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Abstract

Multi-task learning (MTL) is critical in real-world applica-
tions such as autonomous driving and robotics, enabling si-
multaneous handling of diverse tasks. However, obtaining
fully annotated data for all tasks is impractical due to label-
ing costs. Existing methods for partially labeled MTL typi-
cally rely on predictions from unlabeled tasks, making it dif-
ficult to establish reliable task associations and potentially
leading to negative transfer and suboptimal performance. To
address these issues, we propose a prototype-based knowl-
edge retrieval framework that achieves robust MTL instead of
relying on predictions from unlabeled tasks. Our framework
consists of two key components: (1) a task prototype embed-
ding task-specific characteristics and quantifying task associ-
ations, and (2) a knowledge retrieval transformer that adap-
tively refines feature representations based on these associa-
tions. To achieve this, we introduce an association knowledge
generating (AKG) loss to ensure the task prototype consis-
tently captures task-specific characteristics. Extensive exper-
iments demonstrate the effectiveness of our framework, high-
lighting its potential for robust multi-task learning, even when
only a subset of tasks is annotated.

Introduction

Multi-tasking in computer vision is an important challenge
for deploying real-world applications such as autonomous
driving (Geiger, Lenz, and Urtasun 2012; Yurtsever et al.
2020) or robotics (Devin et al. 2017), which require a unified
process to handle various functional roles (Hu et al. 2023).
To this end, multi-task learning (MTL) (Briiggemann et al.
2021; Gao et al. 2019; Lu et al. 2017; Misra et al. 2016;
Ye and Xu 2022a; Fan et al. 2022; Liu, Johns, and Davi-
son 2019; Ye and Xu 2023, 2022b) has emerged as a solu-
tion, enabling the simultaneous learning of multiple tasks.
Unlike traditional single-task learning approaches that train
each task independently, the MTL leverages shared associ-
ations among tasks (Zamir et al. 2018), facilitating robust
predictions across various tasks. By doing so, it has shown
remarkable success, particularly in dense prediction tasks
(e.g., semantic segmentation and depth estimation).
However, annotating all the tasks across diverse real-
world scenarios requires substantial human effort and com-
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Figure 1: Conceptual diagram of the proposed method (se-
mantic segmentation example). (1) Task prototype gener-
ates task-affinity score, and (2) prototype-based knowledge
retrieval process utilizes this task-affinity to adaptively en-
hance task performance.

putational cost during pre-processing for multi-task learn-
ing. To mitigate this, recent methods have been proposed to
enable robust multi-task learning from partially annotated
data. This task is called Multi-Task Partially Supervised
Learning (MTPSL). Recent MTPSL works mainly focus on
leveraging unlabeled task predictions by utilizing cross-task
regularization through joint task-space mappings (Li, Liu,
and Bilen 2022) or employing diffusion models combined
with multi-task conditioning (Ye and Xu 2024) to integrate
cross-task information. However, a common limitation of
these approaches is their reliance on predictions from the un-
labeled tasks when learning target task with available labels.
This reliance makes task associations less reliable, as unla-
beled tasks often contain noisy or incomplete information,
potentially leading to negative knowledge transfer.

To address these limitations, we propose a novel frame-
work for MTPSL that goes beyond simply utilizing pseudo-
labels for unlabeled tasks. Our approach introduces a new
perspective by explicitly modeling inter-task relationships
through task-inherent characteristics, independent of label
availability. Ours mainly focuses on capturing inter-task re-
lationships by identifying the inherent characteristics of each



task for more generalized multi-task learning. To this end,
we tackle two key challenges: (i) how to quantify task asso-
ciations and (ii) how to leverage these associations to adap-
tively guide reliable knowledge transfer to the target task.

Building upon these two key aspects, as shown in Fig-
ure 1, the proposed framework consists of a task prototype
and knowledge retrieval transformer. First, for the aspect
(i), we introduce a task prototype designed to embed task-
specific characteristics essential for quantifying task asso-
ciations. Using this prototype, we generate a task-affinity
score to represent the degree of enhancement needed for the
target task, based on the associations among tasks. To guide
this process, we introduce an association knowledge gener-
ating (AKG) loss. It encourages the task prototype to keep
task-specific characteristics and learn task-affinity—the de-
gree of enhancement required for each task based on its as-
sociation with the target task. This task-affinity allows our
framework to effectively apply association knowledge, en-
abling a clear understanding of the enhancement required
for transferring to the target task.

