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Abstract
The SemEval-2025 Task 5 calls for the utiliza-
tion of LLM capabilities to apply controlled
subject labels to record descriptions in the
multilingual library collection of the German
National Library of Science and Technology.
The multilingual BERT ensemble system de-
scribed herein produces subject labels for var-
ious record types, including articles, books,
conference papers, reports, and theses. For
English language article records, bidirectional
encoder-only LLMs demonstrate high recall in
automated subject assignment.

1 Introduction

SemEval-2025 Task 5 utilizes Large Language
Model (LLM) capabilities to assign controlled sub-
ject labels to multilingual German and English
record descriptions (D’Souza et al., 2025). BERT
models, such as ModernBERT, are a natural fit
for subject tagging (Warner et al., 2024). When
trained as classifiers, such as in this submission,
they are less prone to hallucination—a common
challenge in generative AI models. The Modern-
BERT model provides improvements of increased
context sequences of 8192 tokens, over prior limits
of 512 tokens in the original BERT (Warner et al.,
2024). Another advance in ModernBERT is the use
of flash attention (Dao et al., 2022).

The emergent capabilities of LLMs are not fully
explained by existing theories (Li et al., 2022).
BERT utilizes a transformer architecture, but does
not stack together transformers as in GPT models
(Devlin et al., 2019). The research community has
been able to empirically inspect why BERT works
so effectively (Tenney et al., 2019; Rogers et al.,
2020). Similar “mechanistic interpretability” is un-
derway for LLMs, but is not nearly as mature as
the understanding of BERT models (Sharkey et al.,
2025).

The BERT ensemble developed for this task
consists of four models: two multilingual BERT

models, one German-only BERT model, and one
English-only BERT model. All models were fine-
tuned with data from the TIB Technical Library’s
Open-Access Catalog. See Table 1 for the model
card links.

For the average recall measures in the quantita-
tive leaderboard, the BERT ensemble ranked 7th
out of 11 teams in the “All Subjects” task group. In
the qualitative results, this system’s highest rank-
ing was 5th out of 13 teams. The BERT mod-
els do not mimic reasoning and cannot correct
labels in the way current state-of-the-art reason-
ing models can, which puts purely BERT ensem-
bles at a disadvantage. Future work will inves-
tigate combining BERT outputs with reasoning
over the labels using advances in chain of thought
(CoT). The code for training, testing, and infer-
ence is available on GitHub (https://github.
com/jimfhahn/SemEval-2025-Task5).

Returning to the call to research and develop a
system that could be used in practice, the system
is fully reusable from the Hugging Face platform
(https://huggingface.co/). Noteworthy for its
open source hosting, the Hugging Face platform
enables hosting of models and datasets and has
useful inference capabilities for machine learning
projects.

2 Background

The task to assign a subject to a work requires
a target vocabulary. In this case, the GND
vocabulary is paired with the title and abstract
data from the TIBKAT collection (D’Souza et al.,
2024). The language of the title and abstract
was both English and German. To train the
BERT models that encompassed the ensemble
powering the core of the inference stack all
provided data from TIBKAT are processed
into JSONL format and were modeled using
title and abstract text along with corresponding
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Model Name URL
German BERT https://huggingface.co/jimfhahn/bert-german-cased

Multilingual cased https://huggingface.co/jimfhahn/bert-multilingual-cased

Multilingual uncased https://huggingface.co/jimfhahn/bert-multilingual-uncased

ModernBERT base https://huggingface.co/jimfhahn/ModernBERT-base-gnd

Table 1: The BERT ensemble is comprised of four GND-trained models developed for this task.

DNB labels. The curated dataset is available on
Hugging Face with an open source license (https:
//huggingface.co/datasets/jimfhahn/
SemEval2025-Task5-Curated-Data).

While LLMs excel at a wide range of generative
AI tasks, the specific task at hand is generating sub-
jects, which falls under classification. Therefore,
BERT models are well-suited to act as the core
inference engine powering an LLM-based subject
indexing system.

3 System overview

The Hugging Face software package “AutoTrain
Advanced” was configured for training the compo-
nent BERT models (Thakur, 2024). The input train-
ing data, sourced from the “All Subjects” folder
provided by the competition organizers, was in-
corporated into the dataset. Additionally, the sup-
plementary dataset, “DNB SKOS Exports of the
GND,” was subsequently incorporated to enrich
the input data. A roughly 25/75 split was applied,
allocating 78,800 rows to testing and 245,000 rows
to training. This decision reflects the GND tech-
nical staff’s acknowledged expertise in curating
high-quality resources. A departure point for prior
work in semi-automated subject indexing is to ref-
erence existing professional skills while extending
professional expertise (Hahn, 2021, 2024).

