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Abstract

This paper describes the proposed UIT_Worker system for the ImageCLEFmedical 2026 Concept Detection
task. The task formulates medical concept detection as a large-scale multi-label classification problem over
2,646 Unified Medical Language System (UMLS) Concept Unique Identifiers (CUIs) using 116,604 annotated
development images. Our final system employs a DenseNet-121 backbone initialized with ImageNet weights and
is trained end-to-end using a full-fit strategy on all development images to maximize exposure to rare concepts.
To address the severe long-tail label distribution, we optimize the model with Asymmetric Loss using 7~ = 4.0,
4" = 1.0, and clipping parameter ¢ = 0.05. Training is performed for six epochs using AdamW, cosine annealing,
and PyTorch Automatic Mixed Precision with GradScaler, while inference uses a fixed decision threshold of 0.60.
The submitted single-model system achieved an official primary F1-score of 0.5725 and a secondary F1-score
of 0.9533, ranking third in the ImageCLEFmedical 2026 Concept Detection task. These results indicate that a
carefully optimized ImageNet-initialized DenseNet-121 with imbalance-aware learning provides an effective and
reliable solution for extreme long-tail medical concept detection.
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1. Introduction

Medical images are a central source of diagnostic and scientific evidence in modern healthcare. Radio-
logical figures, clinical scans, and biomedical images support diagnosis, medical education, research
communication, and case-based retrieval. As the volume of medical imaging data continues to increase,
automatic systems that can assign standardized semantic concepts to images are increasingly important
for indexing, retrieval, downstream caption generation, and clinical decision support. Automated
medical image annotation is therefore not merely a classification exercise [1]; it is a foundation for
connecting visual biomedical evidence with structured medical knowledge.

ImageCLEF has provided a long-running international benchmark for multimedia retrieval and
medical image understanding [2]. The ImageCLEFmedical Concept Detection task asks participants
to predict Unified Medical Language System (UMLS) Concept Unique Identifiers (CUIs) from medical
images [3]. Given an input image, a system must output all relevant concepts rather than selecting a
single class. This makes the task inherently multi-label: one image may simultaneously contain modality
information, anatomical regions, imaging views, procedures, devices, or visible abnormalities. The task
is also difficult because the concepts are sparse, visually heterogeneous, and strongly imbalanced.

The 2026 development data used in our experiments contains 116,604 images and 2,646 unique UMLS
CUI labels [3]. Although the label vocabulary is large, each image is associated with only a small subset
of the full vocabulary. Our parsing of the official annotations gives an average of 3.2206 labels per
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image, meaning that for each training sample the overwhelming majority of the 2,646 label positions
are negative. This creates an extreme long-tail setting: frequent modality and anatomy concepts appear
repeatedly, while many specific or clinically valuable concepts are observed only a small number of
times. Under a standard binary cross-entropy (BCE) objective, the abundance of easy negative labels
can dominate the gradient and suppress the learning signal from rare positives [5, 10].

Our team, UIT_Worker, addressed the task with a deliberately simple but carefully optimized convo-
lutional pipeline. Instead of relying on a complex multi-stage architecture or an aggressive ensemble,
we focused on three practical principles. First, we used DenseNet-121 [4], a compact convolutional
network with dense feature reuse and strong historical performance in medical image classification.
Second, we used standard ImageNet initialization rather than RadImageNet or other medical-domain
pretraining, because our empirical trials showed that ImageNet initialization combined with stable full
fine-tuning was more robust for this task. Third, we optimized the network with Asymmetric Loss
(ASL) [5], which is designed for imbalanced multi-label learning and explicitly reduces the contribution
of easy negative labels.

A key design choice of our final submission is the full-fit strategy. During exploratory development,
the official split of 97,364 training images and 19,240 validation images was useful for understanding
the dataset and selecting a reproducible inference threshold. For the final model, however, we trained
on all 116,604 labeled development images. This choice was motivated by the long-tail distribution:
withholding nearly twenty thousand images would also remove valuable examples of rare concepts. In
the final competitive setting, we therefore prioritized maximum rare-label coverage over validation-
based checkpoint selection.

