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Abstract. Pretrained vision models are widely used as backbones for
downstream tasks, yet adapting them to multi-task learning (MTL) re-
mains challenging. Naive full fine-tuning incurs substantial overhead and
often exacerbates task interference, while existing parameter-efficient
fine-tuning (PEFT) methods are largely designed for single-task adap-
tation. We propose Residual Upcycling with Task Ladder (RUTaL), a
parameter-efficient multi-task vision adaptation framework. To accom-
modate the diverse and heterogeneous representation demands in MTL,
We proposed Task-General Residual Upcycling (TGRU) to transform
a pre-trained vision Transformer backbone into a Mixture-of-Experts
architecture through low-rank residual weight reparameterization, en-
abling efficient and task-scalable capacity expansion. Built upon this up-
cycled representation paradigm, we further introduce Task-Specific Lad-
der Adaptation (TSLA), which extracts task-relevant features from the
shared upcycled representations in a decoupled manner to accommodate
the unique requirements of each task. Experiments on multi-task dense
scene understanding benchmarks show that RUTaL achieves state-of-the-
art performance while demonstrating superior computational efficiency.

Keywords: Multi-Task Learning - Parameter-Efficient Fine-Tuning- De-
coupled Model Adaptation

1 Introduction

The modern era pursues the development of vision models that learn general-
purpose visual representations through large-scale pretraining [41,50]. By acquir-
ing rich and transferable features, these backbone models have become powerful
initializations for a wide range of downstream vision tasks [17,/44]. Traditional
adaptation methods fully fine-tune backbone models end-to-end by attaching
task-specific decoders for target vision tasks, such as semantic segmentation [32],
object detection [8], and depth estimation [2]. However, training and storing
these high-capacity and heavily structured backbone models demands substan-
tial computational resources, particularly in scenarios involving multiple down-
stream tasks.
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Fig. 1: (a) Comparison of different adaptation paradigms in multi-task scenarios. (b)
Illustration of the motivations behind existing coupled PEFT methods for MTL and
our proposed decoupled paradigm. (¢) Comparison of overall performance (Am) and
trainable parameters of different adaptation methods on the PASCAL-Context dataset.

To enable the effective use of pre-trained models under constrained computa-
tional budgets, resource-efficient adaptation methods—particularly Parameter-
Efficient Fine-Tuning (PEFT) —have recently emerged, achieving task-specific
customization by updating only a small subset of parameters. Representative
families of such approaches include the low-rank adaptation series , adapter-
based series [52], and prompt tuning series , which were first popularized in
large language models (LLM) and have been extended to the vision .

In scenarios involving multiple correlated downstream tasks, multi-task learn-
ing (MTL) can improve model efficiency by enabling multiple tasks to share a
common backbone representation. However, the presence of multiple learning ob-
jectives in MTL significantly increases training complexity and resource demands
for full fine-tuning methods (Fig. 1(a, top)), making PEFT particularly appeal-
ing for reducing adaptation overhead. Despite this advantage, most early PEFT
methods are primarily designed for single-task adaptation. When
naively extended to more complex multi-task settings, the straightforward per-
task adaptation strategy (Fig. 1(a, middle)) often becomes sub-optimal, as they
do not explicitly model key characteristics of MTL, such as cross-task knowledge
sharing and the mitigation of negative transfer, thereby leading to an inherent
mismatch between existing PEFT paradigms and multi-task objectives.

As shown at the bottom of Fig. 1(a), recent efforts to extend PEFT to
MTL have explored various mechanisms for modeling cross-task
correlations and task-aware dynamics. Polyhistor employs hyper-networks
to generate task-specific adapter parameters. VMT-Adapter [62] enables cross-
task interaction through shared projection layers while extracting task-specific
knowledge. MTLoRA introduces both task-agnostic and task-specific low-
rank adaptations, and TAD-Former models input-conditioned dynamic se-
mantics. Despite these advances, we observe that existing methods follow a cou-
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pled learning paradigm, as shown at the top of Fig. 1(b), where shared and
task-specific adaptations (solid arrows) are entangled within a fixed-capacity
backbone. Consequently, both adaptations are optimized in the same represen-
tational space, competing for limited backbone capacity, while task adaptation
(dashed arrows) remains constrained by the backbone capacity (dashed circle).

In contrast, we advocate a decoupled adaptation paradigm for MTL as shown
at the bottom of Fig. 1(b). Rather than co-optimizing shared and task-specific
updates within a single representational space, we argue that effective multi-
task adaptation should be grounded in a capacity-aware principle. Specifically,
task-generic and task-specific adaptations should be organized into distinct rep-
resentational pathways. We first upcycle the backbone in a task-generic manner
(dark gray dashed circle) to establish a shared foundation applicable to mul-
tiple tasks, forming a structured multi-task representation (solid black arrow).
Subsequently, task-specific adaptive representations are derived from this shared
foundation through a decoupled space, enabling flexible task specialization while
ensuring non-interference between the shared and task-specific representations.

