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Abstract. The increasing number of CT scan examinations has lead to
the need of developing automated tools to support radiologists manag-
ing their growing workload. Multi-label abnormality analysis from 3D
chest CT scans, including abnormality classification, segmentation and
report generation, is therefore a key capability for clinical decision sup-
port. However, such tasks remain highly challenging due to the high-
dimensional structure of the data, and the wide variety of abnormalities
to detect. Existing approaches typically address abnormality classifica-
tion, segmentation, or report generation in isolation, despite their strong
semantic and clinical interdependence. In clinical workflows, radiologists
identify abnormalities by simultaneously localizing regions of interest and
synthesizing descriptive findings. In light of this, we propose UniCT, the
first end-to-end unified framework that jointly performs multi-label ab-
normality classification, segmentation, and report generation from 3D
chest CT scans. UniCT explicitly models cross-task interactions through
a multi-task fusion mechanism and a segmentation-conditioned feature
modulation, enabling shared spatial and semantic reasoning across tasks.
Experimental results on two public datasets demonstrate that joint learn-
ing yields consistent mutual gains across tasks, achieving competitive
performance and providing an effective inductive bias for CT analysis.

Keywords: Multi-Task Learning - Chest Computed Tomography - Re-
port Generation - Multi-label Abnormality Classification - Segmentation.

1 Introduction

Computed Tomography (CT) provides detailed volumetric visualization of the
human body and plays a central role in the detection and characterization of
thoracic abnormalities [27]. However, the increasing number of examinations re-
sults in the need to develop automated tools to assist radiologists managing
such a growing workload [6]. In this context, multi-label abnormality analysis
has emerged as a key paradigm, supporting tasks such as abnormality classifica-
tion [I320], segmentation [2JI5/9], and automated report generation [I7J2418g].
Prior work shows that modeling multiple abnormalities improves diagnos-
tic performance by capturing inter-abnormality dependencies [I3] and provides
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strong visual representations for downstream tasks such as report generation [I1].
Nevertheless, multi-label abnormality analysis in 3D Chest CT remains chal-
lenging due to the volumetric complexity of the data and heterogeneous ab-
normality appearance [16]. Recent advances in representation learning architec-
tures [12I33122IT9] and large-scale CT foundation models [I626/535] have sub-
stantially improved performance across individual downstream tasks. Despite
these advances, most existing methods address classification, segmentation and
report generation independently, limiting their ability to exploit complementary
spatial and semantic information across tasks. Classification models often lack
spatial interpretability, while report generation systems are highly sensitive to
the quality of pretrained visual features [3], and often rely on large-scale pre-
training [5] or multi-stage pipelines [I1]], requiring sequential optimization which
restricts joint reasoning across prediction, localization, and description.

Joint multi-task learning that explicitly integrates abnormality classification,
segmentation and report generation remains underexplored in 3D CT, largely
due to the scarcity of datasets providing aligned reports, labels, and segmenta-
tions. The recent release of ReXGroundingCT [2] partially addresses this limita-
tion by pairing textual descriptions with abnormality segmentations, enabling
grounded report generation [4], text-prompted medical segmentation [14J39], and
opening new opportunities for end-to-end multi-task learning, which we inves-
tigate in this work. While prior works have explored multi-task settings in 2D
imaging [32], existing methods for 3D CT typically focus on single abnormal-
ities and do not incorporate report generation [3823], limiting their ability to
leverage multi-label clinical reasoning and the semantic supervision provided by
language modeling, further motivating our proposed unified framework.

In clinical practice, radiologists simultaneously localize abnormalities, assess
their clinical significance, and synthesize coherent textual reports by leveraging
shared spatial and semantic cues. This observation suggests that abnormality
classification, segmentation, and report generation could benefit from joint mod-
eling, rather than isolated optimization. Motivated by this clinical workflow, our
work introduces UniCT, the first end-to-end unified approach to jointly perform
multi-label abnormality classification, segmentation, and report generation from
3D CT. UniCT incorporates a multi-task fusion module that enable information
exchange across classification, segmentation, and report generation branches, al-
lowing the model to leverage spatial localization signals to improve descriptive
reporting and contextual semantic cues to refine abnormality recognition.