Our submitted system achieved a primary F1-score of 0.5725 and a secondary F1-score of 0.9533 on the
official hidden test set, ranking third in the ImageCLEFmedical 2026 Concept Detection task. The result
indicates that a single DenseNet-121 model, when trained with the right loss function, thresholding
rule, and full-data fitting strategy, remains highly competitive for large-scale medical concept detection.
The main contributions of this paper are as follows:

+ We present a reproducible DenseNet-121 pipeline for ImageCLEFmedical 2026 Concept Detection
over 2,646 UMLS concepts.

« We describe a final full-fit training strategy that uses all 116,604 labeled development images to
improve exposure to rare long-tail concepts.

« We apply Asymmetric Loss with vy~ = 4.0, 7" = 1.0, and clipping parameter ¢ = 0.05 to address
extreme imbalance in the multi-label target vectors.

« We combine AdamW, cosine annealing, and Automatic Mixed Precision with GradScaler to train
efficiently under GPU memory constraints.

+ We report an official primary F1-score of 0.5725 and analyze why the final ImageNet-initialized
full-fit model outperformed both RadlmageNet initialization and an ensemble submission.

The remainder of this paper is organized as follows. Section 2 discusses related work. Section 3
describes the task data and label representation. Section 4 presents preprocessing and augmentation.
Section 5 details the proposed model and training strategy. Section 6 reports the official results and
submission analysis. Section 7 concludes the paper and outlines future work.

2. Related Work

2.1. Medical concept detection

Medical concept detection can be viewed as multi-label visual recognition over a biomedical vocabulary.
Unlike standard single-label classification, the objective is to identify all semantic concepts that are
visually or contextually associated with an image. In ImageCLEFmedical Caption and Concept Detection
tasks, these labels are commonly represented as UMLS CUIs, which provide a standardized terminology



for biomedical entities. Such structured labels are valuable because they can support image retrieval,
caption generation, and downstream clinical or educational applications [3].

The task introduces challenges that are more severe than those found in many general-domain
image classification benchmarks. Medical figures are heterogeneous across modalities, resolutions,
contrast patterns, acquisition settings, and visual layouts. Some images contain embedded markers
or multi-panel arrangements, while others show subtle anatomy or pathology. Moreover, the label
distribution is heavily imbalanced: a small number of concepts occur very frequently, whereas many
labels are rare. This combination of visual diversity and long-tail supervision has motivated approaches
based on strong convolutional backbones, imbalance-aware loss functions, calibrated thresholds, and,
in some cases, label-dependency modeling [9].

2.2. Dense convolutional networks for medical imaging

Convolutional neural networks remain strong baselines for medical image analysis. DenseNet introduced
dense connectivity, where each layer receives feature maps from all preceding layers and passes its
own feature maps to all subsequent layers within a dense block [4]. This design improves gradient
flow, encourages feature reuse, and keeps the parameter count relatively efficient. These properties are
particularly relevant in medical imaging, where discriminative evidence may occur at multiple scales
and where over-parameterized models can overfit rare or noisy labels.

DenseNet-121 has been widely adopted in medical image classification. Prior large-scale chest X-ray
studies, including ChestX-ray8 [6] and the CheXNeXt system [7], demonstrated the effectiveness of
DenseNet-based architectures for thoracic disease recognition and contributed to their widespread use
in medical imaging applications. For our official submission, we used DenseNet-121 initialized with
ImageNet weights and replaced the original classification head with a 2,646-output linear classifier,
corresponding to the complete set of UMLS CUIs observed in the development annotations.

2.3. Learning under long-tail multi-label imbalance

In multi-label concept detection, each image has only a few positive labels and thousands of negative
labels. Standard binary cross-entropy treats all positive and negative entries symmetrically. As a result,
training can be dominated by easy negatives, especially in large label spaces. Focal Loss was introduced
to reduce the influence of easy examples in dense detection [10], but multi-label classification requires
a more asymmetric treatment because the positive and negative terms play different roles.