According to this philosophy, we propose Residual Upcycling with Task Lad-
der (RUTaL), a novel MTL-oriented PEFT approach. To achieve decoupling
adaptation, we first introduce Task-General Residual Upcycling (TGRU), which
transforms a pre-trained Transformer backbone into a task-generic Mixture-of-
Experts (MoE) architecture via low-rank residual weight reparameterization.
Rather than fully re-optimizing the pre-trained parameters, this upcycling strat-
egy incrementally expands the shared backbone representational space, enabling
capacity scaling while preserving parameter efficiency. Built upon this upcy-
cled backbone, we further design Task-Specific Ladder Adaptation (TSLA), a
lightweight decoupled side branch that selectively extracts and refines task-
relevant representations from the shared space. By isolating task specializa-
tion from general backbone capacity expansion, RUTal. alleviates representa-
tional competition and enables flexible multi-task adaptation without entangling
shared and task-specific updates. Our core contributions are as follows:

e We propose RUTal, a novel decoupled PEFT framework for MTL that sep-
arates task-generic backbone capacity expansion from a task-specific adap-
tation pathway, mitigating representational competition and enabling more
structured multi-task adaptation.

e We introduce Task-General Residual Upcycling (TGRU), which converts
a pre-trained Transformer backbone into a task-generic MoE via low-rank
residual weights, enabling capacity expansion with high parameter efficiency.

e We design Task-Specific Ladder Adaptation (TSLA), a lightweight decoupled
side pathway that selectively extracts task-relevant representations without
interfering with the shared backbone.

e We evaluate RUTaL on two widely used MTL benchmarks, PASCAL-Context
and NYUD v2, where it achieves superior performance with significantly
fewer trainable parameters (Fig. 1(c)) and improved computational efficiency.
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2 Related Work

2.1 Multi-Task Learning

Multi-task learning (MTL) |73}[80] improves parameter and computational effi-
ciency by training a single model to perform multiple tasks, focusing on learning
shared representations while maintaining task-specific discrimination [67}|68].
Common research directions include encoder—decoder architecture design [4,/24,
27,165,78|, optimization-oriented methods [1}/39,/74], and multi-task model fu-
sion [57,58,66]. Among them, architectural design methods are the most widely
studied, in which Encoder-centric methods [42,[48]/53| emphasize feature shar-
ing for efficiency, while decoder-centric methods [59,67./69L/81| explicitly model
task differences to reduce interference. More recently, Vision Foundation Mod-
els (VFMs) have been integrated into MTL frameworks [43,/79], leveraging their
general-purpose visual representations that generalize effectively across diverse
tasks. However, most architecture-centric approaches are built upon pre-trained
backbones and rely on full fine-tuning for downstream adaptation. Modern pre-
trained backbones—particularly VFMs—are typically built with a heavy struc-
ture, making such adaptation computationally and memory intensive.

2.2 Parameter Efficient Fine-Tuning

PEFT |20| emerged in LLMs to mitigate the prohibitive cost of full fine-tuning
while preserving transfer performance. Early approaches include adapter-based
tuning [211/52], bias-only updating [75], prompt-based methods [34,37], and low-
rank reparameterization exemplified by LoRA [23]. With the rise of vision trans-
formers (ViTs ) [11,/41], PEFT has been extended to vision through approaches
such as AdaptFormer [5|, Visual Prompt Tuning [26], and other parameter-
efficient adaptation strategies for ViTs [63].

Recent studies extend PEFT to MTL [31,/46]. Polyhistor [40] employs hyper-
networks to generate task-conditioned adapters. VMT-Adapter [62] promotes
structured cross-task interaction through shared adapter components. MTLoRA [1]
decomposes adaptation into task-agnostic and task-specific low-rank compo-
nents, while TADFormer [3| introduces task-adaptive dynamic transformers.
Although these methods improve parameter efficiency in MTL, they generally
adopt a coupled adaptation strategy in which shared and task-specific compo-
nents are learned within a fixed-capacity pre-trained backbone. Such a design
can induce representational competition and limit scalability across tasks.

