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Abstract

Blind Sweep Obstetric Ultrasound (BSOU), based on predefined abdominal trajecto-
ries, enable non-experts to capture ultrasound videos and are increasingly used for Al-based
estimation of obstetric measures like Gestational Age and Fetal Presentation. However,
existing work focuses on single-task models, overlooking the potential of joint learning.
We propose the first multi-task framework for BSOU-based Al models, leveraging spatio-
temporal constraints inherent in sweep protocols and fetal anatomy. Our approach includes
multi-head cross-entropy (MTCE) and a novel approach to Multi-head Supervised Con-
trastive Loss (MTSCon) for BSOU datasets, treating videos with matching labels across
patients and sweep types as augmented versions of the same input in a contrastive set-
ting. We introduce new applications, Deepest Vertical Pocket estimation and sweep type
prediction, and show that carefully selected task combinations improve both in-domain
performance and generalization to out-of-domain settings. The implementation code will
be made publicly available upon publication.

Keywords: Blind Sweep, Fetal, Multi-task, Multi-head, Contrastive

1. Introduction

Pregnancy complications and related mortality remain high in Low Middle IncomeCountries
(LMICs) due to limited access to prenatal imaging, primarily from a shortage of ultrasound
devices and trained operators. While ultrasound has become more affordable and portable,
the lack of skilled personnel remains a key barrier (DeStigter et al., 2011; Abuhamad et al.,
2016). Imaging the World (ITW) had developed the Blind Obstetric Ultrasound Sweep
(BSOU) protocol, enabling minimally trained workers to acquire ultrasound images using
predefined abdominal sweep paths (DeStigter et al., 2011)(Figure 1a). Experts could then
access these videos remotely to evaluate key obstetric indicators such as multiple pregnancy,
presentation, and placental location. However, these clips, which contain useful information
spread across frames and sweeps, make it difficult for experts accustomed to acquiring
standard views in real time that contain the desired information.

Recently, there has been renewed interest in BSOU videos, with multiple initiatives
worldwide collecting them to develop deep learning models that automatically assess vari-
ous obstetric parameters (van den Heuvel et al., 2019; Self et al., 2022; Pokaprakarn et al.,
2022; AIMIX Project, 2025). These deep learning models have shown promise in esti-
mating important obstetrics markers from BSOU videos, such as Gestational Age (GA)
estimation (Pokaprakarn et al., 2022; Gomes et al., 2022; Stringer et al., 2024; Patel et al.,
2024; Akumu et al., 2025), fetal presentation classification (Gomes et al., 2022; Gleed et al.,
2023a, 2024; Wisniewski et al., 2025), placenta localization (Gleed et al., 2023b; Schilpzand
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et al., 2022), abdominal circumference estimation for fetal growth restriction (Sappia et al.,
2025) and multiple pregnancy detection (Kalantari et al., 2024). Some of these works have
demonstrated the potential to match or even exceed the performance of trained sonogra-
phers in GA estimation (Pokaprakarn et al., 2022; Gomes et al., 2022).

Time

Figure 1: (a) 6-sweep Blind Sweep Obstetrics Ultrasound (BSOU) protocol, (b) Different
sweep directions: horizontal (C1) and vertical (M) produce ultrasound videos
where same fetal structures, such as the fetal head (red) and abdomen (brown),
appear at varying locations, orientations, and scales. The variability of fetal
appearance across different sweeps highlights the value of jointly modeling sweep
trajectories and key clinical parameters, such as fetal presentation, to better
capture and interpret spatio-temporal patterns in BSOU data. The leftmost
graphic in (b) was adapted from Wisniewski et al. (2025).

Although BSOU datasets collected during routine care provide multiple clinical labels
such as fetal biometry, presentation, and placental characteristics etc., most deep learning
studies address these tasks independently. For instance, GA estimation (Gomes et al., 2022;
Pokaprakarn et al., 2022) and fetal presentation (Gomes et al., 2022) tasks have separate
models trained independently, missing out on the opportunity to learn jointly by leveraging
interrelations among the tasks.