Asymmetric Loss was proposed to improve multi-label classification under imbalance by applying
different focusing strengths to positive and negative samples [5]. Its negative focusing and clipping
mechanism suppress easy negative labels while preserving useful gradients for positive labels and hard
negatives. This makes ASL well suited to ImageCLEFmedical concept detection, where rare concepts
can otherwise be overwhelmed by the background of absent labels.

2.4. Pretraining and ensemble considerations

Medical-domain pretraining is often attractive because it can provide representations closer to radiolog-
ical imagery than ImageNet, and prior medical-imaging studies have shown that preprocessing and
initialization choices can strongly affect downstream performance [8]. However, it is not guaranteed to
improve every downstream task. In our experiments, RadlmageNet initialization did not outperform
the standard ImageNet-initialized DenseNet-121 under the same practical learning-rate regime. The
medical-pretrained model also appeared less stable during fine-tuning, which we interpret as behavior
consistent with catastrophic forgetting: useful pretrained features may be rapidly overwritten when
the downstream task is broad, heterogeneous, and heavily long-tailed.

We also explored an ensemble that incorporated predictions from additional architectures, including
ConvNeXt and EfficientNet variants. Although ensembles often improve robustness, our ensemble
submission reached 0.5712 F1, slightly below the final single DenseNet-121 full-fit model. We therefore
treat this result as an empirical observation rather than proof that ensembling is generally ineffective.



A plausible explanation is correlated error: models trained on the same imbalanced label distribution
may agree on frequent concepts while jointly missing difficult rare labels. This observation shaped
our final emphasis on a single, well-calibrated, imbalance-aware model rather than a heavier but less
discriminative ensemble.

3. Dataset and Label Representation

We used the official ImageCLEFmedical 2026 development data for the Concept Detection task. The
challenge uses an updated and extended version of the ROCOv2 dataset, comprising 116,604 medical
images with CUI annotations [3, 11]. The provided split contains 97,364 training images and 19,240
validation images. For each image, the annotation field stores zero or more CUI strings separated by
semicolons. After parsing all annotations, removing empty entries, and normalizing whitespace, we
obtained 2,646 unique UMLS concepts.

Table 1

Summary of the ImageCLEFmedical 2026 development data used in our experiments.
Property Value
Total development images 116,604
Official training images 97,364
Official validation images 19,240
Unique CUI labels 2,646
Average labels per image 3.2206
Median labels per image 3
Maximum labels per image 37
Positive label density 0.1218%
Concepts appearing at most 10 times 420
Final fitting images 116,604
Input resolution 224 x 224

To make the visual heterogeneity of the dataset concrete, Figure 1 shows six representative valida-
tion images from IDs valid_18294-valid_18299. These examples illustrate different modalities,
anatomical regions, and annotation styles. They are used only for dataset illustration; the model is
trained to predict CUI sets rather than captions.

Each image is represented by a sparse multi-hot vector. Let K denote the number of unique concepts;
in our experiments, K = 2646. For image ¢, the target vector is

Vi = [Yi1, Vi, - - - vi] € {0, 1}5, (1)

where y;; = 1 if concept k is assigned to image ¢, and y;; = O otherwise. The average of 3.2206
labels per image confirms that the target matrix is extremely sparse. This corresponds to a positive
label density of only 0.1218% across the full label vector. Figure 2 visualizes this sparsity and long-tail
behavior: most images contain only a few labels, concept frequencies span several orders of magnitude,
and 420 concepts appear at most ten times in the development set. This sparsity is the central reason
for using ASL rather than standard BCE.

The official split was used during development to inspect the label distribution, monitor training
behavior, and decide a simple global inference threshold. For the final submitted model, we trained
on the union of the official training and validation sets. This full-fit setting increases the number of
examples available for rare concepts and was more aligned with the final hidden-test objective.



valid 18294 | 3 CUIs
CC BY, Enoch et al.

valid 18295 | 7 CUIs
CC BY, Enoch et al.

valid 18296 | 5 CUIs
CC BY, Muacevic et al.