Next, to address the aspect (ii), we propose a knowledge
retrieval transformer that utilizes the task-affinity score as
guidance to adaptively perform operations for each task.
We generate the task-affinity feature by integrating the
task-affinity score with the task prototype, which helps the
model retrieve association knowledge needed for enabling
enhancements aligned with the target task. Through this fea-
ture, each transformer block captures the necessary knowl-
edge to adaptively refine the task-specific feature representa-
tions, aligning them closely with the specific requirements of
the target task. Based on this, we introduce prototype-based
knowledge retrieval learning that enables adaptive enhance-
ment for multi-tasking without relying on predictions from
unlabeled tasks. As a result, our approach outperforms the
existing state-of-the-art multi-tasking methods, even when
only a subset of tasks is annotated.

The major contributions of our paper are as follows:

* We propose a task prototype that captures task-specific
features and measures the required enhancement through
task associations.

* We develop a knowledge retrieval transformer that uses
the task-affinity score to adaptively refine feature repre-
sentations, aligning them with the specific requirements
of the target task.

* We introduce a prototype-based knowledge retrieval
learning method that leverages task-specific character-
istics instead of relying on predictions from unlabeled
tasks. This enhances the performance of diverse tasks,
even when annotations are not provided for all tasks.

Related Works
Multi-Task Learning

Multi-task learning have been focused to develop models ca-
pable of simultaneously addressing multiple tasks within a
single framework. Existing methods (Liu, Johns, and Davi-
son 2019; Gao et al. 2019; Lu et al. 2017; Misra et al. 2016)
focus on designing encoder architectures that enable interac-
tion among multiple tasks. Recently, methods (Briiggemann
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et al. 2021; Ye and Xu 2022a; Yang et al. 2024; Ye and Xu
2023, 2022b; Xu et al. 2018; Fan et al. 2022; Lin et al. 2025)
focused on effectively handle multiple tasks using shared
features from pre-trained backbone network. For example,
ATRC (Briiggemann et al. 2021) explores task relationships
to optimize contextual information for multi-task learning.
InvPT (Ye and Xu 2022a) introduces a inverted pyramid
multi-task transformer that leverages multi-scale feature ag-
gregation for high-resolution task-specific predictions. In
(Yang et al. 2024), MLoRE is introduced to explicitly model
global task relationships for multi-task dense prediction, and
MTMamba (Lin et al. 2025) captures long-range spatial re-
lationships achieves cross-task correlations for multi-task
learning. Despite their effectiveness, these methods rely on
the assumption that all training samples are fully annotated
for every task, which limits their applicability in scenarios
where annotations for certain tasks are sparse or unavailable.

Partially Annotated Multi-Task Learning

Recently, several approaches have been proposed to address
multi-task learning with partially annotated data, aiming to
effectively train models despite incomplete annotations. An-
notating all tasks across diverse real-world scenarios incurs
significant human and computational costs, making imprac-
tical for many applications. To address this, Li ef al. (Li,
Liu, and Bilen 2022) proposed a multi-task partially su-
pervised learning (MTPSL) framework with partially an-
notated data, introducing cross-task regularization through
joint task-space mapping defined for each task pair. Diffu-
sionMTL (Ye and Xu 2024) introduces a diffusion model
with multi-task conditioning to improve noisy predictions.
Despite these advances, existing approaches commonly
rely on predictions from unlabeled tasks to account for task
association. However, the absence of labels can lead to in-
accurate predictions, resulting in challenges when utiliz-
ing task association effectively. In contrast, our proposed
method embeds task-specific characteristics and captures
task association instead of relying on predictions from un-
labeled tasks. Therefore, the proposed method can be more
robust and reliable framework for multi-task learning.