BSOU data inherently have spatio-temporal constraints being confined in a specific
anatomical region of a pregnant women where the fetus is growing. Since the fetus moves
within the womb and grows over time, there are interesting dependencies of various tasks
such as GA estimation, fetal presentation classification with respect to which sweep is taken
during what GA. For instance, identical fetal presentations can appear differently across
sweep types (see Figure 1b), and anatomical features vary with gestational age even under
a fixed acquisition protocol. Further, key fetal attributes such as presentation and placenta
location are dynamic and may change considerably with gestational age. For instance,
longitudinal tracking of fetal presentation (Figure 2) shows that it shifts markedly with
gestational age, typically trending toward a cephalic position. This shows clear correlation
can exist among labels such as Gestational Age, Fetal Presentation, Placenta Location,
and Sweep type and exploiting such interrelationships may enhance model performance.
We posit that the predefined sweep trajectories and the anatomically constrained uterine
environment create spatio-temporal regularities that can be effectively leveraged, especially
when large-scale patient data are available.
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Figure 2: Temporal dynamics of fetal presentation during pregnancy. Panel (a) illustrates
individual longitudinal changes in presentation across gestational age, while panel
(b) summarizes the overall pattern of presentation transitions between consecutive
scans, demonstrating that fetal presentation is dynamic and commonly changes
towards cephalic as pregnancy advances.

In this paper, we propose the first multi-task framework for obstetrics AI models using
BSOU vidoes and study nuances of combining subsets of different tasks for more robust
representation learning. In addition to the standard multi-head crossentropy loss (MTCE),
we propose novel adaptation of Multi-head Supervised Contrastive Loss (MTSCon), where
a sweep video from one patient is considered as ‘in-class’ with another patient’s same tra-
jectory sweep video when specific class label for them match, such as when both have the
same fetal presentation. Our key contributions are:

e The first two-stage multi-task framework for BSOU using Multiheaded Supervised
Contrastive Learning and Multitask Cross-Entropy, benchmarked against single-task
and unsupervised methods.

e First to perform Deepest Vertical Pocket (DVP) estimation and sweep type prediction.

e Improved generalization across domains, including varied clinical settings, devices,
and patient characteristics.

2. Related Works
2.1. BSOU data and AI

Recent advances in AI have renewed interest in blind sweep obstetric ultrasound (BSOU) as
a means to expand access to obstetric imaging in low-resource settings. This has motivated
the development and evaluation of a variety of sweep acquisition protocols. Large-scale
datasets such as FAMLI2 have collected up to 15 distinct blind sweeps (Gomes et al., 2022),
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whereas other studies have adopted more structured multi-step protocols, most notably the
five-step approach inspired by Abuhamad et al. (2016) and explored in Self et al. (2022), in
which each step comprises targeted sweeps designed for specific clinical objectives. Adaptive
strategies have also been proposed, where the number of sweeps varies according to the
symphysio-fundal height (SFH) (AIMIX Project, 2025; Akumu et al., 2025). Despite this,
many studies have focused on developing deep learning methods for the standard six-sweep
protocol (Gomes et al., 2022; Sappia et al., 2025).

The predominant focus of BSOU-based AI research has been gestational age (GA)
estimation. Approaches range from attention-based feature aggregation using large-scale
datasets (Pokaprakarn et al., 2022), to demonstrations of lightweight models capable of ro-
bust GA prediction (Gomes et al., 2022). More interpretable pipelines have also emerged;
for example, Akumu et al. (2025) identifies clinically meaningful and diverse standard frames
prior to GA estimation, enabling strong performance with limited data. Beyond GA, re-
cent work has begun to explore broader clinical tasks. He et al. (2025) investigated the
detection of frames suitable for fetal biometry, while fetal presentation has been addressed
using both optimized deep learning models on large datasets (Gomes et al., 2022) and in-
terpretable feature-based methods (Gleed et al., 2023a). Placental assessment has likewise
been studied, with methods for classifying normal versus low-lying placenta or placenta
previa (Schilpzand et al., 2022), and for placenta segmentation (Gleed et al., 2023b).

However, several clinically important aspects of BSOU remain underexplored. These
include the ability of models to estimate the deepest vertical pocket (DVP) i.e. critical
for assessing amniotic fluid volume as well as operator-dependent quality factors, such as
accurate sweep classification to confirm whether a complete and clinically adequate sweep
set has been acquired. Further, the potential benefits of jointly learning sweep type alongside
important clinical labels are yet to be explored.