2.3 Model Upgrading and Branching

Recent works investigate structural strategies for enhancing pretrained mod-
els, primarily along two directions: upgrading backbone capacity to strengthen
shared representations and introducing branch-based adaptation modules to cap-
ture task-specialized patterns.
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Among upgrading approaches, model upcycling [13}25,33] has emerged as
a principled strategy for scalable capacity expansion. It transforms dense pre-
trained networks into Mixture-of-Experts (MoE) architectures while preserving
pretrained knowledge. Sparse upcycling [33] demonstrates that dense checkpoints
can be restructured into MoE-based models without training from scratch. Sub-
sequent works extend this paradigm to language and vision models [18}35[83]
84|, showing that pretrained Transformers can be systematically converted into
sparse MoE variants with improved scalability and computational efficiency.

Complementary to backbone upgrading, branch-based adaptation enables
task-specific modeling through decoupled auxiliary pathways, thereby reducing
interference in the shared backbone. Side-Tuning [77] formulates adaptation as
learning additive side branches parallel to a frozen backbone, thereby decoupling
specialization from shared representations. Later works extend this paradigm
with structured side adapters [6,/64], ladder-style tuning mechanisms [56], con-
volutional bypass modules for vision transformers [28|, and universal parallel
tuning frameworks [9]. Recent studies further demonstrate that branch-based de-
signs can simultaneously improve parameter, memory, and time efficiency across
diverse adaptation scenarios |14L47,/71].

3 RUTaL Methodology

3.1 Overview

The overall architecture of the proposed RUTaL framework for efficient MTL
is illustrated in Fig. 2. RUTal. adopts a structurally decoupled design. To ac-
commodate the growing number and heterogeneity of tasks in MTL, we perform
Task-General Residual Upcycling (TGRU) on a pretrained ViT backbone to ex-
pand its representational capacity. Specifically, the backbone is transformed into
a MoE—-based shared branch, which upgrades model capacity and obtains strong
task-general representations. To further capture task-specific characteristics that
cannot be fully modeled by the shared branch, we introduce the Task-Specific
Ladder Adaptation (TSLA), which designed to extract specialized features for
each task. These task-adaptive features are subsequently fed into their corre-
sponding decoders for final prediction. In the following sections, we present the
detailed design and underlying mechanisms of each component.

3.2 Task-General Residual Upcycling

Scaling laws [29] in LLMs indicate that increasing model capacity is critical for
learning general representations that are transferable across downstream tasks.
This insight naturally motivates expanding model capacity to better capture
cross-task shared representations, thereby improving MTL performance. To this
end, we propose Task-General Residual Upcycling (TGRU), an efficient capacity
expansion strategy that upgrades a pretrained Transformer backbone into an
task-general MoE architecture.
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Fig. 2: Schematic of the proposed RUTaL. The framework consists of two key com-
ponents: Task-General Residual Upcycling (TGRU), which converts a pretrained ViT
into a task-agnostic backbone via reparameterized low-rank residual experts, and Task-
Specific Ladder Adaptation (TSLA), which progressively extracts and refines task-
specific features from the shared representations in a stage-wise manner.

Preliminary Upcycled Mixture-of-Experts. Model upcycling pro-
vides a parameter-efficient pathway to scale pretrained Transformers into MoE
architectures without retraining from scratch. Consider a pretrained ViT com-
posed of multiple blocks, each consisting of multi-head attention (MHA), layer
normalization (LN), and a feed-forward network (FFN). In model upcycling, the
weights of MHA and LN are directly inherited without modification. In contrast,
the FFN weights Wi,ee = {WpP € RP*H jydown ¢ REXDY “where D and H
denote the input and hidden dimensions, respectively, are replicated N times to
initialize N expert networks {Ei, Es, ..., Ex}. Subsequently, a router network
R € RP*V is randomly initialized to form a standard MoE layer. Given an input
token x, the output y is expressed as:

N
y = Z Softmax(R(x)); x E;(x), (1)

where E;(x) = W3V (W;'Px), with ¢ denoting the activation function. The
Model Upcycling is typically performed via full-parameter training. After train-
ing, the weights of the NV experts are updated to {W1, W, ... Wx}.
Efficient Low-rank Residual Upcycling. After training, a MoE layer
obtained from conventional upcycling needs to store the updated weights of all
N experts, which substantially compromises parameter efficiency. As shown in
in the lower-left panel of Fig 2, to alleviate this limitation, we propose an efficient
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low-rank residual strategy. Specifically, since the expert weights {W1, W, ... Wy}
are all optimized from the same initial parameters Wy,se, each expert weight
can be expressed as:

W; = Wygee + AWz (2)

This implies that {W1, Wa,..., Wy} can be decomposed into a shared base
weight Wh,se and N expert-specific residual weights { AW, AWy, ..., AWy }.
Therefore, the expert weights obtained via full-parameter training in preliminary
model upcycling can be equivalently represented by lightweight residual weights.
Inspired by low-rank adaptation (LoRA) [23], we parameterize each residual
weight using a pair of low-rank matrices as