Proposed Method

Figure 2 shows the overall framework of the proposed
method, which consists of two parts: multi-task learning
and prototype-based knowledge retrieval learning, trained
in an end-to-end manner. In multi-task learning, a back-
bone network receives an input image [ to generate an en-
coded feature f¢, which refined through a vector quantiza-
tion. This feature passes through the task-specific decoder
to generate task-specific feature f*, where ¢ denotes each
particular task (e.g., semantic segmentation or depth esti-
mation). In prototype-based knowledge retrieval learning,
f* passes through the task prototype V' and knowledge re-
trieval transformer. The task prototype V generates task-
affinity score A( ft, V), which indicates the degree of en-
hancement needed for the target task. In the subsequent pro-
cess, the knowledge retrieval transformer utilizes the task-
affinity score as guidance to integrate with the task proto-
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Figure 2: Overview of the proposed multi-task learning
with prototype-based knowledge retrieval. It consists of two
main components: (1) multi-task learning module, and (2)
prototype-based knowledge retrieval module using task pro-
totype and knowledge retrieval transformer.

type V, generating the task-affinity feature f!®. This serves
as a key element in guiding the retrieval of task associa-
tion knowledge and adaptively regulates the enhancement,
resulting in the task-refined feature f!". Finally, each task
head uses this " to generate task predictions for its corre-
sponding task. More details are in the following subsections.

Vector Quantization for Enhanced Representation

In a partially annotated multi-task setting each task observes
only a subset of labels. Unlabeled tasks must still benefit
from the others, which requires a shared feature space that
is wide enough to hold diverse task cues. We enlarge this
space by mapping encoded features to entries in a learnable
codebook through vector quantization.

The codebook Z consists of K learnable slots, defined as
Z = {z,} |, with each embedding z;, € R'*¢ (c rep-
resents the dimension of each slot). The encoded feature
f¢ € RMXwXe pags through the codebook Z to generate
quantized feature f¢ € R">w>¢ by conducting element-
wise quantization process q(-), calculated as:

where f7; denotes the element of the encoded feature.

Next, the quantized feature f9 is integrated with the en-
coded feature f€ through element-wise summation to obtain
the integrated feature f°. To effectively enhance the shared
representation across diverse tasks, we introduce the task-
agnostic enhancement loss (TAE) loss, where f? is passed
through a convolutional decoder to reconstruct the input im-

age I". Ly, is formulated as follows:

{0.5|IT IR, -1 <1,
£tae =

|I" — I| — 0.5, otherwise.

Through L., the codebook Z enhances the shared repre-
sentation by reconstructing the input image, allowing it to ef-
fectively capture task-specific characteristics even when task
labels are only partially available.

fr=a(f%): )]

= (argmin ||ffj — zi|]
z

E21S
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Task Prototype

In multi-task learning, each task has task-specific character-
istics that are essential for leveraging task associations and
guiding adaptive enhancements. For instance, human pars-
ing focuses on specific body parts, whereas tasks such as
depth estimation or normal estimation require attention to
the entire scene. However, predictions from unlabeled tasks
generally lack these characteristics compared to those from
labeled predictions, making it difficult to understand task-
specific characteristics to effectively utilize task associa-
tions. Therefore, we propose task prototype V that quantifies
task associations and embeds task-specific characteristics.
Figure 3(a) shows the training process of embedding task
knowledge into the task prototype V. The task prototype V
consists of T learnable slots, denoted as V = {v, }1_, (v, €
R*4), where T and d indicate the total number of tasks
and the dimensionality of each slot, respectively. To cap-
ture the task-specific characteristics of each task 7, we first
generate task-similarity S(f*,V) € R" T representing
the association between target task and the embedded task
knowledge of the prototype. Using the task-specific feature
ft € RM>wxe we apply a convolution layer and flattening
to generate f* € R4 which is then used with task pro-

totype V to obtain task-similarity S(f*, V), calculated as:
frov

T
S ft,V - I —
S (IIf‘*IIUTH)T_1

To embed task knowledge required for reliable transfer
to the target task, we introduce the task knowledge embed-
ding (TKE) loss using task-similarity .S( f ¢ V). To achieve
this, we perform the softmax function on similarity, gener-
ating task-affinity score A(f*, V). Ideally, the affinity score
should be highest for the slot of V corresponding to the tar-
get task t, L is defined as:

3)

T
Lye = —»_Yilog(A(f',V)), )

where Y; is a one-hot vector corresponding to target task ¢.
Through Ly, each task prototype v, can memorize task-
specific characteristics and capture task association needed
for enhancement.

