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Abstract. In this study, we address the intricate challenge of multi-
task dense prediction, encompassing tasks such as semantic segmenta-
tion, depth estimation, and surface normal estimation, particularly when
dealing with partially annotated data (MTPSL). The complexity arises
from the absence of complete task labels for each training image. Given
the inter-related nature of these pixel-wise dense tasks, our focus is on
mining and capturing cross-task relationships. Existing solutions typi-
cally rely on learning global image representations for global cross-task
image matching, imposing constraints that, unfortunately, sacrifice the
finer structures within the images. Attempting local matching as a rem-
edy faces hurdles due to the lack of precise region supervision, making
local alignment a challenging endeavor. The introduction of Segment
Anything Model (SAM) sheds light on addressing local alignment chal-
lenges by providing free and high-quality solutions for region detection.
Leveraging SAM-detected regions, the subsequent challenge lies in align-
ing the representations within these regions. Diverging from conventional
methods that directly learn a monolithic image representation, our pro-
posal involves modeling region-wise representations using Gaussian Dis-
tributions. Aligning these distributions between corresponding regions
from different tasks imparts higher flexibility and capacity to capture
intra-region structures, accommodating a broader range of tasks. This
innovative approach significantly enhances our ability to effectively cap-
ture cross-task relationships, resulting in improved overall performance
in partially supervised multi-task dense prediction scenarios. Extensive
experiments conducted on two widely used benchmarks underscore the
superior effectiveness of our proposed method, showcasing state-of-the-
art performance even when compared to fully supervised methods.
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Fig.1: Multiview consistency and region consistency. (a) lllustration of contrastive
multiview consistency [B8]. (b) Illustration of region consistency, where pis and pjs
represent the region distribution of semantic segmentation, pig and p;¢ denotes the
region distribution of depth estimation.

1 Introduction

With the rapid advancement of deep learning, dense prediction tasks, includ-
ing semantic segmentation, depth estimation, and surface normal estimation,
have witnessed remarkable progress [11, 16,/30,/34,47]. Considering the inher-
ent interdependence among these dense prediction tasks [45|46], there has been
a growing interest in employing uni ed multi-task learning networks to jointly
tackle di erent dense prediction tasks [722,28,29,31,32,39,43,50]. In contrast to
ine cient single-task learning networks, multi-task learning networks e ectively
acquire shared features, enabling them to capture more generalizable information
across various tasks while avoiding redundant training [39, 43, 50].

Recent advancements in multi-task dense prediction methods have primarily
focused on two crucial aspects. The rst aspect is dedicated to designing intricate
network architectures to achieve e ective multi-task learning [29, 32, 39, 43, 50],
while the second aspect is devoted to devising optimal balancing strategies for
loss functions in multi-task learning [7, 14, 22, 28, 29], aiming to mitigate the
negative transfer across tasks. These directions mainly focus on fully super-
vised multi-task learning, where complete task labels are available for all train-
ing samples. However, acquiring pixel-level labels for dense prediction tasks is
resource-intensive, particularly with multiple visual tasks. It is common to en-
counter scenarios where labels for certain tasks are missing or unreliable in some
training samples [25], leading to a new research direction known as multi-task
partially supervised learning (MTPSL).

Since not all task labels are available for each training image in MTPSL,
it is natural to formulate a multi-task learning framework which can leverage
the implicit relationship between tasks with and without explicit labels. Dense
prediction tasks, such as semantic segmentation, depth estimation, and normal
prediction, exhibit a complementary co-existence relationship [37,45, 46], where
each task can serve as auxiliary information for others, o ering valuable insights
reciprocally. While existing approaches map predictions into a joint vector-wise
semantic space for task alignment [25], we argue that this overlooks the un-
derlying structural information inherent in the original image. A global vector
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might be insu cient to characterize the information in the entire scene, limit-
ing its e ectiveness in constraining cross-task relationships. Local matching, as
shown in Fig. 1, with its intrinsic local properties, serves as a potential remedy.
Nonetheless, the absence of precise region supervision presents a fundamental
obstacle, thereby intensifying the challenges associated with its implementation.