AW, = {AW}P = AP BIP, AWovn = Afown pown (3)

where AP € RP*r BP ¢ R Adown ¢ REXT and Bdown ¢ R™D . «
min(D, H) indicates the rank. By introducing low-rank residual matrices, the
number of parameters required to upcycle the model into N experts is reduced
from N-2-H-D to N-2-r-(D+ H), significantly improving parameter efficiency.
The upcycled MoE layer can be formulated as follows:

N
y = Z Softmax (R(x)n> X (Wfaos"é“ + AWZ-dOW“>U< (WP + AW,™P) x). (4)
n=1
It can be observed that the N experts require N independent forward passes,
limiting knowledge sharing across experts. To address this issue, we replace the
AW, with a shared up-projection AW, . enabling cross-expert knowledge
transfer. Under this design, the MoE layer admits a functional reparameteriza-
tion with two aggregated matrices, Wy, = {W“p Wdown}:

reps "V rep

up _ up up
W - Wb + AW hared’

rep ase s

(5)
rep base

N
Wdown — Z Softmax(R(x),) (Weow® + AWgow) .
n=1

From this functional reparameterization perspective, the overall computa-

tion can be expressed as y = Wﬁe‘})‘”“a(Wﬁg]’Dx). Here, W&, promotes cross-

expert knowledge sharing, while W,‘.ig;w“ preserves expert specialization through
dynamic aggregation. Moreover, the number of parameters is reduced to (N+1)-
r-(D+ H). Applying the proposed upcycling strategy to all FFN layers yields an

upcycled Transformer backbone that produces the task-agnostic representations.

3.3 Task-Specific Ladder Adaptation

Following backbone upcycling, we extract task-specific features from shared rep-
resentations for downstream tasks T' = tq, to, ..., tx. Inspired by the conditional
modeling paradigm widely adopted in generative [51] and multimodal [36] mod-
els, we formulate multi-task learning as task-conditioned adaptation over shared
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representations. As shown in Fig. 2, we introduce the Task-Specific Ladder Adap-
tation (TSLA) branch to query task-relevant information from the shared back-
bone. Consequently, TSLA enables task specialization without modifying the
shared backbone, reducing task interference.

Given the upcycled Transformer backbone, we partition it into multiple
stages. As shown in the lower-right panel of Fig. 2, for each stage i, the task-
agnostic feature F; is first fed into a Task-Aware Selector (TAS), which is special-
ized for task t and extracts task-relevant information from the shared represen-
tation. The selected features are then integrated into the corresponding Ladder
Adaptation Extractor (LAE) for interaction.

Task-Aware Selector.The TAS aims to extract task-relevant information
from the task-agnostic feature F;. For each task t € T', a dedicated TAS module is
instantiated to produce both task-adapted representations and task-conditioned
modulation parameters. Specifically, TAS comprises two lightweight components.
The first is a Task Feature Projector P'(-), which maps F; € REXP to task-
adapted key—value features Z! = P!(F;) € REXP | where L denotes the token
sequence length, D is the Transformer feature dimension, and D represents the
feature dimension after projection. The second is a Task Modulation Generator
RY(-), which predicts task-conditional modulation parameters {v! € RE*XP gt
REXPY = RY(F;). For parameter efficiency and simplicity, both P!(-) and R*(-)
are implemented using a lightweight MLP.

Ladder Adaptation Extractor. After obtaining task-selective information
from the TAS, we introduce the Ladder Adaptation Extractor (LAE) to generate
task-adaptive features. The LAE module is shared across tasks to maintain pa-
rameter efficiency, while task specificity is injected through the task-conditioned
inputs provided by the TAS.

Specifically, for each task ¢, the LAE takes as input the task-adapted feature
Al € REXP from the previous LAE (with A} initialized from the patch em-
bedding), together with the task-conditioned signals Z! and {4}, 8!} produced
by the corresponding TAS. The feature A!_; is first projected through a lin-

¢

€ REXD, Subsequently, a cross-attention operation is

ear layer to obtain A
applied to inject the task-adapted key—value features Z! into .,Zlﬁfl:

HE =A + Attention(norm(fif_l), norm(ZY)), (6)

where norm(-) denotes LayerNorm and Attention(-) is implemented as sparse
attention |7] for computational efficiency. H!_; denotes the resulting feature
after cross-attention fusion. We then apply a task-modulated FFN conditioned
on {7}, B¢} to further enhance task-specific feature transformation:

AL = W (3 @ o (W Pnorm(H]_,)) + 8, (7)
where ® denotes the Hadamard product, and W' and Wd9°"™ are learnable

weights. Finally, a linear projection restores /lf to the original dimension, yield-
ing A!, which is passed to the next stage.
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3.4 Configuration Details and Efficiency Analysis.

