyrr =Y wi x L (7)

where w; and L; are the weight and loss of task i. As the
loss for each task, standard per-pixel cross-entropy is used
for semantic segmentation and human parts segmentation.
L1 loss is used for surface normals estimation, and balanced
cross-entropy loss is used for saliency detection.

4.2. Baselines

We compared the downstream task accuracy and number of
trainable parameters with prior PEFT methods. Single-task
full fine-tuning is a full fine-tuning model that uses an in-
dividual pretrained model for each task. Adapter [16] ap-
plies task-specific bottlenect modules to each Transformer
layer. Bitfit [53] tunes only the biases, patch merging lay-
ers and patch projection layers. VPT [23] tunes the model
by prepending a trainable embedding, either to the input
(VPT-shallow) or all transformer layers (VPT-deep). Com-
pacter [25] decomposes the fast matrix into two low-rank
vectors, while Compacter++ places the modules exclu-
sively after the MLP layers. LoRA [20] applies low-rank
decomposition to the attention layers, using a rank of 4 and
an adapter output scale of 4. VL-Adapter [42] simply adds
a single adapter to the transformer and shares it across tasks.
Hyperformer [26] uses a hyper-network that generates
adapter weights for different tasks based on task embed-
dings. Polyhistor [34] introduces low-rank hypernetworks
and custom kernels to scale fine-tuning parameters across
Transformer blocks. MTLoRA [1] utilizes a dual-module
approach that uses both task-agnostic LoORA modules and
task-specific LORA modules. Task-agnostic LoORA modules
capture task-generic features, and task-specific LORA mod-
ules tailor task-specific features from this shared represen-
tation.
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Table 1. Performance comparison using Swin-T pretrained on ImageNet-1k as the backbone. Here, Am denotes the relative improvement
compared to single-task full fine-tuning. 1 and | indicate whether higher or lower values are preferable, respectively. Bold values indicate
that TADFormer yields approximately 1.2-1.7% higher Am with fewer parameters than MTLoRA.

SemSeg Human Parts Saliency Normals Trainable
Method (mIoU 1)  (mIoU1)  (mIoU 1) (rmse ) | 2™ %) | Parameters (M)

Single Task 67.21 61.93 62.35 17.97 0 112.62
MTL - Tuning Decoders Only 65.09 53.48 57.46 20.69 -9.95 1.94
MTL - Full Fine Tuning 67.56 60.24 65.21 16.64 +2.23 30.06
Adapter [16] 69.21 57.38 61.28 18.83 -2.71 11.24
Bitfit [53] 68.57 55.99 60.64 19.42 -4.60 2.85
VPT-shallow [23] 62.96 52.27 58.31 20.90 -11.18 2.57
VPT-deep [23] 64.35 52.54 58.15 21.07 -10.85 343
Compactor [25] 68.08 56.41 60.08 19.22 -4.55 2.78
Compactor++ [25] 67.26 55.69 59.47 19.54 -5.84 2.66
LoRA [20] 70.12 57.73 61.90 18.96 -2.17 2.87
VL-Adapter [42] 70.21 59.15 62.29 19.26 -1.83 4.74
HyperFormer [26] 71.43 60.73 65.54 17.77 +2.64 72.77
Polyhistor [34] 70.87 59.54 65.47 17.47 +2.34 8.96
MTLoRA [1] (r = 16) 68.19 58.99 64.48 17.03 +1.35 4.95
MTLoRA [1] (r = 32) 67.74 59.46 64.90 16.59 +2.16 6.08
MTLoRA [1] (r = 64) 67.9 59.84 65.40 16.60 +2.55 8.34
TADFormer (r = 16) 69.79 59.27 65.04 16.91 +2.44 3.56
TADFormer (r = 32) 70.2 60 65.71 16.57 +3.63 4.78
TADFormer (r = 64) 70.82 60.45 65.88 16.48 +4.24 7.38

Normal

Image Semseg Saliency Human Parts
- “ - e "

Figure 7. Visualization of the task attention map (TAM) used by
the TPC-operator. Notice that the task-prompts corresponding to
each task are focused on different parts of the image.

4.3. Quantitative Analysis

Table 1 shows the MTL performance of all other base-
line PEFT methods, including trainable parameters of each
methods. For fair comparison, all methods used the Swin-
T model [35] pretrained on ImageNet-1k as the backbone.
When adapting PEFT to MTL downstream tasks, it is es-
sential to consider 1) the overall multi-task downstream ac-
curacy with 2) the number of trainable parameters relative
to the full model parameters. In Table I, we highlight the
results of TADFormer in bold that outperform that the state-
of-the-arts [1], while utilizing fewer parameters. These
results, reinforced by the structural differences shown in
Fig. 2, demonstrate that TADFormer is trained in a more

parameter-efficient manner, making it highly suitable for
MTL.