To tackle the outlined challenges, we introduce region-based cross-task align-
ment by leveraging the robust region segmentation capabilities inherent in Seg-
ment Anything Model (SAM) models. Utilizing well-segmented image regions
facilitates the abstraction of region-level information, enabling the addition of
cross-task consistency constraints. However, a subsequent crucial challenge arises
in e ectively representing these regional features to ensure the consistency and
accuracy of cross-task alignment. In contrast to conventional methods that di-
rectly learn a uni ed image representation, we employ Gaussian distributions to
model region representations, enhancing exibility and improving the ability to
capture intra-region structures. By adapting Gaussian distributions between cor-
responding regions from di erent tasks, our approach can be more broadly appli-
cable to diverse task types, such as pixel-level classi cation tasks (e.g., semantic
segmentation) and pixel-level regression tasks (e.g., depth estimation). Subse-
quently, we introduce distributional contrastive learning to explicitly perform
region-wise cross-task alignment. This approach serves as a robust constraint,
o0 ering a meaningful way to mine relationships between tasks and enhance dense
prediction results, particularly for those tasks lacking pixel-wise labels.

In summary, our work masks the following contributions:

We tackle the challenge of multi-task partially supervised (MTPSL) dense
prediction from a fresh perspective. Our approach involves extracting cross-
task local alignment through the utilization of SAM's easily obtainable local
regions. This innovative strategy has demonstrated notable in alleviating
label shortages.

We propose a novel region distribution contrast method for local alignment,
which o ers increased exibility, robustness, and wide applicability across
multiple tasks.

We validate the e ectiveness of our proposed method through extensive ex-
periments conducted on two widely used benchmark datasets. Notably, our
approach achieves state-of-the-art performance in partially supervised learn-
ing, while also showing great potential in fully supervised learning.

2 Related Work

Multi-task Supervised Learning. Multi-task learning utilizes a single
model to simultaneously handle multiple visual tasks, o ering advantages such
as faster inference speed and more e cient utilization of input data. Some ap-
proaches [13,32,48] focus on designing the encoder of multi-task network, while
other approaches pay more attention to designing complex decoders to gen-
erate task-speci ¢ predictions by utilizing shared features [2, 39, 43, 50]. Uncer-
tainty [22] obtain task loss weights by considering the heteroscedastic uncertainty
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of each task, Grad-Norm [7] directly adjusts gradients to balance task losses, and
DWA [14] learns time-varying average task weights by considering the loss vari-
ation rate of each task. It is important to note that these methods operate under
a signi cant and strong assumption, namely that they are developed and studied
based on the availability of labels for all tasks across all images.

Multi-task Semi-supervised Learning and Partially-supervised Learn-
ing. Learning multi-task models on fully annotated data requires a large-scale
labeled dataset, and the cost of collecting su cient labeled data can be high.
Therefore, two common scenarios are worthy of note in multi-task learning.
One is semi-supervised multi-task learning, where the dataset consists of lim-
ited annotation information for all tasks and a large amount of unlabeled data.
A bunch of methods have been proposed for semi-supervised multi-task learn-
ing [8,18,19,24,27]. In recent works [8,18,19,24], regularization terms are applied
to unlabeled samples from each task to encourage consistent predictions when
the input is perturbed. Another scenario involves partial-supervision multi-task
learning, where the dataset lacks su cient labels for each task, and not all tasks
have labels for every image. Liet al. [25] maps tasks into high-dimensional vec-
tors for cross-task alignment. However, vector representations are insu cient and
do not capture local-level alignment. In this paper, we propose leveraging distri-
butions as a substitute for vector representations of task features and employing
contrastive learning to achieve region-level alignment across tasks.

