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Abstract: Colorectal cancer screening pipelines increasingly rely on automatic video analysis to
assist endoscopists, yet existing systems typically specialize in a single task and generalize poorly
outside their training domains. This paper presents LEAF (Learning Endoscopy with Ablation-aware
Features), a backbone-agnostic multi-task learning framework that jointly predicts fine-grained lesion
classes, pathological severity, and anatomical regions from still frames. On the public CRCCD_V1
dataset, LEAF achieves 93.86% accuracy and 93.78% F1 when fine-tuned from ImageNet, outper-
forming the strongest single-task baselines by up to 2.1 absolute points. When trained from scratch,
LEAF reaches 77.44% accuracy on the external HyperKvasir benchmark, surpassing all single-task
counterparts by 1.9-6.4 points. Our contributions include (i) a flexible hard-parameter-sharing archi-
tecture with empirically calibrated loss weights that generalizes across backbone choices, (ii) a com-
prehensive benchmark covering E cientNet, ResNet, DenseNet, and Swin Transformer baselines,
and (iii) a cross-dataset evaluation protocol demonstrating improved generalization. The framework
delivers consistent accuracy gains over single-task learners while maintaining computational e -
ciency suitable for clinical deployment.

Keywords: Medical image analysis, endoscopic imaging, colorectal cancer, deep learning,
multi-task learning.

1. Introduction

Colorectal cancer (CRC) is among the most
common and deadly cancers worldwide, with
rising incidence particularly in low- and middle-
income regions [1]. Colonoscopy remains
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the gold standard for early detection, but its
e ectiveness is limited by operator variability and
practical constraints [2].

Recent advances in artificial intelligence
(Al), particularly deep learning (DL), have
demonstrated remarkable success in computer-
aided detection (CADe) and diagnosis (CADX)
for gastrointestinal en [3]. Convolutional neural
networks (CNNs) [4], and vision transformers
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have been widely adopted to identify polyps,
classify lesions, and assess malignancy risk
directly from endoscopic images or videos
[5, [6]. Several prospective clinical trials
have shown that Al-assisted colonoscopy can
significantly increase adenoma detection rates
while maintaining real-time performance [7-9].
However, most existing systems address only
a single task, despite the fact that clinicians
simultaneously consider disease type, severity,
and anatomical location during interpretation.

Multi-task learning (MTL) provides a
principled framework to address this limitation
by jointly learning multiple related tasks
with shared representations [10]. In medical
imaging, MTL has been shown to improve
generalization, robustness, and data e ciency
by leveraging complementary supervisory
signals [11]. However, the design of clinically
meaningful auxiliary tasks remains an open
challenge, especially in endoscopy, where
domain knowledge plays a crucial role in
defining task relationships.

In this work, we propose a multi-task
learning framework for colorectal endoscopy
image classification that jointly addresses three
clinically motivated tasks: (1) fine-grained
disease classification with 14 categories, (2)
pathological severity stratification into four
levels, and (3) anatomical region classification
into three gastrointestinal segments. Unlike prior
studies that define auxiliary tasks heuristically,
our task formulation is explicitly grounded in
gastrointestinal oncology knowledge, aiming to
disentangle confounded visual cues related to
disease type and anatomical location.  Our
contributions can be summarized as follows:

« We introduce a clinically informed multi-
task learning formulation for colorectal
endoscopy image analysis, jointly modeling
disease class, pathological severity, and
anatomical location.

e We develop a unified deep learning

architecture with shared feature extraction
and task-specific heads, compatible with
both CNN and transformer backbones.

e We conduct extensive experiments on
the CRCCD dataset and evaluate cross-
dataset generalization on HyperKvasir,
demonstrating consistent improvements
over strong single-task baselines.

The proposed approach advances the
development of clinically reliable Al systems
for gastrointestinal endoscopy and highlights the
importance of task design in multi-task medical
image learning.