As we explicitly store task-specific characteristics into the
task prototype V using labeled predictions, each v, repre-
sents the task-specific characteristics of each task. Within
the task prototype, task-specific characteristics must remain
clearly distinct from those of other tasks while being con-
sistently maintained across all scenarios. To this end, we in-
troduce task consistency (TC) loss using task-specific fea-
tures from all samples within a batch (see Figure 4). At
this time, since our method can generate task-specific fea-
tures regardless of labels, we newly denote ft as 2t €
REBxhwxd - gubsequently, we aggregate task-specific fea-
tures across all samples corresponding to the target task,
generating ¢ € RMX94, L focuses on the relationships
between task-specific characteristics, ensuring that the accu-
rate characteristics obtained from labeled data remain con-
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Figure 4: Illustration of the Task Consistency (TC) loss.

sistent across all scenarios of the target task ¢ while remain-
ing clearly separated from those of other tasks 7, defined as:

T N T

L = ZZZmaX (S(z', 1) — S(3",27) + ,0),

t=1 i=171=1
TH#t

&)

where S(-, -) denotes the cosine similarity.
Finally, the association knowledge generating (AKG) loss
Laxg is obtained by adding Ly, and L, calculated as:

Eakg = ﬁtke + £lc' (6)

In the training phase, the weight parameters of embedding
T slots of task prototype V are initialized randomly and up-
dated through Eq. 6. In the inference phase, all parameters of
V are fixed to recall the consistent task knowledge across all
scenarios, generating task-affinity scores that are adaptive to
each task without utilizing predictions from unlabeled tasks.

Prototype-Based Knowledge Retrieval

Through task prototype in Section , we generate the task-
affinity score A(f*,V), indicating the association of target
task with task-specific characteristics. The core of this sec-
tion is leveraging these association to adaptively regulate the
enhancement to perform transition operations suited for each
task. To achieve this, we propose a prototype-based knowl-
edge retrieval method that applies task knowledge from the
prototype V, aligning with the requirements of each task.

Figure 3(b) shows the proposed prototype-based
knowledge retrieval process, composed of a knowledge-
retrieval transformer. This transformer consists of multiple
knowledge-retrieval blocks, containing self-attention,
cross-attention, and feed-forward network (FFN) layers. To
effectively retrieve task knowledge, we first generate the
task-affinity feature f%@, which plays a key role in adap-
tively regulating the enhancement required for each task. As
shown in Figure 3(b) (dotted box), f!¢ is obtained through
the matrix multiplication of the task-specific score A( 7t V)
and the task prototype V), which can be represented as:

fle=A(fL,v) - v. (7)

After obtaining the task-affinity feature f%¢, the
knowledge-retrieval block receives the flattened task-
specific feature ft and the task-affinity feature fta, gener-
ating f! . The enhancement is adaptively regulated through
the cross-attention layer in each knowledge-retrieval block,
where f!¢ is used as key and value, while f* (after passing
through self-attention layer) serves as query, formulated as:

t = SelfAtt(f*), (8)

fea = CrossAtt(fo,, f*, ). ©)
Finally, f is passed through a feed-forward network,
generating the task-refined feature f1". With the task-affinity
feature f'¢, our model utilizes task-specific characteris-
tics embedded in the prototype to retrieve task association
knowledge as task-affinity, determining the degree of en-
hancement required for the target task. Subsequently, the
cross-attention layer adaptively improves task-specific fea-
ture representations by utilizing the association knowledge.
This allows our prototype-based knowledge retrieval learn-
ing effectively handles diverse tasks without utilizing pre-
dictions from unlabeled tasks.