The combined dataset is multilingual mixing in
both German language training with English lan-
guage text. For the training, the software was
installed in a compute environment at the Uni-
versity of Illinois campus compute cluster where
GPU hardware, NVIDIA A100 Tensor Core GPUs
are available to be scheduled. Training time for
the largest BERT models, including ModernBERT,
was completed within ten hours.

The system employs an ensemble of BERT
models to generate classification results. Refer to
the Inference folder of the GitHub repository for
the methods described herein (https://github.
com/jimfhahn/SemEval-2025-Task5/blob/
main/Inference/inference.py).

During inference, the classify_text_batch
function processes input texts in batches. Each in-
put is tokenized with truncation applied, followed
by generating probability scores for all possible
labels using the torch.softmax function.

The system then identifies the top n labels (de-
fault is 50) and their associated confidence scores
using torch.topk. While the models are trained
for single-label classification, this approach en-
ables the generation of multiple subject labels
for each input. To aggregate classification re-
sults from individual models in the ensemble,
the filter_and_aggregate function combines
confidence scores for each label across models,
summing them to produce a single combined
score. The system then retains the top 50 labels
based on the highest accumulated scores. The
get_top_50_subjects function finalizes the pro-
cess by extracting and validating these top 50 la-
bels for each input. By leveraging the probabilistic
confidence scores, this pipeline adapts single-label
models to a multi-label context, effectively simu-
lating a multi-label classification system through
confidence score aggregation.

4 Experimental Setup

The training of BERT models began with loading
and processing the dataset from Hugging Face.
Refer to the Train folder of the GitHub repository
for the methods described herein (https://
github.com/jimfhahn/SemEval-2025-Task5/
blob/main/Train/train.py). The processing
code filtered out underrepresented labels, ensur-
ing that each label had at least two examples.
Subsequently, the code split the dataset into
training and validation sets for BERT, ensuring
that all classes were represented in both sets. The
AutoTrain Advanced software package included
a default configuration to stop training if there
was no improvement after 5 epochs, to prevent
overfitting. The threshold for measuring the
new optimum to continue training was set to
0.01 by default. It ensured that the training
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Figure 1: The Inference Pipeline.

Figure 2: The Settings for AutoTrain Advanced.

continued as long as the model’s performance
improved by at least 1% in each iteration. Figure
2 shows the settings of AutoTrain Advanced, as
TextClassificationParams that were utilized
to train each of the models on the curated dataset.

The AutoTrain Advanced software used Optuna
for automated hyperparameter optimization (Akiba
et al., 2019). In practice, two iterations of fixed
learning rate settings (lr=1e-5 and later lr=3e-5)
were tested, with the latter yielding superior F1
scores during inference. Similarly, the trial and
error included two batch size iterations in training.
The initial tests used a batch size of 8, while the
final, better-scoring model training parameters
were trained using a batch size of 16. The BERT
models were all trained as single-label classifiers
where each input was assigned exactly one label.

5 Results

Recall@K was used as the central measure. Specif-
ically, the average of Recall@K scores was used
for the final leaderboard ranking of “Average Re-
call.” According to the quantitative leaderboard,
the Multilingual BERT ensemble ranked 7th out
of 11 systems in the “All Subjects” category. See
Table 2 for a selected set of metrics (K@50).

The system’s performance on English language
articles is noteworthy, as it was a standout in subject
recall; the details are considered in section 5.1.
Regarding the qualitative results, the system ranked
5th out of 13 systems in both Case 1 in Case 2.
Detailed qualitative results are discussed in more
detail in section 5.3.

5.1 Quantitative analysis

The “All Subjects” leaderboard was analyzed by
record and by language. This analysis helps to
identify where the BERT ensemble inference was
most successful and where it was failing.

Record Type Language Recall
Article de 0.2000
Article en 0.8329
Book de 0.5440
Book en 0.5419

Conference de 0.5165
Conference en 0.5829

Report de 0.5625
Report en 0.4719
Thesis de 0.4082
Thesis en 0.3830

Table 2: K@50 by Record Type, Language, and Recall.

The system’s standout performance was with
English language articles. In the K@50 round, the
system’s recall for English language articles was
0.8329 of relevant subjects. Several teams in the
competition had strong recall for this record type.
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The BERT ensemble score of 0.8329 ranked sixth
out of eleven scores for English language articles.