2.2. Multitask Representation Learning

Supervised representation learning has been explored in fetal ultrasound to improve feature
quality. For instance, Fu et al. (2022) used supervised contrastive learning (Khosla et al.,
2020) to pull anatomically similar image pairs closer in feature space. However, in BSOU,
each video can belong to multiple classes simultaneously with respect to sweep type, ges-
tational age, fetal presentation, and placental findings etc. This motivates using multi-task
learning (MTL) to enable models to learn multiple related tasks concurrently by sharing
a common representation. MTL often improves performance relative to single-task mod-
els by enabling inductive transfer, providing implicit regularization, and reducing sample
complexity (Caruana, 1997; Zhang and Yang, 2022). In fetal ultrasound MTL has been
applied to tasks such as fetal biometric measurement (Plotka et al., 2021), standard plane
detection (Guo et al., 2023), and image quality assessment (Lin et al., 2019; Zhang et al.,
2021), showing that jointly learning complementary clinical tasks can improve accuracy and
robustness.

Despite these successes, MTL has not been explored in BSOU. Although these datasets
include diverse, clinically related labels such as sweep type, gestational age, fetal presen-
tation, and placental findings, current models treat each task independently, missing the
opportunity to leverage their interdependencies for more robust representations.
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3. Multi-task Learning from BSOU Videos
3.1. Learning from BSOU Videos: Problem Formulation

BSOU examinations follow standardized protocols, capturing video sweeps through pre-
defined trajectories over the abdomen. Let {2 represent the space of all ultrasound video
sweeps, with each sweep z € Q forming a 4D tensor in RF*HXWXC where F, H, W, and
C' denote frames, height, width, and channels, respectively. For a set of T' tasks, each task
t € {1,...,T} is associated with a label space Y®), either discrete {1,...,K;} for classi-
(t)
)

fication or continuous [at, bs] C R for regression. Labels exist at both Patient-Level (y,
and Sweep-Level (y;[(;t)). Each patient p € {1,..., N} undergoes a predefined number of
standard S sweeps indexed by s € {1,...,S}, with the complete set of sweeps denoted as

X, = {zps}5_; (Figure la, S = 6).

3.2. Multi-Task Learning Framework

Our approach consists of two sequential stages designed to leverage multi-task learning
benefits while enabling task-specific optimization (Figure 3).

First stage: Multi-Task Representation Learning : The initial stage focuses on
representation learning at the sweep level. A deep encoder, fy : © — R?, produces latent
representations zps = fo(2ps) € R? that capture spatio-temporal anatomical patterns of the
video. For training, patient-level annotations are propagated to all sweeps (yl(,? = yz(,t), Vs €
{1,...,6}). The dataset is defined as Dgyeep = {(Tps, yps)};\;’?’s:l (Figure. 3).

We use a subset of tasks T, C T selected for their ability to capture underlying
commonalities in ultrasound structures: GA Category Classification (4 categories spanning
2nd and 3rd trimesters), Fetal Presentation (Cephalic and non-Cephalic), Placenta Location
(Anterior and Posterior), and Sweep Type (S = 6 categories). The goal is to explore if the
joint learning of these tasks can leverage the unique spatio-temporal constraints in BSOU
videos and learn a more robust representations generalizable across clinical tasks.

We present experiments with two loss functions: Cross Entropy for multitask clas-
sification, and the unweighted multi-head supervised contrastive loss (Mu et al.,
2023), which generalizes the supervised contrastive loss (Khosla et al., 2020) in multi-label
setting.

Specifically, the multitask classification loss function is defined as:

N
£cls(a) = % Z Z £CE(ft(Zps)yy£t)) (1)

p=1 tE%re

where z,s = fo(zps) is the latent representation of sweep s for patient p, and ygt) is the
corresponding label for task t.
And, the multi-head supervised contrastive learning:

Emfsupcont(e) = i Z _71 Z Z log exp(zps ’ Zp’/T) (2)

Bl Sy Pl o 2 ™ Ty X0 2/7)
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where Z!, is the latent embedding of the positive sample for task ¢, and P(p, s) are positives
with the same label for task t.

For comparison as an expected lower bound, we also use unsupervised contrastive learn-
ing, using single-head unsupervised learning loss(Chen et al., 2020), defined as:

1 exp(2ps * Zps/T)
Eunsu on 0) = —: —lo 3
o) 18] (p%:GB ° 2ac A(ps) OXP(2ps - 7a/T) )

where Z,, is the augmented positive sample, A(p, s) are negative samples, and 7 is the
temperature parameter.