Contrastive Learning for Vision. Recently, contrastive learning has made
signi cant advancements in unsupervised learning [5, 6,15, 33,42]. DenseCL [40]
and RegionContrast [17] have been utilized for semantic segmentation tasks using
contrastive learning at the pixel and region levels respectively, achieving excellent
results. For depth estimation, WCL [12] transformed depth from continuous
values to discrete values and constructed contrastive losses based on windows to
form positive and negative sample pairs. CMC [38] was the rst to propose that
di erent viewpoints of the same image should be mapped to nearby positions
in a high-dimensional space, while di erent images should be mapped to distant
positions, thus ensuring multiview consistency. Inspired by CMC, we believe that
multiple viewpoints within the same local region should also exhibit consistency,
while di ering from other regions. In this paper, we leverage this idea to achieve
region-level contrast for MTPSL.

Gaussian Distribution. Recently, Gaussian distribution has been widely
employed in computer vision to characterize the distribution of features [3, 4,
20,26,41,49]. GMMSeg [26] utilized the Expectation-Maximization algorithm to
construct Gaussian Mixture Models for each class in semantic segmentation, cap-
turing class-conditional densities. AGMM [41] constructed an adaptive Gaussian
Mixture Model for sparse annotation in semantic segmentation by incorporat-
ing labeled pixels and their similar unlabeled counterparts. DUL [3] employed
mean and variance to characterize the distribution of faces for face recognition.
Gaussian distributions have the capability to probabilistically describe the dis-
tribution characteristics of di erent visual tasks. However, to the best of our
knowledge, Gaussian distributions have not been applied in MTPSL.
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Fig. 2: lllustration of region-aware distribution contrast learning method for MTPSL.
During training, supervised constraints Lsy, are applied to the annotated task s. For
task s and unlabelled task t, the a map the true label ys and the prediction ¥ in the
high-dimensional space respectively and then model the region of task-speci ¢ features
extracted using SAM as a Gaussian distribution. Contrastive learning is then employed
to minimize the distance between distributions of the same region across di erent tasks
while maximizing the distance to distributions of other regions.

3 Method

3.1 Preliminaries

Problem Setup. Considering the problem of multi-task learning involving
K tasks, whereK 2. A training dataset S = fxigiN:1 is given with N partially
labelled samples, indicating that for each training samplex;, only a subset of the
K tasks are provided true labels. LetP; represents the number of labeled tasks
for x; and Q; represents the number of unlabeled tasks, such thaP; + Q; = K.
When P; equalsk for all x; 2 S, it indicates fully supervised multi-task learning.
Conversely, whenQ; equalsK for all x; 2 S, it implies that no task labels are
available, leading to unsupervised multi-task learning. In this paper, we focus on
addressing partially supervised multi-task learning, where each training image
Xj can obtain labels for at least one task P;  1).

3.2 Overview of Our Method

As shown in Fig. 2, our method focuses on utilizing Gaussian distributions
to represent features in local regions for contrastive learning, achieving better
distribution consistency across tasks at the region-level for MTPSL. Assuming
that task s has label while taskt does not, our objective is to achieve alignment
between the true labelys of task s and the prediction ¥; of task t at the region
level using contrastive learning.

In the training stage, to accurately and e ciently obtain region-level features
for prediction, we simultaneously feed the input image to both the multi-task
learning (MTL) network and the pre-trained SAM. Predictions are obtained
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Fig. 3: lllustration of region-level cross-task consistency. Initially, SAM predictions are
employed to extract regions from the features of the particular task. Following that,
these regions are modeled as Gaussian distributions. Finally, contrastive learning is
utilized to minimize the distance between regions of the same region across di erent
tasks and maximize the distance to regions of other regions.

from both MTL network and SAM. For tasks with labeled data, we apply fully-
supervised losd s, as explicit training supervision. For tasks without label, an
auxiliary network a maps the unlabelled task predictiony; and the annotated
task label ys to the same high-dimensional feature map space, and udegc to
achieve cross-task consistency at the region level. Speci cally, We rst extract
region-wise features iny, and ys based on the segmented regions identi ed by
SAM, then model them as Gaussian distributions. After acquiring the Gaussian
distributions for features in each region of each task, we utilize contrastive learn-
ing to minimize the distance between the Gaussian distributions of features in
the same region across di erent tasks and maximize the distance from the Gaus-
sian distributions of features from di erent regions. Finally, the optimization of
our method can be de ned as:

Loss = LSup + Lge: (1)

In the inference stage, as illustrated in Fig. 2, the input image is fed only
into the MTL network to generate predictions for multiple tasks, notably, with
SAM no longer being utilized.