5.2 Why do English language article records
have high recall?

An analysis was conducted on the readability of ti-
tles and abstracts in the English article record type,
compared to other English language title and ab-
stract records (Chall and Dale, 1995). Aggregated
results, shown in Table 3, indicate that the title and
abstract metadata from article records in the En-
glish training data is the least complex and most
readable text among the record types, as evidenced
by the lower Dale-Chall readability scores which
indicate easier understanding. German language
data was not evaluated for readability because the
metric uses English language words.

Record Type Average Readability Record Count
Article 10.7815 1042
Book 11.5618 26966

Conference 12.5864 3619
Report 13.9757 1275
Thesis 12.6136 3452

Table 3: Average Dale-Chall Readability Scores and
Record Counts by Record Type in the English Training
Data.

Record Type Average Readability Record Count
Article 10.8531 423
Book 11.6002 7598

Conference 12.3372 808
Report 13.5789 334
Thesis 12.7133 833

Table 4: Average Dale-Chall Readability Scores and
Record Counts by Record Type in the English Test Data.

In both English and German, the BERT ensem-
ble struggled the most with thesis record types.
However, the readability of the training data does
not seem to fully explain the difficulties with the-
sis records. An analysis of subject groupings per
record type in the training data was instructive. Fig-
ure 3 shows the distribution of subject counts by
record type in the English training data. Notably,
there are outlier points beyond the outer limits of
the plot, suggesting greater variability or the pres-
ence of extreme values in that record type.

Two indicators for why English language arti-
cles scored among the highest recall in the task
are considered here. First, the training examples
for English language articles had a more consistent
number of subjects per record. In contrast, there

was greater variability for Thesis and Book record
types in English, which had higher subject counts.
Two additional box plot figures highlight the nu-
anced scores of reading complexity in the training
data (Figure 4) and the reading complexity of the
title and abstract test data (Figure 5).

Figure 3: Subject Distribution in Training Data.

Figure 4: Readability Scores by Record Type in Train-
ing Data.

Figure 5: Readability Scores by Record Type in Test
Data.

The thesis and report record types have both the
most challenging readability and the lowest recall
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scores by this system. When examining the scores
for book and record types, which were the next
two top-scoring record types for English language
records, they have lower reading complexity. How-
ever, their subject distributions include a higher
number of outlying values compared to article sub-
ject distributions.

This suggests that augmenting training data by
rewriting abstracts for easier reading comprehen-
sion could result in performance gains at inference
time. This represents a possible future use of gen-
erative AI in improving training. This needs more
study particularly within those record types with
a wide distribution of subjects. This analysis indi-
cates that a lower incidence of wide subject distri-
bution and lower complexity in abstract readability
may improve recall scores.

5.3 Qualitative analysis

The highest qualitative performance, which was
ranked 5th out of 13 teams, was scored by sub-
ject librarians at the TIB Technical Library. Scores
are divided into two cases. In Case 1, a more ex-
pansive scoring criterion is used where both the
correct keyword and irrelevant, but technically cor-
rect, subjects are considered correct. In Case 2,
only correct subjects with no irrelevant subjects are
scored as correct. The average of the qualitative
recall scores in Case 1 (0.5263) was higher than
the average score on the quantitative “All Subjects”
leaderboard, which was 0.4686. However, in Case
2 (0.4258), the system did not surpass the average
recall score of the quantitative leaderboard.

By design and by name, BERT is bidirectional,
meaning that words are learned in context by look-
ing both left and right. The recall performance in
the results might be attributed to this bidirectional
view of the training data, where the contextual no-
tions of words are learned as part of the classifi-
cation task. This idea also has theoretical ground-
ing in the work of philosophers of language, such
as Wittgenstein. In Philosophical Investigations,
Wittgenstein theorized that context holds special
importance to the meaning of words, specifically
that the meanings of words are derived by their
context (Wittgenstein and Anscombe, 2000). The
notion of contextual relevance is particularly ap-
propriate to consider in light of librarian scoring.
Librarian expertise provides a valuable and neces-
sary validation of the quantitative results of recall
measures.

6 Conclusion

The system showed good performance in recall for
English language articles. Evidence as to why these
records are amenable to subject classification were
considered. Specifically, an analysis of the subject
distributions by record type and the readability or
reading complexity of the record metadata was con-
ducted. The system is completely portable from the
Hugging Face platform. The ensemble models are
all easily extensible into library systems, allowing
experimentation to be taken into production with-
out requiring extensive coding for adapting to local
environments.
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