MTCE : L' = Cross Entropy Loss
MTSCon.: L= Supervised Contrastive Loss

L' = L'(*(2ps): Yps)
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Figure 3: First stage pretrains an encoder using each sweep video as a sample, with either
MTCE or MTSCon loss (a). Second stage finetunes the pretrained encoder with
a single task-specific head for downstream prediction tasks, either at patient level
using concatenated patient-level representations (b), or at sweep video level(c).

Jepoou]

Zp1; Zp2.

Second Stage: Task-Specific Tuning : These were performed either on patient-level
or sweep-level depending upon tasks. The dataset is defined as Dpgtient = {(Xp, yp)}év:l,
where X, = {$ps}§:1 and y, € Y® . After pretraining, we fine-tune the model either at
the patient level or the sweep level depending on the downstream task. For patient-level
fine-tuning, each patient p is associated with a collection of sweeps X}, = {z)s 16_,, and the
representations of all sweeps are aggregated using a function g(-), specifically concatenation:
Zy = [2p1; 2p2; - - -3 2ps), Where 2,5 = fo(zps) is the representation of the s-th sweep for
patient p. The aggregated representation Z, is then used for downstream prediction tasks
such as classification or regression via 9, = hg(Z,), where hy is the task-specific head
trained during fine-tuning. For sweep-level fine-tuning, each sweep is treated independently,
using zps = fg(wps) directly with the task-specific head: §,s = hg(zps). After sweep-level
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fine-tuning, predictions can either be aggregated across all sweeps of a patient for patient-
level tasks, or used directly for sweep-level tasks, depending on the evaluation setting.
Aggregating multiple views at the patient level could enable the model to leverage richer
contextual information, making patient-level predictions more robust compared to sweep-
level predictions (Figure 3).

4. Experiments

4.1. Datasets and Task Description

Table 1: Training stages, tasks, and data distribution.

Stage Purpose Tasks Data Split (study, Notes
6 sweep each)

1 Pretraining GAcls_bin (4 age groups, 2,000/400 Novel task STecls
(Clip- 2nd/3rd Trim.); FPcls; (Train/Valid) added to enhance
level) PLcls; STcls multi-task  learning

via anatomical varia-
tion.

2-a In-domain  GAreg (days); FPcls; 463/152/152 GA treated as regres-
task tun- PLcls; STcls (Train/Valid/Test) sion for clinical real-
ing ism.

2-b Out- DVPreg (cm); MPcls DVP: Same split as MP subset excludes
domain 2a; MP*: 85/28/29 most singleton preg-
tasks (Train/Valid/Test) nancies.
Generalization

2-c Robustness Same as in-domain tasks Obese:40/19/23; Held out from Stg 1
(Dist. Butterfly:66/22/22 for BMI & device-
Shift) (Train/Valid/Test) based shift testing.

Abbreviations: GAcls_bin: Gestational Age Classification (4 binned age groups in 2nd and 37¢
Trimester); FPcls: Fetal Presentation Classification(Cephalic vs Non-Cephalic); PLcls: Placenta
Location Classification(Anterior vs Posterior); STcls: Sweep Type Classification(6 sweeps (Fig-
ure la)); GAreg: Gestational Age Regression; DVPreg: Deepest Vertical Pocket Regression; MPcls:
Multiple Pregnancy Classification. Splits for MP are at clip level rather than studies.

We used subsets of the FAMLI2 dataset (Pokaprakarn et al., 2022) in a two-stage frame-
work (see Table 1 and Figure 3). The access to this dataset was obtained after an external
request to the funding agency of this dataset, who is funding us a separate project related
to obstetrics ultrasound. Stage 1 jointly trained selected classification tasks on large-scale
clip-level data (Table 1, 15 row), while Stage 2 fine-tuned and evaluated on data splits
for in-domain tasks i.e. the ones used for Stage-1 training (Table 1, 2"¢ row), out-domain
classification and regression tasks (Table 1, 3" row) and including robustness scenarios
with distribution shift (Table 1, 4*" row). Tuning for classification tasks i.e. Sweep Tag
(ST,s) and Multiple Pregnancy detection (M P.) were done at sweep level (Figure 3c),
Fetal Presentation and Placenta Location at patient level (Figure 3b) whereas, regression
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tasks i.e. Gestational Age Estimation(GA,., - days) and Deepest Vertical Pocket Esti-
mation(DV P,e4 - cm) were done at sweep level with test prediction done at patient level
using inverse variance weighting, which was outputed alongside regressed value and trained
with heteroscedastic Gaussian loss. See abbreviations in Table 1 for categories used for
classification tasks.