Architectural Configurations. Our framework is compatible with existing
ViT architectures. TGRU acts as a generic upcycling strategy and is applied to
all FFN layers in a pretrained ViT backbone. TSLA requires multi-stage features.
For vanilla ViT, we evenly divide the blocks into four stages to extract hierarchi-
cal representations. For hierarchical transformers (e.g., Swin Transformer [41]),
we directly use their native stage-wise features. In this case, downsampling is
introduced in the TSLA branch to ensure stage alignment. For simplicity, we
reuse the pretrained downsampling layers and keep them frozen during training.
Given the hierarchical task-adaptive features {A!}2_;, we employ task-specific
decoders for each dense prediction task. Following prior work [1,/62], we adopt a
simple MLP-based SegFormer [61] decoder for all tasks.

Model Training To train the multi-task model, we optimize a weighted sum
of task-specific losses £ = ZteT wi Ly, where wy and L; denote the weight and
loss of task t, respectively. Specifically, we adopt cross-entropy loss for semantic
segmentation and human part segmentation, L1 loss for surface normal estima-
tion, and balanced cross-entropy loss for saliency detection. The task weights w;
follow the standard MTL configuration for fair comparison |11{43}|67].

Parameter and Computational Efficiency. Our model is highly efficient
in both parameter usage and computation. Within TGRU and TSLA, only the
TAS modules are task-specific and scale linearly with the number of tasks, while
all other components are shared across tasks. Since each TAS is implemented us-
ing lightweight MLPs, the overall framework remains parameter-efficient. When
instantiated with Swin Transformer-Tiny [41] as the backbone, the model intro-
duces only 2.93M trainable parameters. Furthermore, TGRU is task-agnostic.
When applied to a pretrained Transformer, it enables the backbone to simul-
taneously support multiple downstream tasks through a single forward pass,
resulting in efficient inference.

4 Experiments

4.1 Experimental Setup

Datasets and Metrics. We evaluate our method on two multi-task dense pre-
diction benchmarks, PASCAL-Context [49] and NYUD v2 [55], which include
semantic segmentation, human part segmentation, surface normal estimation,
saliency detection, and depth estimation. Standard metrics are adopted for eval-
uation: mIoU for segmentation and saliency tasks, and RMSE for surface normal
and depth estimation. We further report Am [45] to quantify the overall multi-
task improvement over the baseline. For consistency, single-task full fine-tuning
of the Swin-Tiny backbone is used as the baseline. Following the data augmen-
tation protocol of [43], training images are randomly scaled, cropped, and aug-
mented with random horizontal flipping and color jittering. During evaluation,
images are resized and padded while preserving the aspect ratio, using the same
normalization as in training.
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Compared Baselines. We compare our method with a range of baselines,
grouped into three categories: (1) Traditional fine-tuning: single-task full fine-
tuning, where each task uses an independent encoder and decoder with all param-
eters updated; multi-task full fine-tuning, with a shared encoder and task-specific
decoders, updating all parameters; and decoder-only fine-tuning, where only
task-specific decoders are trained. (2) Single-task PEFT methods, designed for
efficient adaptation to individual tasks, including Adapter [19], VL-Adapter [70],
LoRA |23|, VPT |26], BitFit [76], and Compactor/Compactor++ [30]. (3) Multi-
task PEFT methods, recently developed for multi-task adaptation, including Hy-
perFormer [31], Polyhistor |[40], VMT-Adapter [62], MTLoRA [1|, TADFormer 3],
and DiTask [46].

Implementation details. Our RUTaL framework is trained using the AdamW
optimizer for 300 epochs, with a learning rate of 4 x 1074, a weight decay
of 1 x 1074, and a cosine learning rate schedule. By default, we use a Swin
Transformer-Tiny backbone pretrained on ImageNet-1K [41]. The number of
experts IV is set to 4, the low-rank dimension r is 8, and the projected feature
dimensionis D = D /4. Unless otherwise specified, all baselines use the same four-
stage backbone features and SegFormer [61] All-MLP decoder for fair compari-
son; MTLoRA, TADFormer, and DiTask retain their original HRNet |60]-based
decoders. Our SegFormer decoder uses an embedding dimension matching the
backbone feature dimension, and its prediction head consists of one transposed
convolution followed by two convolution layers, with the hidden dimension set
to half the embedding dimension. In TSLB, the task feature projector and task
modulation generator are implemented as two-layer MLPs with GELU activa-
tions, each with a hidden dimension equal to one-fourth of its output dimension.
LAE adopts deformable attention |85] with 6 heads, 4 sampling points, and an
FFN ratio of 1.