Total Loss Function
The total loss function of our framework is represented as:
N

Lrotar = Larrr + M1 Lrae + MoLakg,
i=1

(10)
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One Label Random Label

Method Semseg Parsing Saliency Normal Boundary | Semseg Parsing Saliency Normal Boundary

mloU? mloUtT maxF! mErr| odsFT mloU? mloUt maxFt mErr] odsFT
Single-Task Learning 50.34  59.05 77.43 16.59 64.40 51.51  57.90 80.30 15.24 67.80

"MTL Baseline ~ [ 44737 57.03 7569 1647 6430 | 4649 5539 7839 1536  66.80

Semi-Supervised Learning (cver22) | 45.00 54.00  61.70 16.90 62.40 59.00 55.80 64.00 15.90 66.90
MTPSL* (cvpr22) 55.08 56.72  77.06 16.93 63.70 62.44 5581 78.56 15.45 66.80
DiffusionMTL (Prediction) (cvpr24)| 59.43  56.79  77.57 16.20 64.00 63.68 5584  79.87 15.38 66.80
DiffusionMTL (Feature) (cvPRr'24) 57.78  58.98 77.82 16.11 64.50 62.55 56.84 80.44 14.85 67.10
Proposed Method 59.78 59.08  78.62 15.63 65.10 6430 56.87 80.51 14.48 67.30

Table 1: Quantitative comparison of state-of-the-art MTPSL methods on PASCAL-Context dataset. The results include methods
for partially annotated data, along with one and random label settings. * indicates performance reproduced using the same
backbone as in (Ye and Xu 2024). Bold/underlined fonts indicate the best/second-best results.

where L7, denotes supervised loss for multi-task learn-
ing with labeled data. It employs the cross-entropy loss for
semantic segmentation, human parsing, saliency, and bound-
ary detection, while the L1-norm loss is used for depth and
surface normal estimation. A denotes balancing parameter.

Experiments
Dataset and Evaluation Metrics

PASCAL-Context. PASCAL-Context (Everingham et al.
2010) dataset contains 4,998 training images and 5,105
testing images, which provide annotations for dense predic-
tion tasks such as semantic segmentation, human parsing,
and object boundary detection. Additionally, pseudo labels
(Maninis, Radosavovic, and Kokkinos 2019) for tasks like
surface normal estimation and saliency detection have
been generated, making it a comprehensive benchmark for
multi-task learning. Following (Li, Liu, and Bilen 2022; Ye
and Xu 2024), we utilize all the tasks for the evaluation.

NYUD-v2. NYUD-v2 (Silberman et al. 2012) dataset con-
tains 795 training images and 654 testing images, collected
from various indoor scenarios. It includes annotations
for 13-class semantic segmentation, depth estimation,
and surface normal estimation. Following the protocol of
existing works (Li, Liu, and Bilen 2022; Ye and Xu 2024),
the resolutions of all images were resized to 288 x 384.

Evaluation Metrics. To compare the performance under
partially annotated settings, we adopted the same protocol
as prior research (Li, Liu, and Bilen 2022), where label con-
figurations are predefined. Specifically, two label configu-
rations are used: (i) one-label setting, where each training
image is annotated for only one task, and (ii) random-label
setting, where each image is provided with annotations for
at least one task and at most a predefined number of tasks.
For evaluation, we use metrics from prior works (Li, Liu,
and Bilen 2022; Ye and Xu 2024; Yang et al. 2024). Mean
Intersection over Union (mloU) is used for semantic seg-
mentation and human parsing, while the maximal F-measure
(maxF) evaluates saliency detection. For surface normal es-
timation, we use mean angular error (mErr), and for bound-
ary detection, the optimal-dataset-scale F-measure (odsF).
Absolute error (absErr) is employed for depth estimation.
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Implementation Details

Following the methods in (Ye and Xu 2024), we use ResNet-
18 as our backbone (He et al. 2016). All experiments were
conducted on a single RTX A6000 GPU. For both PASCAL-
Context and NYUD-v2 datasets, we train our method using
the Adam optimizer with an initial learning rate of 2 x 10~°.
We trained the model for 100 epochs with a batch size of 6
on PASCAL-Context, and 200 epochs with a batch size of 4
on NYUD-v2, following previous work (Li, Liu, and Bilen
2022; Ye and Xu 2024). For the codebook and task proto-
type, we used K = 4096 slots for the codebook, and for the
task prototype 7', we used T = 5 for PASCAL-Context and
T = 3 for NYUD-v2. Each slot has a dimension of 1024,
with 8 heads for cross-attention in the knowledge retrieval
transformer, and the output feature has 1024 channels. The
task-specific decoder consists of 3 X 3 convolution layers
with ReLU, and the task head is a 1 x 1 convolution layer.