RV Collapse
Pericardial effusion

valid 18297 | 3 CUIs

CC BY, Hajifathalian et al. valid 18295 | 4 CUIs

CC BY, Muacevic et al.

valid 18299 | 4 CUIs
CC BY, Muacevic et al.

Figure 1: Representative validation samples from the ImageCLEFmedical 2026 development set. The examples
illustrate the visual heterogeneity of the task, including different imaging modalities, anatomical regions, anno-
tation styles, and numbers of associated UMLS CUI labels. Images are reproduced from the ImageCLEFmedical
2026 development dataset, which is based on an updated and extended version of the ROCOv2 dataset. Image
attributions: valid_18294 (Enoch et al., CC BY); valid_18295 (Enoch et al., CC BY); valid_18296 (Muacevic et al.,
CC BY); valid_18297 (Hajifathalian et al., CC BY); valid_18298 (Muacevic et al., CC BY); valid_18299 (Muacevic
et al.,, CC BY).
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Figure 2: Label-space analysis from concepts.csv: number of labels per image, long-tail concept frequency,
frequent CUIs, and concept-frequency buckets.



4. Preprocessing and Data Augmentation

4.1. Image preprocessing

All images were loaded from disk and converted to RGB format. Since the DenseNet-121 backbone
was initialized with ImageNet weights, every image was resized to 224 x 224 pixels and normalized
with the standard ImageNet channel-wise statistics. The mean vector was (0.485, 0.456, 0.406) and the
standard deviation vector was (0.229, 0.224, 0.225).

The resizing operation standardizes heterogeneous image dimensions and enables efficient mini-batch
training. Although resizing may compress high-resolution details, it provides a practical balance between
computational cost and feature quality for the large development set. The use of ImageNet normalization
is also consistent with the pretrained backbone and avoids a mismatch between pretraining and fine-
tuning input statistics.

4.2. Training augmentation

During training, we used lightweight data augmentation implemented with Albumentations [12]. The
augmentation pipeline included random shift, scale, and rotation with probability 0.5, as well as random
brightness and contrast adjustment with probability 0.5. These transformations simulate moderate
variation in image positioning, scanner contrast, and acquisition conditions while avoiding overly
aggressive changes that could distort subtle medical findings. During inference, only resizing and
normalization were applied.

5. Method

5.1. Model architecture

Our final model is based on DenseNet-121 [4]. We used the implementation from the timm library [13]
and initialized the backbone with standard ImageNet-pretrained weights [14]. We did not use RadIma-
geNet weights in the final submission. The original classification head was replaced with a task-specific
linear layer that outputs one logit for each of the 2,646 UMLS concepts.
Let h € R1024 be the feature vector produced by the DenseNet-121 backbone after global pooling.
The classifier computes
z=Wh+b, (2)

where W € R2646x1024 3nq 7 ¢ R?646 s the logit vector. The predicted probability for concept k is
obtained independently using the sigmoid function:

1

1+e 2’ ()

Pr = o(zk) =
This formulation allows the model to assign multiple concepts to the same image. A dropout rate of
0.2 was used before the final classifier for regularization. Figure 3 summarizes the final DenseNet-121
classifier used in our submission.



DenseNet-121 classifier for 2,646 UMLS concepts

Input Stem Dense blocks Global average Dropout Linear head
224%x224x3 Conv + Pool 6, 12, 24, 16 layers pooling p=0.2 1024 - 2646

Thresholding
labels predicted when p = 0.60
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Dense connectivity
eature reuse + stronger gradient flo one independent score per CUIL

Figure 3: DenseNet-121 classifier for multi-label medical concept detection. The ImageNet-initialized backbone
produces a 1024-dimensional feature vector, and the task-specific linear head outputs 2,646 independent sigmoid
probabilities corresponding to UMLS concepts.