4.2 Main Results

Table 1 reports the results on PASCAL-Context with Swin-Tiny as the back-
bone. Traditional multi-task full fine-tuning slightly improves Am over single-
task training, while decoder-only tuning degrades due to limited adaptability.
Single-task PEFT methods generally fail in multi-task settings, often yielding
negative Am, indicating insufficient representation sharing. In contrast, multi-
task PEFT methods consistently outperform these baselines. RUTaL achieves
the best overall performance with Am = +7.79% using only 2.93M trainable
parameters, surpassing the strongest baseline TADFormer by +3.55% while re-
ducing parameters by 4.45M. It attains top or near-top performance on semantic
segmentation, human part segmentation, and surface normal estimation, with
competitive results on saliency estimation.

Table 2 presents results on NYUDv2. RUTaL consistently outperforms MT-
LoRA and TADFormer across all tasks, significantly reducing the RMSE of sur-
face normals (21.75 vs. 27.16) and depth (0.6175 vs. 0.6577), while improving
semantic segmentation to 42.76 mIoU (vs. 37.30). These gains are achieved with
only 2.58M parameters, less than half of TADFormer.
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Table 1: Quantitative comparison on four dense prediction tasks on the PASCAL-
Context dataset. We compare conventional fine-tuning, single-task PEFT, and multi-
task PEFT methods. Our method achieves the best overall performance (Am) with
the fewest trainable parameters (#TP). Bold and underlined entries indicate the best
and second-best results, respectively.

SemSeg HumPa Saliency Normals
Method Taxonomy (mloU 1) (mloU 1) (mloU 1) (RMSE ) Am(%) 1T |[#TP(M)J
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 — 67.56 60.24 65.21 16.64 2.23 30.06
Decoder-only fine-tuning 65.09 53.48 57.46 20.69 -9.95 1.94
SINGLE-TASK PEFT-BASED METHODS
Adapter |19] ICLR 22 69.21 57.38 61.28 18.83 -2.71 11.24
VL-Adapter |70] CVPR 22 | 70.21 59.15 62.29 19.26 -1.83 4.74
LoRA |22] ICLR 22 70.12 57.73 61.90 18.96 -2.17 2.87
VPT-shallow |26] ECCV 22 | 62.96 52.27 58.31 20.90 -11.18 2.57
VPT-deep |26] ECCV 22 | 64.35 52.54 58.15 21.07 -10.85 3.43
BitFit [76] ACL 22 68.57 55.99 60.64 19.42 -4.60 2.85
Compactor |30] NIPS 21 68.08 56.41 60.08 19.22 -4.55 2.78
Compactor-++ [30] NIPS 21 67.26 55.69 59.47 19.54 -5.84 2.66
Murri-tAsk PEFT-BASED METHODS
HyperFormer |31] ACL 21 71.43 60.73 65.54 17.77 £2.64 75.32
Polyhistor |40 NIPS 22 70.87 59.54 65.47 17.47 +2.34 8.96
VMT-Adapter [62] AAAT 2/ 71.60 60.67 64.02 16.41 +3.96 3.68
MTLoRA |1] CVPR 24 | 67.90 59.84 65.40 16.60 +2.55 8.34
DiTask [46] CVPR 25 | 70.09 59.03 64.55 17.47 +1.48 3.55
TADFormer |3| CVPR 25 | 70.82 60.45 65.88 16.48 +4.24 7.38
RUTaL(Ours) ECCV 26 | 73.42 6170 6474  14.65 | +7.79 | 2.93

Table 3 further provides a comprehensive efficiency evaluation on PASCAL-
Context from a adaptation perspective. Beyond trainable parameters, we ad-
ditionally measure GPU memory consumption and training time per batch to
assess practical computational cost. RUTaL requires the least training memory
(12.67 GB) and achieves the shortest training batch time (0.248 s/batch), re-
ducing memory by 7.80/5.55 GB and batch time by 0.210/0.057 s compared to
TADFormer and MTLoRA, respectively. At the same time, it delivers the high-
est overall performance gain (Am of +7.79%). These results demonstrate that
RUTaL consistently enhances both accuracy and training efficiency, yielding the
most favorable overall accuracy—efficiency trade-off among compared methods.