Contributions. (1) We introduce UniCT, a unified end-to-end framework
that jointly performs abnormality classification, segmentation, and report gen-
eration from 3D chest CT volumes. (2) We propose a multi-task interaction
mechanism combining bidirectional task fusion with segmentation-conditioned
feature modulation, enabling shared spatial reasoning across tasks. (3) Through
experiments on two public datasets, we show that unified multi-task learning
consistently improves performance across abnormality classification, segmenta-
tion, and report generation compared with task-specific baselines.
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2 Method

As shown in Fig. [I, UniCT processes a 3D CT scan through a visual encoder
to obtain slice-level and global representations of the volume (Sec. . Task-
specific latent representations for abnormality classification, segmentation, and
report generation are then derived via adapters and refined through a multi-task
fusion module to enable information exchanges across tasks (Sec. [2.2). Features
are finally passed to independent modules for task-specific predictions (Sec. [2.3)).
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Fig.1: UniCT jointly addresses abnormality classification, segmentation and re-
port generation in a unified approach, complemented by a multi-task fusion and
a segmentation-conditioned feature module to enable cross-task interactions.

2.1 Visual Features Extraction

Motivated by the empirical success of 2.5D modeling over 3D encoders for end-to-
end chest CT analysis [I3J12], the CT scan X € R*H*W ig represented as a set
of S = 80 non-overlapping axial slice triplets, with (C, H, W) = (240, 480, 480).
A 2D ResNet18 @Yisual shared across all tasks, encodes each triplet into volu-
metric feature maps Hor € R wxd with d = 512 and h = w = 15. This
2.5D formulation offers a favorable trade-off between representational capacity
and computational efficiency, enabling effective end-to-end multi-task training
without relying on CT-domain-specific pretraining. For global prediction and
report generation, slice-level features are aggregated via Global Average Pooling
(GAP) to obtain a compact scan-level representation hor € RY, while spatial
feature maps are preserved for dense prediction:

her = faapr(Her) = (faap o o) (X). (1)

2.2 Task-Specific Latent Representations

Task-specific Adapters. To balance representation sharing and task special-
ization, hot is projected into three task-specific d-dimensional latent spaces us-
ing lightweight multi-layer perceptron (MLP) adapters. Given the heterogeneous
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supervision signals across abnormality classification (scan-level), segmentation
(voxel-level), and report generation (sequence-level), these adapters encourage
the emergence of task-specific subspaces. The adapters foeg, feis and frep, con-
sist of a linear projection followed by a ReLU activation, producing task-specific
embeddings defined as heis = fois(her), hseg = fseg(hoT) and hyep = frep(hor).
Multi-Task Fusion Module. While task-specific adapters enable specializa-
tion, clinical reasoning inherently requires consistency across global diagnosis,
localization and textual description. To explicitly model these cross-task depen-
dencies, we introduce a Multi-Task Fusion (MTF) module @\irr, implemented
as a Transformer encoder operating over the set of task embeddings. Through
self-attention [34], MTF adaptively reweights and exchanges information across
task representations, allowing, for instance, segmentation-derived spatial cues to
inform report generation or classification priors to regularize dense predictions:

{chsa Zseg) zrep} = ¢MTF(hcls; hseg‘7 hrep) . (2>

2.3 Task-Specific Objectives

Abnormality Classification. The refined classification embedding z.s is pro-
cessed by a classification head gf* ; to predict logits § € RM over M abnormali-
ties. We apply a Binary Cross Entropy loss Lcors on the predicted logits against
the ground-truth multi-label annotations y € {0, 1}M.

Segmentation. To enable dense prediction while preserving cross-task con-
sistency, UniCT incorporates a Segmentation-Conditioned Feature modulation
(SCF) [28], enabling conditioning of spatial CT features using the task-refined

semantic embedding zseg, allowing abnormality cues to guide dense predictions:

ZCT = gzjSCF(]Q'CTa Zscg) = "Y(Zscg) ®© HCT + B(Zscg) 5 (3)
where ©® denotes the element-wise multiplication, while v and 3 represent
the scaling and shift affine transformation (linear projection with ReLU). The
modulated features Zor € RS*mX®w*d are processed by a segmentation decoder
@gicscual enhanced with skip connections [29], to produce abnormality-specific seg-
mentation masks X € RM*CxXHXW “defined as X = &Y512(Zr). We supervise
segmentation using a Dice loss, denoted as Lggg [31].
Report Generation. The radiology report R is tokenized and embedded into
H., € RT*d The T textual tokens are decoded autoregressively by a Trans-
former decoder X, conditioned on the cross-task refined representation zyep,
where a causal attention mask ensures that each token attends only to preceding

tokens and z,.p. The predicted next tokens R are obtained via a captioning head
caption

hoad » optimizing a token-level Cross-Entropy loss Lrgp, such that:

Hiep = (@l 0 DI, (R), and R = (g8 0 040) (Hieps 2rep) - (4)

Objective. UniCT is trained by minimizing the sum of all task losses, defined
as L = Lcrs + Lsgce + Lrep- All losses are equally weighted, as we empirically
observed stable convergence without additional task-balancing strategies.



UniCT 5

3 Experiments

Datasets. We use ReXGroundingCT [2], a subset of CT-RATE [I6] containing
non-contrast chest CTs from 3,142 patients. From 14 focal and non-focal ab-
normalities with segmentation annotations, we retain 10, excluding two um-
brella (other) and two very low prevalence (< 20 cases) classes to ensure reli-
able cross-validation. Experiments use 5-fold cross-validation patient-level splits
(70/15/15). To assess generalization, we evaluate on the 1,344 patients from the
RAD-ChestCT [13] validation and test sets, which provide label annotations but
no report or segmentation, focusing on the 9 abnormalities that can be mapped
(pulmonary nodes and micronodules combined as nodes). CT scans are reformat-
ted to SLP orientation, spacing of 1.5 x 0.75 x 0.75 mm, and center-cropped or
padded to a size of 240 x 480 x 480. Hounsfield Units are clipped to [—1000, 200]
reflecting practical diagnostic limits [10], rescaled to [0, 1] and normalized with
ImageNet statistic [30]. Implementation. Training runs for 20,000 iterations
using AdamW, (f1, f2) = (0.9,0.99) and a batch size of 4. To facilitate simul-
taneous convergence across tasks, the learning rate is set at 5 x 1072 for the
segmentation modules and 5 x 1076 for the other parameters. For all methods,
visual encoders are initialized from ImageNet pretrained weights, either by direct
initialization or weight inflation [7], and all parameters are trainable to ensure
fair comparison. The training duration for UniCT is 8 hours and inference takes
approximately 150 milliseconds on a single NVIDIA RTX A6000 GPU.

3.1 Multi-label Abnormality Classification

Protocol. We first evaluate UniCT on multi-label abnormality classification.
UniCT is compared against 2.5D & 3D visual encoders [TIIIT3I12], each trained
in a single-task settings. To the best of our knowledge, no prior work jointly
addresses multi-label abnormality classification, segmentation and report gener-
ation from 3D CT within a unified end-to-end framework. To enable a rigorous
evaluation, we therefore construct a multi-task baseline (Multi-task base.) that
shares the same backbone architecture and supervision signals of UniCT, while
excluding its task-interaction components (adapters, MTF and SCF). This de-
sign isolates the contribution of UniCT’s unified objective and cross-task rea-
soning mechanisms, providing a principled benchmark for unified CT analysis.
Quantitative analysis. Table [I] shows that UniCT consistently outperforms
both classification-only (®) and the multi-task (4) baselines on ReXGroundingCT
across all evaluation metrics, with statistically significant improvements (paired
t-test across folds, p < 0.01). Our model demonstrates an overall F1-Score gain of
+12% on focal and +24% on non-focal abnormalities, suggesting that combining
classification with segmentation and report generation supervision enhances the
modeling of diffuse or subtle abnormality patterns. On RAD-ChestCT, UniCT
achieves strong generalization, matching CT-Scroll [12] in F1-Score and AUROC
while additionally providing segmentation masks and radiology reports.
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Table 1: Abnormality classification performance on ReXGroundingCT [16], and
() cross-dataset evaluation on RAD-ChestCT [I3]. Best results are in bold,
second-best are underlined. [© Classification supervision. ¢ Multi-task.