4.2. Implementation Details

We use a 3D ResNet (Tran et al., 2018) encoder initialized with Kinetics-400 pretrained
weights, producing 512-dimensional sweep-level representations that are projected to 256
dimensions per contrastive head. First-stage training employs the Adam optimizer with a
learning rate of 6 x 10~°, batch size of 32, and up to 30 epochs, with learning rate scheduling
via ReduceLROnPlateau (patience = 6, factor = 0.8). In the second stage, task-specific
classification heads consist of two hidden layers of 256 dimensions with ReLLU activations and
a dropout rate of 0.15, trained with the same optimizer and scheduler but a higher learning
rate of 3 x 10~* for maximum of 15 epochs. Weighted cross-entropy and heteroscedastic
Gaussian losses are used for classification and regression tasks, respectively. To improve
robustness, domain-specific augmentations including speckle noise, random black patches,
motion blur, brightness artifacts and rotations are applied to the blind ultrasound sweeps.
Same augmentations were applied for our training our unsupervised model.

5. Results

Table 2: Performance of the proposed joint representation learning paradigms: MTCE and
MTSCon, compared to the STSL baseline and UCon. Here, UCon is the expected
lower bound. Metrics: Accuracy / macro-averaged F1 score (Fl-macro) for clas-
sification tasks; Mean Absolute Error (MAE) / std deviation (std) for regression

tasks.
In-domain tasks Out-of-domain tasks
Loss GAreg(J/) FPCIS(T) PLCIS(T) STCIS(T) DVPreg(\L) MPCIS(T)
STSL 16.2/13.2 85.7/77.2 93.5/93.5 82.3/82.3 ‘ 1.13/0.92 46.4/46.4
UCon. 24.8/17.4 70.8/58.8 61.7/61.6 37.4/37.1 1 1.11/0.89  53.6/48.2

MTCE 15.7/12.2 88.3/82.2 96.1/96.1 82.0/82.1 ' 1.13/0.87  53.4/44.9

MTSCon. 14.3/11.2 79.9/72.7  90.9/90.8  80.6/80.6 | 1.11/0.91 57.1/53.3

We conduct three primary analyses:

e Compare our multi-task representation learning with two baselines—Single Task Su-
pervised Learning (STSL), using the same two-stage setup for in-domain tasks and
single-stage for out-of-domain tasks, and Unsupervised Contrastive Learning (SIM-
CLR (Chen et al., 2020)) as a lower bound.

e Perform ablations by removing individual pretext tasks (Table 3).
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e Assess robustness against distribution shifts (Table 4).

Multi-head Representation Learning outperforms single-task models: Super-
vised multi-task and multi-head contrastive models consistently outperform single-task,
with the exception of Sweep Tag Classification where MTCE nearly matches the best-
performing STSL method (Table 2). MTCE shows particularly strong performance on
Fetal Presentation and Placenta Location classification, achieving accuracies of 88.3% and
96.1%, respectively. MTSCon further improves upon MTCE, especially on GA regression
and out-of-domain tasks, highlighting its ability to more effectively integrate multi-task
features for robust generalization to unseen scenarios. STSL also attains competitive accu-
racy on FP and ST, likely benefiting from the large-scale first-phase supervised pretraining.
Overall, these results support our hypothesis that joint representation learning guided by
BSOU-specific constraints yields richer and more transferable representations.

Role of Task Interrelationships

Table 3 illustrates how different task combinations influence performance under the
MTCE framework. While multi-task learning generally outperforms single-task models (Ta-
ble 2), its effectiveness depends strongly on the specific set of jointly learned tasks. All con-
figurations except ST4+PL+GA yield notably high accuracy for fetal presentation (88.3%
and 87.7%). The relatively lower performance of ST+PL+GA is likely due to presentation
labels being omitted during its first-phase training. Nevertheless, it still achieves a 5.1%
higher accuracy (75.9%) than the unsupervised model (70.8%, Table 2), indicating that the
additional tasks positively contributed to its performance. ST+PL+GA and PL+FP+GA
provide the best results for gestational age estimation. Moreover, ST+PL+GA also proves
to be a strong configuration for multiple pregnancy classification. However with some task
combinations the results are poorer than even the single task models. These findings high-
light further need to carefully consider tasks when performing joint learning.