3.3 Region-aware Contrastive Learning

In this section, we explain the implementation details to achieve region-level
cross-task consistency.

Region-level Features Extraction. To realize the region-level cross-task
consistency, it is essential to informatively choose regions for feature extraction.
Considering the robust capabilities of SAM for image segmentation [23], we
employ it to generate the regions for each training sample, leveraging its ability
to provide valuable prior knowledge. As shown in Fig. 2, to obtain ne-grained
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semantics and ne-grained edges of regions, we fed the image into MTL network
and pre-trained SAM simultaneously. SAM performs ne-grained segmentation

of each object in the image, and its output masks contain the ID of each area and
its corresponding position in the image. Inspired by [21], for convenient region-
wise feature extraction in task-speci ¢ feature maps, we compute the predicted
masks of SAM as a grayscale image, where each pixel value corresponds to the
area ID returned by SAM, indicating its category. Leveraging the grayscale masks
of SAM, we split the image into di erent regions and extract region-wise features
within feature maps of di erent tasks.

Gaussian Distribution Modeling. After obtaining the region-wise fea-
tures for each task, we consider modeling the region-wise features as Gaussian
distributions. The utilization of Gaussian distributions represents the features
of a region in a probabilistic manner, which provides a more comprehensive de-
piction of the region's variations and compensates for the shortcomings of pixel-
level hard alignment. Speci cally, we model each regiorr; from the task-specic
feature map f; as a Gaussian distribution:

Pie = P(rijfe) = N(ris s i) )

where ; and j; represent mean and covariance matrix respectively, calcu-
lated from the region r; in the feature map f, as shown in Fig. 3.

Region Distribution Contrast. Once we have obtained the Gaussian dis-
tributions for each region, our objective is to utilize contrastive learning to min-
imize the distance between Gaussian distributions of the same region across
di erent tasks and maximize the distance between Gaussian distributions of dif-
ferent regions. Hence, the region-wise Gaussian distribution contrastive loss for
the region distribution p;; can be de ned as follows:

NCE _ P sim (i ; K+ )
it

log — ' - ; 3
< %9 sim (Pitske )+ sim (pic ;K ) )
sim(pit ; K) = exp( Waistance (Pit ;K)=); 4)
where ki 2 fpisQ,, K 2 fp Jei denotes any task,sim denotes the

exponential equation of the Wasserstein distance, and is the temperature pa-
rameter. Wasserstein distance [35] is a metric used to quantify the dissimilarity
between two probability distributions and well-suited for accurately measuring
the distance between discrete and continuous distributions, as it accounts for
the underlying structure and geometry of the data. It measures the minimum
amount of work required to transform one distribution into another and can be
calculated as follows:

Woistance (pi:t ; k) = iit k 2 + Tr( it )

+Tr( &) 2T (i o2 ©

whereTr represents the trace of the matrix, , and  represent the mean and
covariance matrix of samplek. Based onLNCE | the region-wise contrastive loss
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Lrc can be de ned as follows:

1 XX LNCE . (6)
KM e

t i

Lrc =

where M is the number of regions in the feature mapt.

By minimizing Lrc , the network learns to contrast the distributions from the
same region with those from di erent regions, thereby enabling better cross-task
consistency at the region level.

Alternative Local Extraction Strategy. Here we explore an alternative
local extraction strategy to investigate local cross-task consistency. To extract
local information from the feature map, the simplest approach is to divide the
map into patches, where patches at the same position serve as positive samples,
and their distances are minimized. Conversely, patches from other positions act
as negative samples, and their distances are maximized. We refer to this lo-
cal extraction strategy as patch-aware contrast, which will be compared to the
region-aware contrast method in Sec. 4.