Comparision with the State-of-the-art Methods

Results on the PASCAL-Context Dataset. We compared
our method with the state-of-the-art method (Li, Liu, and
Bilen 2022; Ye and Xu 2024) under partially annotated
settings on the PASCAL-Context dataset. As shown in
Table 1, while DiffusionMTL (Ye and Xu 2024) has shown
improved performance across all tasks, its performance var-
ied according to input type of the diffusion, i.e., prediction
map (prediction) or feature map (feature). In contrast, our
method outperforms across all tasks, maintaining consistent
performance regardless of the learning strategy.

Results on NYUD-v2. We also compared on NYUD-v2
dataset to demonstrate the generalizability of our method.
As shown in Table 2, ours consistently outperforms exist-
ing methods. Since our task prototype embeds task-specific
characteristics and knowledge retrieval transformer lever-
ages them to adaptively enhance feature representations by
capturing task associations, ours shows robust performance.

Ablation Studies

Effect of the Proposed Loss Functions. Table 3 shows the
effectiveness of the proposed loss functions. When vector
quantization is added with L., it is slightly improved by
enhancing shared feature representations. This allows the
task prototype to better capture task-specific characteristics.



One Label Random Label

Method Semseg Depth Normal Semseg Depth Normal

mloU*t absErr| mErr| mloU? absErr] mErr|
Single-Task Learning 45.28 0.4802 25.93 48.25 0.4792 24.65
MTL Baseline 42.77 0.5134 26.99 44.82 0.4886 25.92
Semi-Supervised Learning (CvPR'22) 27.52 0.6499 33.58 29.50 0.6224 33.31
MTPSL* (cvpr22) 43.97 0.5140 26.30 46.03 0.4811 25.97
DiffusionMTL (Prediction) (CVPR'24) 44.97 0.5137 26.17 47.44 0.4803 25.26
DiffusionMTL (Feature) (CVPR'24) 44.47 0.5059 25.84 46.82 0.4743 24.75
Proposed Method 45.95 0.4865 25.64 47.53 0.4621 24.67

Table 2: Quantitative comparison of state-of-the-art MTPSL methods on NYUD-v2 dataset. * indicates results reproduced using
the same backbone. Bold/underlined fonts indicate the best/second-best results.

r Larg Semseg Parsing Saliency Normal Boundary
tae e Lie mloUT mIoUt maxF{ mErr|  odsF 1
- - - 4473 5703 7569 1647 64.38
v - - 4483 57.13 76.13 16.22 64.50
v vV - 5821 5887 7850 @ 15.67 65.00
v v v 5978 59.08 78.62 15.63 65.10

Table 3: Ablation study to investigate the effect of proposed
loss functions on PASCAL-Context (one-label setting).

. . Semse; Depth Normal

# Dimension Param mIoU% abs}grr 1 mErr |
- 146.5M 42.77 0.5134 26.99

256 156.6M 4491 0.4931 25.67
512 157.5M 45.65 0.4878 25.73
1024 159.4M 45.95 0.4865 25.64
2048 163.0M 45.33 0.4867 25.77

Table 4: Effect of task prototype on NYUD-v2 under the one
label setting by varying the dimension of its slot 7.

In Lug, we embed task-specific characteristics into
the task prototype using L;r., enabling the prototype-
based knowledge retrieval module to effectively capture
task associations. This enhances feature representations,
outperforming the baseline. With L;., the task prototype ef-
fectively ensures consistency in task-specific characteristics
and demonstrates superior performance across all tasks.

Effect of dimensionality of task prototype slot 7. We con-
ducted experiments by varying the dimensionality of task
prototype slots 7. As shown in Table 4, when the dimen-
sionality is small, fewer parameters make it difficult to em-
bed sufficient task-specific characteristics, reducing perfor-
mance. Conversely, a large dimensionality makes it struggle
to utilize the information, also leading to degraded perfor-
mance. Optimal performance was achieved at 1024.