5.2. Asymmetric Loss

A major difficulty in this task is the imbalance between positive and negative labels. For each image,
only a few of the 2,646 labels are positive, while most labels are absent. To reduce the dominance of
easy negatives, we optimized the network with Asymmetric Loss [5].

For each class probability py = o(zy), ASL applies asymmetric focusing to positive and negative
terms. In our implementation, the negative probability is adjusted with a small clipping parameter c to
reduce the contribution of very easy negatives. We used

Py, = min(1 —py +¢, 1), (4)

with clipping parameter ¢ = 0.05. The loss for a multi-label target vector is then expressed as

K

1 + o\ .
LasL=—1 [yk(l — )7 log(pe) + (1 —yk)(1 = 5;,)7 log(py )| - (5)
k=1
We set v~ = 4.0 and 4+ = 1.0. The larger negative focusing parameter strongly down-weights

easy negative entries, allowing the optimization process to focus more on rare positive labels and
hard negatives. Figure 4 illustrates the focusing behavior used in our submission. This behavior is
particularly important in our 2,646-label setting, where the negative label mass is overwhelming.

Asymmetric Loss focusing weights
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Figure 4: Asymmetric Loss focusing weights used in our submission. The larger negative focusing parameter,
~~ = 4.0, suppresses easy negative labels more aggressively than the positive focusing term v = 1.0.



5.3. Full-fit training strategy

Our final submission used a full-fit strategy. During analysis, the official split of 97,364 training images
and 19,240 validation images was useful for estimating the label distribution and checking the behavior
of the thresholding rule. For the final model, however, we merged these subsets and trained on all
116,604 labeled images. The motivation is straightforward: in an extreme long-tail dataset, the validation
subset contains many rare-label examples that are valuable for representation learning. Excluding them
from final training reduces the model’s exposure to precisely the concepts that are hardest to learn.

This strategy differs from a conventional validation-based research protocol and should be interpreted
as the final competition-fitting procedure rather than as a replacement for controlled model selection.
We did not select the final checkpoint by validation F1. Instead, we used a fixed training recipe and
selected the final checkpoint based on training stability and loss behavior. Across the 6-epoch schedule,
the training loss remained stable, and the final hidden-test score indicates that this full-data fitting
strategy was beneficial for the official evaluation setting.

5.4. Optimization and memory-efficient training

We trained the model with AdamW [15], using an initial learning rate of 2 x 10~* and a weight decay of
10~%. A cosine annealing schedule [16] decayed the learning rate to a minimum of 10~% over 6 epochs:

1 mt
Nt = Nmin + 7(770 - nmzn) 1+ cos ) (6)
2 Tmax

where T},q,: = 6. The batch size was 32.

To fit the large training set efficiently within GPU memory limits, we used PyTorch Automatic Mixed
Precision (AMP) with GradScaler [17]. AMP executes many operations in half precision to reduce
memory consumption and improve throughput, while GradScaler prevents numerical underflow by
scaling losses before backpropagation. This data-engineering component was essential for processing
the full 116,604-image dataset without VRAM overflow.

Table 2

Training configuration used for the final UIT_Worker submission.
Component Setting
Backbone DenseNet-121

Initialization ImageNet pretrained
Medical-domain pretraining  Not used

Number of output labels 2,646

Input size 224 x 224
Dropout 0.2

Optimizer AdamW
Learning rate 2x 1074

Weight decay 1074

Epochs 6

Batch size 32

Scheduler Cosine annealing

Minimum learning rate
Loss function

ASL parameters
Precision

Final fitting data
Inference threshold

1076

Asymmetric Loss

v~ =4.0,7yT = 1.0, clipping ¢ = 0.05
AMP with GradScaler

All 116,604 development images

0.60




5.5. Inference and submission generation

At inference time, each test image was processed with the deterministic transform pipeline: RGB
conversion, resizing to 224 x 224, and ImageNet normalization. The model produced a 2,646-dimensional
logit vector. We applied the sigmoid function to obtain per-concept probabilities and used a fixed

threshold 7 = 0.60:
X 1, ifpy >,
Yk = { (7)

0, otherwise.