4.4. Ablation Study

The impact of the main modules in TADFormer is reported
in the ablation study of Table 2. 1) ‘TADFormer Base-
line’ refers to the configuration that utilizes only the TS-
modules for all Transformer blocks including the last one,
without task-prompt tuning with task prompts prepended to
the image patch tokens. 2) ‘+ TPC-operator + TP’ repre-
sents the configuration when the ‘TADFormer Baseline’ in-
cludes task-prompt tuning (TP) and task-adapting via TCP-
operator without using the DTFE. 3) ‘+ DTF’ is the model
where the DTF is added without the TPC-operator. This
model does not include the task prompts as in the TAD-
Former baseline. 4) ‘+ TP + DTF’ the DTF and tuning the
task prompts (TP), but does not apply TCP-operator using
task attention map (TAM) computed from the task prompts.
This demonstrate the effectiveness of task attention map
(TAM) in TPC-operator to tailor task-adapted features from
task-agnostic feature. 5) TADFormer means our proposed
method including all components. The low-rank r is fixed
to 32 in all the experiments utilized in Ablation.

Effectiveness of the TPC-operator and DTF. Comparing
the performance of ‘TADFormer Baseline’ and ‘+ DTF’ in
Table 2, we can see that the DTF can increase Am by 1.65.
Also, note that ‘+ DTF’ already yields a high performance
improvement despite not considering task-context since it
does not separate task-adapted features through the TPC.
This confirms that the process of extracting input-context
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Table 2. Ablation study: “TADFormer Baseline’ refers to the case where all Transformer blocks including the last one utilize only the
TS-modules in Fig. 4a. ‘+ TPC-operator + TP’ indicates the performance when the TPC-operator is used with the task prompts (TP) but
the DTF is not used. Inversely, ‘+ DTF’ refers to the case that the DTF of the TA-module receives the same features for all tasks, without
the TPC-operator and the task prompts. ‘TP + DTF’ includes the DTF and tuning the task prompts, but does not apply TCP-operator using

task attention map (TAM) computed from the task prompts.

H P li 1 Trainabl

Method SemSeg uman Parts Saliency Normals Am(%) rainable
(mlIoU 1) (mlIoU 1) (mlIoU 1) (rmse |) Param. (M)
Single Task | 6121 61.93 62.35 1797 | 0 | 1262
TADFormer Baseline 68.16 59.14 64.72 17.16 +1.3 4.26
+ TPC-operator + TP (A) 68.9 (10.74) 59.1 (40.04) 64.82 (10.1) 17.03 (0.13) +1.79 (10.49) 4.66
+ DTF (B) 70.17 (12.01) 59.82 (10.68) 65.24 (10.52) 16.86 (10.3) +2.95 (11.65) 4.40
+ TP + DTF 70.29 (12.13) 59.8 (10.66) 65.5 (10.78) 16.75 (]0.41) +3.24 (11.94) 4.78
TADFormer (A+B) 70.2 (12.04) 60 (10.86) 65.71 (10.99) 16.57 (10.59) +3.63 (12.33) 4.78
sensitive representations via the DTF also is a core compo- 16
Er=16 @r=32 Er=64

nent in the MTL performance. Comparing the TADFormer
Baseline and ‘+ TPC operator + TP’ in Table 2, we can
see an increase in Am of 0.49. This confirms that the task-
adapted feature tailoring process via the task-attention map
is significant. The highest Am performance is achieved by
using both TPC-operator with the task prompts and DTF in
‘TADFormer’. When the two main components are used
together, the TPC-operator passes the task contexts to the
DTF. From this, DTF is capable of extracting fine-grained
task specific features that take into account both input and
task contexts.

Effectiveness of Task Attention Map (TAM) Table 2 also
shows the effectiveness of generating task-adapted features
by using the TCP-operator based on the task attention map
(TAM). ‘TADFormer’ and ‘+ TP + DTF’ have the same
number of trainable parameters, but 0.39 of the Am is
reduced when eliminating the TCP-operator based on the
TAM. This confirms the significance of incorporating task-
context features into the model via the TAM. Also, the TAM
visualization in Fig. 7 shows that the task prompts are able
to capture different regions of attentions for each task.
Analysis on other Backbone and Pre-training Dataset.
To verify the applicability of the proposed method to
other large backbone models and pre-training datasets,
we applied TADFormer to Swin-Base pre-trained on the
ImageNet-22k dataset. As shown in Fig. 8, our method
demonstrates greater performance improvements when us-
ing a larger feature backbone and more pretraining data.
This suggests the potential for further performance gains
by applying our method to larger model architectures and
utilizing additional pretraining data. More experiments are
provided in the supplementary material.

Extension to Adapter Baseline. While the proposed
method is built upon the LoRA baseline [20], it can also
be extended into adapter baselines [0, 47] that are widely

-
© n

Single-Task Full Fine-Tuning
N

Relative Improvement to

SemSeg

Saliency

Normals Am

Figure 8. Performance of TADFormer when employing the Swin-
Base pre-trained on ImageNet-22k.

adopted recently in PEFT approaches due to low training
complexity. These results will be provided in the supple-
mentary material.

5. Conclusion

We have presented a novel PEFT approach that efficiently
trains the MTL model for dense scene understanding tasks.
To capture fine-grained, task-specific features that are cru-
cial to improving the MTL model, we introduced TPC-
operator based on parameter-efficient task prompting and
TA-module using the DTF that is capable of reflecting task
information conditioned on input contexts. Experiments on
four representative tasks, including semantic segmentation,
human part segmentation, surface normals estimation, and
saliency detection, demonstrate outstanding performance,
while keeping training complexity low. Future research in-
cludes the extension of this work by leveraging structural
knowledge that exists among visual tasks [54].
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