Table 3: Impact of different task combinations during 1! stage multi-task training on in-
dividual tasks’ performance after second stage task-specific training. Metrics:
Accuracy / macro-averaged F1 score (Fl-macro) for classification tasks; Mean
Absolute Error (MAE) / std deviation (std) for regression tasks.

In-domain tasks Out-of-domain tasks
Multi-Tasks GA,.(]) FP.(1) DVP,(l) . MPy(1)

ST+PL+FP 21.0/15.0  88.3/82.6 1.09/0.94 | 60.7/44.9
ST+PL+GA 14.0/11.8  75.9/69.9  1.10/0.92 | 71.4/67.2
ST+FP+GA 17.7/12.6  87.7/83.6  1.09/0.89 ' 50.0/33.3
PL+FP+GA 14.15/12.35 87.7/83.6  1.09/0.98 | 64.2/59.1

Robustness against distribution shift

As shown in Table 4, the multi-head approach maintains strong performance under
distribution shifts for fetal presentation classification, achieving 81.8% accuracy on obese
patients with MTCE and 66.7% accuracy on handheld devices. In contrast, for placenta
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Table 4: Robustness against distribution shift: a) Obese Patients(BMI > 30) and b)
Blind sweeps taken by novices using low-cost handheld device(Butterfly).
Binary classification was performed for Fetal Presentation (Cephalic vs. Non-
cephalic) and Placenta Location (Anterior vs. Posterior). Metrics: Accuracy /
macro-averaged F1 score (Fl-macro) for classification tasks; Mean Absolute Error
(MAE) / std deviation (std) for regression tasks.

Domain Loss In-domain tasks Out-of-domain tasks

GAreg (\L) FPcls (T) PLcls (T) STcls (T) ‘ DVPreg (\L)

Obese STSL 38.4/18.8 68.2/51.1 81.8/77.1 56.6/56.4 ! 1.18/0.81
UCon. 36.6/22.6 63.6/38.9 63.6/38.9 21.7/19.9 1.23/0.74

MTCE 33.7/20.8 72.7/68.6  68.2/51.1 59.4/59.2 , 1.22/0.67

|

l

|
MTSCon. 36.2/18.3 81.8/74.1 63.6/38.9  54.5/53.1 | 1.24/0.70

|

|

Handheld ~ STSL 36.5/22.4 61.9/57.1 71.4/69.7 42.7/42.5 | 0.98/0.74
Device UCon. 41.6/237 57.1/53.3  61.9/38.2  22.1/21.1 ! 0.96/0.73

(Butterfly) MTCE 38.8/35.0 66.7/61.0 66.7/66.3 42.7/42.5 | 1.01/0.77
MTSCon. 40.9/24.1  66.6/40.0  76.2/72.1  35.1./31.2 | 1.04/0.79

location, the multitask models fail to match the robustness of the single-task baseline under
these shifts. Similarly, no multitask method surpasses the single-task models on DVP, g,
highlighting a persistent gap in performance under distribution shift. These observations
underscore the need for further research on device-level generalization and task-specific
robustness.

6. Discussion and Conclusion

We presented a novel multi-head representation learning framework for blind ultrasound
sweeps demonstrating its capacity to improve performance on both in-domain and out-of-
domain tasks. We found that joint representation learning approach often offers superior
generalization and robustness compared to single-task approach. Our findings also show
that careful task combination and feature selection are important for BSOU dataset in
multi-task setup.

While the framework exhibits strong performance across various patient characteris-
tics, we also identified a critical challenge: maintaining robustness under distribution shifts
caused by different ultrasound device types. This area represents a significant frontier for
future research, with promising directions including the development of models capable
of effectively adapting to diverse device characteristics and the exploration of foundation
models specifically designed for ultrasound sweep videos to further enhance robustness and
scalability in this domain. Similarly, during the first stage of training, we propagated
patient-level labels that come with the dataset to each of the sweeps, similar to all current
literature. However, these labels are not always correct for each sweep videos, potentially
reducing the performance of multitasking models we proposed. We will look into building
robustness against this label noise in future.

10
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