ReXGroundingCT RAD-ChestCT(

Model F1-Score AUROC mAP F1-Score AUROC mAP
ResNet3D [7] 323 £.006  .646 +.006  .284 +.008  .405 +t.008 .628 +£.028 .304 +.004
ViViT [25] 336 +.010  .661 +.011  .308 +.017 411 +.008  .625 +.012  .311 +.002
CT-Net [13] 371 +.013 698 +.016 336 +.013 416 +.011  .644 +.014  .304 +.005
CT-Scroll [12] 394 +o11 724 o007 370 +.055 .427 +.004 .665 +.004 313 +.003
Multi-task base. .389 +.009 .731 +.004 .365 +£.006 .422 +.015 .654 +.009 .314 +.009
UniCT (Ours) .410 +.006 .743 +.003 .383 +.010 .427 +.007 .665 +.009 .323 +.009

3.2 Multi-Task Ablation Study

We further evaluate UniCT on the segmentation and report generation tasks,
performing a cross-task ablation study to quantify the impact of MTF, SCF,
and auxiliary task supervision. For comparison, we include task-specific baselines
for each task: classification uses a ResNet 2.5D backbone applied to triplet-
wise slices, followed by global average pooling before the classification head [21];
segmentation uses a U-Net [29]; report generation uses CT2Rep [17]. In all cases,
the architectural components match those used in UniCT), isolating the effect of
multi-task interactions. Table [2| reports F1-Score and AUROC for classification,
foreground Dice (DSC) and Sensitivity for segmentation, and Clinical Accuracy
RadBERT macro F1-Score (CA F1) [36] and CRG [I8] for report generation.
Effect of joint multi-task learning. UniCT outperforms task-specific base-
lines across all metrics (paired t-test, p < 0.01), demonstrating that joint multi-
task learning provides complementary supervision, and that shared spatial and
semantic reasoning benefits all tasks. Although segmentation performance is
impacted by the extreme sparsity of voxel-level annotations, as observed in
ReXGroundingCT [2] and reflected in the ReXRank leaderboard [37], UniCT
yields average Sensitivity gains of +4% for non-focal and +14% for focal classes
over a U-Net, while achieving consistently higher DSC for bronchiectasis (.158,
+17%), pleural effusion (.192, +24%) and ground-glass opacity (.213, +37%).
Effect of the fusion module (1). Removing MTF results in systematic per-
formance drops across all metrics, suggesting that explicit latent interaction be-
tween task-specific representations is crucial for enhancing multi-task learning.
Effect of the segmentation modulation (2). SCF primarily benefits segmen-
tation performance, as evidenced by decreases in DSC and Sensitivity when it
is removed. Abnormality classification and automated report generation remain
stable, indicating that SCF operates as a targeted mechanism that enhances
dense prediction without perturbing global representations.

Effect of classification (3). Removing Lcps degrades segmentation and re-
port generation performance, suggesting that abnormality classification provides
a strong global supervisory signal that stabilizes shared representations and facil-
itates effective learning for both dense spatial prediction and report generation.
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Table 2: Comparative analysis of classification, segmentation and report gener-
ation performances on ReXGroundingCT [2]. Best results are in bold.

Classification Segmentation Report generation
Method F1-Score AUROC DSC Sensitivity CA F1 CRG
Task-specific base. .358 +.011 .686 +.016 .078 +.007 .282 +.008 .114 +.016 .348 +.005
Multi-task base. 389 +.009 .731 +.004 .093 +.007 .290 +.010 .155 +.013 .371 +.009
UniCT (Ours) .410 +.006 .743 +.003 .113 +.003 .310 +.006 .175 +.007 .377 +.003
(1) w/o MTF 376 013 .723 +£.008 .095 +.006 .301 +.011 .144 +.017 .368 +.005
(2) w/o SCF 406 +.009 .738 +.010 .094 +.011 .304 £.005 .174 £.009 .376 +£.004
(3) w/o LcLs - - 094 +.008 .293 +.010 .152 +.017 .364 +.010
(4) w/o Lsea 400 +.004  .740 +.006 - - 166 +.016  .373 +.002
(5) w/o Lrep 397 +.012 742 +.003  .089 +.007 .306 +.005 - -

Effect of segmentation (4). Lggg improves abnormality classification and re-
port generation performance. Despite the sparsity of voxel-level annotations in
ReXGroundingCT, Lggg encourages spatially-aware feature learning which ben-
efits both discriminative classification and meaningful report generation.