The binary predictions were decoded back into CUI strings using the fitted label mapping. For each test
image, the predicted CUIs were joined by semicolons to match the required submission format. The
final inference run generated predictions for 15,249 test images, and the submitted file contained the
required ID and CUIs columns.

Figure 5 summarizes the complete end-to-end pipeline, from image and CUI loading to fixed-threshold
submission generation.

End-to-end training and inference pipeline

. Augmentation DenseNet-121 ASL optimization
imlan%;t-f%lajl 5 RGBpf‘Zgirzoecer?gi‘rrlgaliz - shift/scale/rotate ImageNet weights AdamW + cosine LR
g 4 ’ brightness/contrast 9.67M params 6 epochs
Multi-label encoding Inference
semicolon-separated CUIs — sigmoid probabilities — threshold 0.60 —
2,646-dimensional target vector CUI decoding and CSV submission

The final submission uses a single full-fit DenseNet-121 checkpoint and a simple fixed-threshold decision rule.

Figure 5: Overview of the proposed DenseNet-121 full-fit concept detection pipeline. The system loads images
and CUI labels, applies RGB conversion, resizing, ImageNet normalization, lightweight augmentation during
training, DenseNet-121 feature learning, ASL optimization, and fixed-threshold CUI decoding.

6. Results and Analysis

6.1. Official results

The official leaderboard snapshot is shown in Table 3. Our submitted UIT_Worker entry achieved a
primary F1-score of 0.5725 and a secondary F1-score of 0.9533 on the hidden test set, ranking third
in the ImageCLEFmedical 2026 Concept Detection task. The margin to the top-ranked entry was
small, indicating that the proposed single-model DenseNet-121 full-fit system was competitive with the
strongest submissions.

Table 3
Official leaderboard snapshot for the ImageCLEFmedical 2026 Concept Detection task.
Rank Owner Primary F1  Secondary F1
1 dsgt_caption 0.5790 0.9657
2 archimedes 0.5781 0.9591
3 UIT Worker 0.5725 0.9533
4 basharderar 0.5725 0.9419
5 AUEB/DMST 0.5721 0.9503




The result demonstrates that a carefully trained convolutional baseline remains competitive for
large-scale medical concept detection. DenseNet-121 provides efficient and reusable visual features,
ASL directly addresses the sparse multi-label target structure, and the threshold of 0.60 provides a
conservative precision-recall balance suitable for the imbalanced label space.

6.2. Empirical observations and submission analysis

Table 4 summarizes the main empirical observations that guided the final submission. The final
ImageNet-initialized DenseNet-121 trained with full-fit ASL reached the best score among our tested
strategies. In contrast, medical-domain initialization with RadImageNet did not improve the final
system, and the ensemble strategy was slightly worse than the single model.

Table 4
Summary of key empirical observations from our submission development.
Strategy F1 Observation
DenseNet-121 + ImageNet + ASL + full-fit 0.5725 Best official configuration; stable under the final

116,604-image full-fit setting.
Ensemble with ConvNeXt/EfficientNet variants  0.5712  Slightly lower score; models tended to reinforce
similar mistakes on hard rare labels.
RadlmageNet initialization 0.5314  Did not outperform ImageNet initialization; fine-
tuning was less stable with the standard learning-
rate recipe.

The first important observation is that ImageNet pretraining was sufficient and more reliable than
RadImageNet in our final setting. Although RadImageNet is closer to the target domain, the optimization
behavior was more fragile. With the learning rate used in our main recipe, the model appeared to lose
useful pretrained structure quickly during full fine-tuning. We interpret this behavior as consistent
with catastrophic forgetting, while acknowledging that a dedicated learning-rate and freezing-stage
study would be required to prove the mechanism conclusively.

The second observation is that ensembling was not automatically beneficial. Our ensemble combined
multiple architectures, including ConvNeXt and EfficientNet variants, but the score decreased to 0.5712.
We hypothesize that the issue was not model capacity but correlated error. Because the models were
trained on the same sparse and imbalanced labels, they may have agreed on common concepts while
jointly failing on difficult rare CUIs. Averaging such predictions can amplify frequent-label confidence
without recovering missed rare concepts; we refer to this informally as an echo-chamber-like effect.