Alternative Local Contrast Strategy. Alternatively, the method of mod-
eling regions as Gaussian distributions and performing contrastive learning can
be replaced with other contrastive strategies. One strategy is pixel-to-pixel level
region contrast, where each pixel within the region is pulled closer to the cor-
responding pixel in the positive sample region and pushed far apart from each
pixel in the negative sample region. We refer to this as pixel contrast. Another
strategy is to map the region to a vector and bring it closer to the vector of
the positive sample region while pushing it away from the vector of the negative
sample region. This strategy is referred to as vector contrast. We compare these
alternative methods in Sec. 4.

4 Experiments

Datasets. We evaluated our method on two standard dense prediction multi-
task datasets: NYU-V2 [36] and Cityscapes [9]. NYU-V2 is an indoor dataset of
natural scenes, including three dense prediction tasks: semantic segmentation,
depth estimation, and surface normal estimation. The semantic segmentation
task in NYU-V2 contains 13 categories, depth estimation is provided by Mi-
crosoft Kinect, and surface normal estimation is provided by [10]. As [25,29], all
images were resized to 288x384 for training and evaluation purposes. Cityscapes
is a well-known dataset for autonomous driving, consisting of outdoor street
scenes with two tasks: semantic segmentation and depth estimation. Follow-
ing [25, 29], we used 7-class semantic segmentation annotations for evaluation
and resized all images to 128x256 to improve training speed.

Experimental Setting. Following [25], we evaluated our method in two
partially supervised multi-task settings: the one label setting and the random
label setting. In the one label setting, each image is assigned a random task with
a label. In the random label setting, each image is assigned random labels for
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Table 1: Quantitative comparison on the NYU-V2 dataset. " (#) denotes
that, larger (smaller) values lead to better quality. represents the available partially
supervised SOTA. represents the available fully supervised SOTA. + denotes the
percentage improvement over the SOTA performance, corresponding to " (#). The
bold denotes the best.

||Extraction strategy || Tasks
Label setting Method Backbone |[Patch  Region ||Semantic(mloU)  * Depth(aErr) ~ # Normals(mEr)  #
full TaskExpert  [44] ViT-Large || Il 57.58 0.3730 5.90
onelabel Li et al. [25] SegNet 30.36 0.6088 32.08
onelabel Dejavu [1] SegNet 31.02 0.5959 32.15
onelabel  Gaussian Contrast(Ours) SegNet X 31.79 (+2.48) 0.5835 (+2.25) 30.38(+5.51)
onelabel Lietal. [25] HRNet18 39.42 0.5071 14.79
onelabel DejaVu [1] HRNet18
onelabel Gaussian Contrast HRNet18 X 41.56 (+5.43) 0.4884 (+3.69) 7.71(+47.87)
onelabel  Gaussian Contrast(Ours) HRNet18 X 42.28 (+7.26) 0.4641 (+8.48) 4.86 (+67.14)
onelabel TaskExpert [44] ViT-Large 49.53 0.4305 11.12
onelabel TaskExpert [44]+Ours  ViT-Large X 55.81(+12.68) 0.4092 (+4.95) 8.46 (+23.92)
random label Li et al. [25] SegNet 34.26 0.5787 31.06
random label Dejavu [1] SegNet 35.72 0.5665 29.82
random label Gaussian Contrast(Ours) SegNet X 37.40(+4.70) 0.5428(+4.18) 28.97(+2.85)
random label Li etal. [25] HRNet18 41.35 0.4845 14.34
random label Dejavu [1] HRNet18
random label Gaussian Contrast HRNet18 X 45.79 (+10.74) 0.4619 (+4.66) 7.37 (+48.61)
random label Gaussian Contrast(Ours) HRNet18 X 46.21(+11.75)  0.4482(+7.49)  4.49 (+68.69)
random label TaskExpert [44] ViT-Large

H 56.32 0.4282 6.47

random label ~ TaskExpert [44]+Ours ViT-Large 57.14 (+1.46) 0.3977 (+7.12) 4.78(+26.12)

multiple tasks, with at least one task having a label and at mostK 1 tasks
having labels, whereK represents the total number of tasks in the multi-task
setup.