Effect of report generation (5). Removing Lrgp leads to decreased F1-Score
for classification and DSC for segmentation, indicating that next-token predic-
tion provides complementary semantic supervision, encouraging representations
that are beneficial across both discriminative and dense prediction tasks.

3.3 Complementarity with Foundation Models

To disentangle representation scale from structured supervision, we replace our
2.5D encoder with frozen volumetric features (Hop € R804%24x24X24) from the
foundation model COLIPRI [35], adapting the segmentation modules to 3D and
matching COLIPRI’s preprocessing. We compare task-independent performance
using these frozen features to our UniCT with COLIPRI framework. To avoid
patient overlap, evaluation is restricted to the 172 ReXGrounding test subjects
not included in the CT-RATE dataset used during COLIPRI pretraining. As shown
in Table[3] UniCT improves performance across all tasks, with particularly large
gains in clinical accuracy metrics for report generation, demonstrating that cross-
task interaction provides complementary benefits beyond large-scale pretraining.

Classification Segmentation Report generation
Method F1-Score AUROC DSC Sensitivity CA F1 CRG
COLIPRI (independent) .417 +.012 .771 +.010 .075 +.003 .136 +.007 .138 +.012 .351 +.004
UniCT with COLIPRI ~ .427 +.011 .791 +.007 .096 +.004 .158 +.005 .206 +.013 .383 +.006

Table 3: Comparison between task-independent training and UniCT’s unified
multi-task interaction applied on identical frozen features from COLIPRI [35].
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a) Ground-glass opacity b) Atelectasis-consolidation ‘ ©) Multi-Task Fusion Attention Malrix

DD

Ground truth: Bilateral ground-glass opacities in the lower  Ground  truth:  Focal consolidative density at the
Iobes and peripheral regions of hoth lungs. paramediastinal level of the right middle lunge.

Generation: Patchy ground-glass opacities in both lungs. Generation: Consolidation in the right lung TgrEgGet

Fig.2: (a & b): Examples of correctly classified abnormalities. Manually drawn
reference boxes (green) are shown for visualization, with predicted segmentations
(red). (¢) MTF Attention Matrix averaged over heads, test samples and 5-folds.

3.4 Qualitative Results

Fig. |2 shows an example of correct predictions (a & b), illustrating that UniCT
can jointly provide discriminative predictions alongside spatial grounding and
clinically coherent textual descriptions. Analysis of the MTF attention matrix
(¢) reveals structured collaboration between tasks where classification and report
generation exhibit strong bidirectional interactions, suggesting shared semantic
reasoning, while segmentation distributes attention more uniformly across tasks,
indicating its role as a spatial-semantic mediator within the unified framework.

4 Conclusion and Discussion

We propose UniCT, the first end-to-end unified framework that jointly addresses
abnormality classification, segmentation, and report generation from 3D CT
scans. By explicitly modeling cross-task interactions through multi-task super-
vision and feature fusion, UniCT produces complementary clinical outputs that
align with radiologists’ workflows, including abnormality prediction, spatial lo-
calization, and descriptive findings. Across two public datasets, UniCT matches
or improves performance relative to comparable end-to-end methods with similar
training regimes and capacity, suggesting that joint learning with explicit cross-
task interaction constitutes a strong inductive bias for volumetric CT analysis.
Limitations & Future work. On the clinical side, despite evidenced mutual
benefits of joint learning, the clinical performance metrics across all tasks remain
below the acceptable thresholds in clinical practice. While UniCT is trained and
evaluated on over 3,000 patients, broader datasets with richer spatial annota-
tions would both improve performance and strengthen its generalization. Future
work will explore scaling the framework to larger cohorts as additional anno-
tations become available. On the technical side, although this work primary
focuses on principled end-to-end joint learning, opportunities for improvement
could come from integrating more expressive encoders and pretraining strategies
within the same unified formulation. We anticipate that UniCT provides a flex-
ible foundation for future extensions that incorporate more advanced grounding
or reasoning mechanisms while preserving unified multi-task optimization.
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