The third observation concerns the effectiveness of the proposed full-fit training strategy. To validate
our design choice, we compared the final full-fit model with the same DenseNet-121 configuration
trained only on the official training split while reserving the validation split for model selection. The
comparison is summarized in Table 5.

Table 5

Comparison between the standard train/validation split and the proposed full-fit training strategy.
Training strategy Primary F1  Secondary F1
Standard train/validation split 0.5669 0.9413
Full-fit (116,604 development images) 0.5725 0.9533

Training on the complete development set consistently improved both evaluation metrics. Specifically,
compared with the standard train/validation split, the primary F1-score increased from 0.5669 to 0.5725,
while the secondary F1-score improved from 0.9413 to 0.9533. Although the absolute gain is modest, the
results provide empirical evidence supporting our hypothesis that exposing the model to all available
labeled images, including additional rare-label examples contained in the validation split, improves



generalization on the hidden test set. This experiment therefore justifies the full-fit strategy adopted for
the final submission.

6.3. Error characteristics and limitations

Despite the strong official ranking, the system has several limitations. First, it uses a single global
threshold. A threshold of 0.60 worked well overall, but frequent and rare concepts can have very different
calibration profiles. Class-wise thresholds could improve recall for rare labels while controlling false
positives for frequent labels. Second, the model predicts each CUI independently and does not explicitly
model label dependencies. In medical images, concepts such as modality, anatomy, and procedure are
often correlated. Third, the system uses only image-level supervision and does not exploit textual
metadata, captions, or external knowledge graphs during prediction. Fourth, our submission analysis is
not a complete controlled ablation: we did not report BCE versus ASL, threshold sweeps, augmentation
ablations, or rare-versus-frequent label breakdowns, which would provide a deeper explanation of the
final score.

These limitations suggest that future improvements should focus not merely on larger backbones,
but on better calibration, rare-label specialization, and dependency-aware prediction. The failure of
our naive ensemble also suggests that future ensembles should be diversity-aware, rather than simply
combining several high-capacity models trained with similar objectives.

7. Conclusion and Future Work

We presented the UIT Worker submission to the ImageCLEFmedical 2026 Concept Detection task.
The system formulates medical concept detection as large-scale multi-label classification over 2,646
UMLS CUIs. Our final model uses DenseNet-121 initialized with standard ImageNet weights, trained
end-to-end on all 116,604 development images with a full-fit strategy. The model is optimized with
Asymmetric Loss using v~ = 4.0, v" = 1.0, and clipping parameter ¢ = 0.05, together with AdamW,
cosine annealing for 6 epochs, and AMP with GradScaler. A fixed threshold of 0.60 converts sigmoid
probabilities into final CUI predictions.

The official result, 0.5725 primary F1 and 0.9533 secondary F1, ranked third in the ImageCLEFmedical
2026 Concept Detection task. The results suggest that: under extreme long-tail supervision, a carefully
trained single convolutional model with an imbalance-aware objective can be more reliable than more
complex alternatives that are not explicitly calibrated for rare labels. In our experiments, ImageNet
initialization with full fitting was stronger than RadlmageNet initialization, and a naive ensemble
slightly reduced performance, likely because of correlated errors on difficult labels.

Future work will focus on three directions. First, we plan to investigate class-wise threshold calibration
to better balance rare-label recall and frequent-label precision. Second, we will explore label-dependency
modeling through graph-based classifiers or transformer decoders over CUI embeddings. Third, we
will revisit ensembles using diversity-aware training, per-concept specialist models, or calibrated late
fusion, rather than simple averaging of models that share the same error patterns.

Code Availability

The implementation of the proposed DenseNet-121 full-fit system is publicly available at: https://github.
com/nhanbui246/ImageCLEFmedical-2026-UIT-Worker.
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