Implementation Details and Evaluation Metrics. All our experiments
were conducted on the NVIDIA A100 GPU. For NYU-V2, we trained the mod-
els for 20 epochs, while for Cityscapes, we trained them for 100 epochs. Fol-
lowing [25, 29], we employed cross-entropy loss for semantic segmentation, L1
loss for depth estimation, and cosine similarity loss for surface normal estima-
tion. We utilized the exact same evaluation metrics as mentioned in [25, 29].
For the semantic segmentation task, we employed the mean intersection over
union (mloU) metric. The absolute error (aErr) was used to evaluate the depth
estimation task, and the mean error (mErr) was employed for surface normal
estimation.

4.1 Quantitative Evaluation

Quantitative Results on NYU-V2 Dataset. The evaluation results are
shown in Tab. 1. Due to the absence of pre-trained parameters in Let al. [25],
the training process exhibits slower convergence. To expedite the convergence
speed, we replaced the backbone of lgt al. [25] with HRNet18, which possesses
a smaller training parameter size but utilizes pre-trained weights. The compar-
isons between Liet al. [25] with SegNet as the backbone and Lkt al. [25] with
HRNet18 as the backbone are presented in the rst row and the fourth row,
respectively, for each label setting. Since the source code of DejaVu [1] is not
publicly available, we are unable to replace its backbone with HRNet18 for a fair
comparison. To resolve this issue, we provide the results of our method based
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Table 2: Quantitative comparison on the Cityscapes dataset. " (#) denotes
that, larger (smaller) values lead to better quality. represents the available SOTA. +
denotes the percentage improvement over the SOTA performance, corresponding to"
(#). The bold denotes the best.

|| Contrast strategy Il Tasks
Label setting Method Backbone ||Vector Pixel Gaussian  ||Semantic(mloU) " Depth(aErr)  #
onelabel Li et al. [25] SegNet 74.90 0.0161
onelabel Lietal. [25] HRNet18 81.73 0.0157
onelabel Region-aware Contrast ~ HRNet18 || X 82.76 (+1.26) 0.0145 (+7.64)
onelabel Region-aware Contrast HRNet18 X 83.20(+1.80) 0.0141(+10.19)
onelabel  Region-aware Contrast (Ours) HRNet18 X 83.92 (+2.68) 0.0121 (+22.73)

Table 3: Ablation study on the NYU-V2 dataset to explore the performance of di erent
local extraction strategies and di erent local contrast strategies.

Label setting |[Extraction strategy || Contrast strategy I Tasks
||Patch  Region ||Vector Pixel Gaussian  ||Semantic(mioU) " Depth(aErr) # Normals(mEr) — #
onelabel X X 40.24 0.4998 7.9518
onelabel X X 41.50 0.4934 8.3648
onelabel X X 41.56 0.4884 7.7141
onelabel X X 41.84 0.4727 5.8098
onelabel X X 42.05 0.4663 4.9150
onelabel X X 42.28 0.4641 4.8613
random label X X 43.98 0.4795 7.4464
random label X X 44.62 0.4777 7.8873
random label X X 45.79 0.4619 7.3747
random label X X 45.83 0.4630 4.8393
random label X X 46.41 0.4518 4.8442
random label X X 46.21 0.4482 4.4907

Fig. 4: Qualitative results of onelabel setting on NYU-V2. The rst row shows
the input image, the second row represents the ground-truth or predictions of semantic
segmentation, the third row plots the ground-truth or predictions of depth estimation,
and the nal row presents the ground-truth or predictions of surface normal estimation.

on SegNet, which utilizes the same backbone. In all the methods compared us-
ing the same backbone, our approach demonstrates signi cant advantages. In
the one label setting, the patch-aware Gaussian contrast method demonstrates
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