4.3 In-depth analysis

We conduct extensive experiments to investigate the underlying mechanisms of
the proposed RUTaL.Unless otherwise specified, all experimental analyses are
conducted using the Swin-Tiny backbone on the PASCAL-Context dataset.
Ablation Study. We evaluate the individual contributions of TGRU and
TSLA in Table 4. Removing TSLA (Row 1), which directly adapts shared task-
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Table 2: Comparison results on the three Table 3: Comprehensive efficiency and

tasks on the NYUDv2 dataset. performance comparison results.
NormAaLs DEPTH SemSeg #TP #TP Memory Time Am
Method
ethod " RMSE 1) (RMSE }) (mloU 1) (MJ) Method 11\ " (B) " (s/batchl) (% 1)
MTLoRA 27.38 0.6791 36.33  7.81 MTLoRA 8.34  18.22 0.305 2.55

TADFormer  27.16 0.6577 37.30 6.47 TADFormer 7.38  20.47 0.458  +4.24

RUTaL(Ours) 21.75 ~ 0.6175 42.76 2.58 RUTaL(Ours) 2.93 12.67  0.248 17.79

Table 4: Ablation of the Table 5: Ablation of the up- Table 6: Ablation of task

proposed modules. cycling strategy in TGRU. adaptation in TSLA.
TGRU TSLA #TP Am Upcycling Experts #TP Am TAS LAE #TP Am
v X 176M +2.42% W, Nx2 71.13M +4.72% Pt() CA  252M +6.71%
x v 2.02M +6.75% AW, Nx2 3.45M +7.60% RY() TM  2.55M +3.01%
v v 2.93M +7.79% W ep N+1 293M +7.79%  P'()&R'(-) CA&TM 2.93M +7.79%

agnostic representations from the upcycled backbone, degrades performance,
indicating the necessity of explicit task-specific adaptation. Removing TGRU
(Row 2), which disables task-agnostic backbone capacity expansion, also leads to
suboptimal results, highlighting the importance of enhancing shared representa-
tion capacity. Combining TGRU and TSLA yields the best overall performance,
validating their complementary roles.

Table 5 further compares different upcycling strategies in TGRU, including
fully fine-tuned MoE (W), per-expert low-rank residual upcycling (AW,), and
our re-parameterized aggregation upcycling (W,.,). Despite introducing sub-
stantially more parameters, the fully fine-tuned MoE fails to deliver superior
performance. We attribute this to the mismatch between a lightweight router
and over-parameterized experts under the limited training data volume, which
results in coarse routing boundaries, expert under-utilization, and functional
redundancy [12}38,54]. Consequently, the increased parameter count does not
translate into effective capacity gains. In contrast, the lightweight low-rank resid-
ual strategy yields more stable improvements by constraining expert updates to
global residual directions applied to the shared base weights, thereby regularizing
expert specialization. Furthermore, our re-parameterized aggregation effectively
balances shared knowledge and expert-specific functionality, achieving the best
performance with the fewest additional expert parameters.

Table 6 analyzes the task adaptation mechanisms within TSLA. TSLA per-
forms task specialization via the Task-Aware Selector (TAS) and extraction
through the Ladder Adaptation Extractor (LAE). We evaluate (1) a Task Fea-
ture Projector P!(-) with cross-attention (CS), and (2) Task Modulation (TM)
driven by the Task Modulation Generator R'(-). The results show that inte-
grating both mechanisms yields the best performance while introducing only
marginal additional parameters.

Hyperparameter Trade-offs Table 7(a)-(c) investigates the impact of key
hyperparameters of RUTal, including the expert number IV, rank dimension 7,
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Table 7: Hyperparameter and structure configuration of RUTaL on Pascal Context.
Trainable parameters (#TP) and Am(%) are reported.

Experts #TP Am Rank #TP  Am Projection #TP Am Backbone #TP Am

N=1 238M +7.61% r=1 215M +7.27% D =D/8 226M 16.96% Tiny  2.93M +7.79%
N =4 293M +7.79% r=4 248M +7.66% D =D/4 2.93M +7.79% Small  3.86M +8.41%
N =16 5.10M +7.83% r=8 293M +7.79% D =D/2 4.7TM +7.95% Base 6.02M +8.54%
N =64 13.79M+8.07% r =16 3.81M +7.71% D=D 10.52M+7.82% Large 11.68M+12.35%

(a) Expert Number N (b) Rank dimension r (c) Projection D (d) Backbone Scale

Table 8: Comparison of adaptation strategies on the ViT-based DINOv2 pre-trained
backbone. For MTLoRA and TADFormer, their official implementations are adapted
to the ViT architecture.