2. Related works

2.1. Al for Colorectal Endoscopy

Deep learning has rapidly transformed
colorectal endoscopy analysis, particularly
in CADe and CADx systems. Early studies
leveraged CNN-based architectures to detect
polyps from colonoscopy videos, achieving
performance comparable to expert endoscopists
[5]. Subsequent works demonstrated real-time
lesion detection and classification in clinical
settings,  significantly improving adenoma
detection rates [[7,[9].

Beyond detection, CADx systems aim
to characterize lesion pathology, such as
di erentiating neoplastic from non-neoplastic
polyps. Byrne et al. proposed a real-time
Al system for optical biopsy, achieving high
accuracy in prospective trials [6].  Similar
approaches have employed deep CNNs to
classify colorectal lesions using narrow-band
imaging and white-light endoscopy [12].

Nevertheless, most existing methods focus on
a single prediction target and do not explicitly
model the hierarchical or correlated nature
of clinical attributes inherent in endoscopic
interpretation.
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2.2. Deep Learning Architectures in Endoscopic

Imaging

CNN backbones such as ResNet [13],
DenseNet [14], and E cientNet [15] have
been widely adopted for endoscopic image
classification due to their strong representational
capacity and e cient parameterization. More
recently, transformer-based architectures,
including Vision Transformer (ViT) [16] and
Swin Transformer [17], have shown promising
results in medical image analysis by capturing
long-range dependencies.

Hybrid and comparative studies suggest
that while transformers excel in global context
modeling, CNNs remain competitive in scenarios
with limited training data, such as medical
imaging [18]. This motivates backbone-
agnostic frameworks that can leverage di erent
architectures under a unified learning paradigm.

2.3. Multi-Task Learning in Medical Imaging

Multi-task learning has a long history in
machine learning [10] and has gained renewed
interest in medical imaging.  Prior studies
have applied MTL to jointly learn segmentation
and classification [19], disease grading and
localization [20], and multi-organ analysis
[21]. These works consistently report improved
performance and robustness compared to single-
task counterparts.

In gastrointestinal endoscopy, however, MTL
remains underexplored.  EXxisting approaches
often define auxiliary tasks without explicit
clinical grounding or limit evaluation to a single
dataset, leaving questions of generalization
unanswered. Furthermore, few studies
investigate how task design influences feature
disentanglement  between anatomical and
pathological factors.

2.4. Datasets and Cross-Dataset Generalization

Public endoscopy datasets such as
HyperKvasir [22] have facilitated large-scale
benchmarking of Al models. However,

domain  shifts across datasets—due to
di erences in equipment, protocols, and patient
populations—pose significant challenges. Recent
works emphasize the importance of cross-dataset
evaluation to assess real-world robustness [23]].

In this context, leveraging auxiliary tasks
that encode domain-invariant clinical semantics
0 ers a promising direction for improving
generalization, which we explicitly explore in this
study.

3. Methodology

3.1. Problem Formulation

Given an endoscopic RGB image X
R3x224x224 sampled from CRCCD_V1 [24], the
goal is to predict three labels: (1) a fine-grained
lesion class y»  {1,...,14}, (2) a pathological
severity label y®@ {1,...,4}, and (3) an
anatomical region label y®  {1,2,3}. Let f(x;0)
denote the shared backbone with parameters 8,
and g:(-; ¢;) denote the task-specific head for task
t {1,2,3}. The network outputs logits

20 = g(f(x;8);9) R, (1)

where C; denotes the number of classes for task t
(i.e.,, C; =14, Cy, = 4, C3 = 3). These logits are
transformed into probability distributions via the
softmax function:
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where pi(t) represents the prSedicted probability
for class i in task t, and the final prediction is
obtained as §© = arg max; p{.

3.2. Architecture

The proposed LEAF framework is
designed to be backbone-agnostic, enabling
flexible integration with various deep learning
architectures. The backbone extracts a feature
vector from the input image, which is then
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