Visualization Results

Figure 5 shows the qualitative comparisons between our
method and DiffussionMTL (Ye and Xu 2024) on PASCAL-
Context under the one-label setting. Existing method shows
lower quality on certain tasks (e.g., semantic segmentation),
while our method achieves improved results across all tasks.
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Prompting NYUD-v2
Method Method Semseg Depth Normal
mloU TabsErr | mErr |
MTL Baseline (B) - 4541 04277 22.34
B+TaskPrompter acLr'22)  Latent Learn. 48.68 0.4141 20.65
B+TSP-Transformer (wacv’24) Latent Learn. 46.26 0.4239 21.00
Proposed Method Explicit Learn. 50.08 0.3857 20.57

Table 5: Comparison with different prompt-based methods
on the NYUD-v2 dataset under one label setting. B is base-
line MTL network with a ViT-L backbone. The results are
obtained via our reproduction with the official source code.

Discussions

Effect of Prototype-Based Knowledge Retrieval. We
investigate the effectiveness of our prototype-based knowl-
edge retrieval learning compared to existing prompt-based
multi-task learning methods (Ye and Xu 2022b; Wang et al.
2024). The existing approaches focus on embedding task
prompt within the transformer architecture, where prompts
are learned in a supervised manner under fully labeled
conditions. Therefore, as shown in Table 5, while they
show improved performance over the baseline, they only
work when labeled data is available. In contrast, since we
leverage task prototype with L4, ours outperforms across
all tasks, even when only a subset of tasks is annotated.

Visualization of Task Prototype Capabilities. To demon-
strate how our method utilizes task associations through the
task prototype, we visualize an attention map in Figure 6.
The activated slots highlight the affinity for task-specific
characteristics required to enhance the target task. By
leveraging these associations, our method enables effective
knowledge retrieval and enhances feature representations
without relying on predictions from unlabeled tasks.

Visualization of Embedding Parameters in Task Pro-
totype. To evaluate how effectively our method captures
task-specific characteristics, we visualize the embedding
parameters of task prototype in Figure 7. The task prototype
contains individual slots for each task, where the elements in
each slot represent the task-specific characteristic informa-
tion. While these characteristics are distinct for each task,
certain elements share similar properties across tasks. This
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Figure 5: Qualitative comparison of our method and state-of-the-art method on PASCAL-Context under one-label setting.
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Figure 6: Example of the task prototype. When target tasks are different, the activated slot of the task prototype is different.

Figure 7: Visualization of task prototype.

allows our method to capture task associations, facilitating
effective knowledge retrieval and adaptive enhancements.

Generalization Ability Across Different Backbone. Table
6 shows the generalizability of our method using a different
backbone network, ResNet-50. Our method outperforms the
others across all tasks, demonstrating its effectiveness and
generalizability regardless of the backbone architecture.

Limitations. Although our method captures task-specific
characteristics and regulates task associations to enhance

24610

PASCAL-Context

Method Semseg Parsing Saliency Normal Boundary
mloU 1 mloU 1 maxF {1 mErr| odsF {1
DiffusionMTL (Prediction)| 60.92 59.94 77.58 17.31  63.80
DiffusionMTL (Feature) | 58.78 61.91 77.07 1649  66.20
Proposed Method 6223 62.14 78.10 16.19 66.70

Table 6: Comparision of state-of-the-art multi-task learn-
ing method with different backbone network on PASCAL-
Context dataset under one-label setting.

multi-task learning without relying on predictions from un-
labeled tasks, it is currently designed for tasks seen during
training. Extending this framework to unseen tasks in a zero-
shot or meta-learning remains an open challenge.

Conclusion

We introduce a novel framework for prototype-based knowl-
edge retrieval learning, designed to effectively leverage task-
specific characteristics and associations without relying on
predictions from unlabeled tasks. Addressing the challenges
of partially annotated data, we introduce a task prototype
with association knowledge generating loss to embed task-
specific characteristics and to generate task-affinity score.
Also, we propose the knowledge retrieval transformer adap-
tively enhance feature representations for each task with
task prototype. As a result, our method can reliable trans-
fer across all tasks, even without additional annotations.
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