Pre-trained Adaptation SemSeg HumPa Saliency Normals
ViT Foundations| Methods (mlIoU 1) (mIoU 1) (mloU 1) (RMSE |)

Multi-task full 79.74 71.98 65.80 13.94 15.70 113.68

Decoder-only 79.32 72.34 61.71 16.79 10.09 23.63

DINOv2-Reg [50] | MTLoRA [1]  79.42 7062 6543 1417  +1457 3415
TADFormer [3] 78.04  70.12 6575  14.09  +14.09  33.61

RUTaL(Ours) 81.83 73.26 64.28 14.42 +15.72 28.98

Am(%) T #TP(M)

and the projection dimension D. As shown in Table 7(a), increasing N from 1 to
4 improves performance (+7.61% to +7.79%) with moderate parameter growth,
while larger N (e.g., 64) brings only marginal gains (+8.04%) at substantially
higher cost, indicating diminishing returns. We thus adopt N = 4. Table 7(b)
indicates that performance improves as rank r increases from 1 to 8, peaking at
r =8 (+7.79%), after which performance slightly drops at » = 16. This suggests
that moderate low-rank capacity is sufficient, while excessive rank weakens pa-
rameter efficiency. Table 7(c) indicates that performance improves from D/8 to
D/2. However, when D= D, performance slightly declines due to insufficient
training resulting from the increased parameter count. Considering parameter
efficiency, we adopt D = D /4.

Backbone Scaling Effects We evaluate the scalability of RUTaL. across
backbone capacity, pretraining scale, and architecture. Table 7(d) shows that
as the Swin Transformer backbone scales from Tiny to Large, performance con-
sistently improves. This indicates that RUTaL effectively adapts to models of
varying scales and achieves larger gains with increased capacity. In Table 8, we
further adopt a vanilla ViT backbone and evaluate the adaptation performance of
different methods on the advanced vision foundation model (VFM) DINOv2 [50].
The results show that our method consistently outperforms conventional multi-
task full parameter fine-tuning and decoder-only fine-tuning as well as advanced
multi-task PEFT methods MTLoRA and TADFormer, while achieving superior
parameter efficiency. This demonstrates that RUTaL can generalize effectively
across different Transformer backbones. Fig. 3 shows that larger pretraining
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Fig. 3: Performance of adaptation Fig.4: Expert residual weight similarity in the
methods with backbones pre-trained last layer of four backbone stage and the average
on datasets of different scales. router scores across all layers.

R Backbone Semseg HumanPart Saliency Normals.

Aﬂﬁm“

Image Semseg HumanPart Normals

Saliency

Fig. 5: Visualization of features learned by Fig. 6: Qualitative comparison examples
the task-generic backbone and the task- of MTLoRA, TADFormer, and the pro-
specific side branch. posed RUTaL.

datasets lead to stronger adaptation performance, while RUTal consistently
outperforms MTLoRA and TADFormer across different pretraining scales.

Visualizations We further conduct visualization to provide deeper insights
into the mechanism of RUTaL. Fig. 4 (left) shows the cosine similarity matrix of
the four residual experts in the last layer of each block. The low inter-expert sim-
ilarity indicates that TGRU learns diverse and specialized experts. Fig. 4 (right)
presents the averaged routing scores across layers, which exhibit a balanced dis-
tribution, demonstrating effective load balancing without expert collapse.

To analyze feature learning behavior, we visualize task-shared and task-
specific representations in Fig. 5. The shared features capture discriminative
semantic cues across object parts, while the branch features exhibit clear task
specificity—for example, focusing on body regions in human part segmenta-
tion and emphasizing structural foreground—background cues in surface normal
estimation. These results validate the effectiveness of the proposed decoupled
adaptation mechanism. Fig. 6 further presents qualitative comparisons, showing
that our method produces more reliable predictions.
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5 Conclusion

RUTaL, a decoupled PEFT framework for MTL, is proposed in this paper.
We revisit the coupled design principle of existing PEFT approaches for MTL
and design a decoupled framework that separates task-generic backbone capac-
ity expansion from task-specific specialization. Specifically, Task-General Resid-
ual Upcycling (TGRU) restructures a pre-trained backbone into a task-generic
Mixture-of-Experts (MoE) architecture to establish a high-capacity shared foun-
dation, while Task-Specific Ladder Adaptation (TSLA) derives lightweight task-
specialized representations through a decoupled pathway. Extensive experiments
demonstrate that RUTal. achieves state-of-the-art multi-task dense prediction
performance with fewer trainable parameters and improved computational effi-
ciency. More broadly, this decoupled perspective offers a principled direction for
other MTL settings, such as continual task adaptation. In future work, we plan
to explore the application of multimodal models to multi-task learning beyond
purely visual domains.
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