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Abstract
The increasing scale of modern models and datasets and the continuous evolution of real-world data distributions
make traditional fine-tuning approaches computationally expensive and difficult to maintain. OPELIS project
introduces a Named Entity Recognition and Classification (NERC) framework combining Active Learning (AL),
selecting informative samples to reduce annotation cost, and Online Learning (OL), enabling incremental updates
without full retraining and mitigating catastrophic forgetting. The framework includes AL strategies such
as random sampling, n-gram selection, and embedding-based methods based on uncertainty, distance, and
clustering, and OL approaches including regularization methods, LoRA, Elastic Weight Consolidation (EWC), and
replay mechanisms. It is evaluated on Spanish and English NERC datasets including eHealth-KD, LivingNER,
MedProcNER, and Legal-NER. Results show AL works best in lower-complexity datasets, while OL shows a
stability–plasticity trade-off depending on update size. Overall, OPELIS is an extensible framework for efficient
training and continuous adaptation in text anonymization with scarce evolving data.
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1. Introduction

The rapid growth of modern language models, combined with the massive datasets used in many
real-world applications, has made efficiency a critical concern in machine learning. Training and
maintaining these systems often require extensive computational resources, long processing times,
and high energy consumption. This underscores the need for algorithms and learning approaches
that reduce these costs without compromising—and potentially even improving—model performance.
Key research directions include minimizing the data needed for effective learning, optimizing data
utilization, and efficiently updating models with new incoming information.

In recent years, the goal of reducing the data required for effective learning has been addressed
under the Active Learning (AL) paradigm [1]. In AL, a model selectively identifies the most informative
data points to learn from, rather than passively processing entire datasets. By focusing on high-value
examples, this approach not only reduces computational costs but can also maintain or even improve
predictive performance. Importantly, AL can work in both supervised and unsupervised settings: it
can leverage existing labeled data while guiding the selection of additional examples to label, reducing
annotation effort. This makes it particularly valuable in scenarios where labeled data is scarce or
expensive, as it prioritizes learning from the most informative examples.

Complementing AL, Online Learning (OL) offers another strategy to improve efficiency by updating
models incrementally as new data arrives, rather than retraining from scratch [2]. OL is especially
well-suited for dynamic environments where data streams continuously, allowing models to adapt
and counteract data drift, the gradual or sudden changes in the underlying data distribution. By
continuously integrating new information while retaining previous knowledge, OL can also mitigate
catastrophic forgetting, helping the model preserve important learned patterns even as it evolves.
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Together, active and online learning paradigms provide a framework for building models that are not
only computationally efficient but also resilient and responsive to evolving data distributions.

Despite their potential, integrating active and online learning in transformer models remains largely
unexplored. To address this gap, we introduce OPELIS, a system that covers both paradigms to optimize
resource utilization while preserving predictive accuracy. We apply OPELIS to Named Entity Recogni-
tion and Classification (NERC) for text anonymization, enabling efficient fine-tuning and continuous
adaptation in scenarios where annotated data is scarce and data distributions evolve over time.

The paper is organized as follows: Section 2 establishes the scientific context of the study, while
Section 3 introduces the project and its participants. Section 4 outlines the primary objectives. Sub-
sequently, Sections 5 and 6 describe the methodology and findings, respectively. Finally, Section 7
presents the concluding remarks.

2. Related Work

Modern approaches to natural language processing have been largely driven by transformer-based
architectures, which provide strong contextual representations and have achieved state-of-the-art
performance across a wide range of benchmarks [3]. In particular, Named Entity Recognition and
Classification (NERC) is a core structured prediction task in NLP that identifies and assigns semantic
labels to spans of text, and has become a central component in applications such as information
extraction and anonymization. However, despite their success, transformer-based models are typically
trained in static, offline settings, which contrasts with real-world scenarios where data is continuously
evolving and labeled data is often limited or expensive to obtain. This mismatch motivates the need for
more efficient learning paradigms, as highlighted in the introduction, where both data efficiency and
adaptability are key requirements.

2.1. Active Learning for Efficient Data Selection

AL aims to reduce annotation costs by selecting the most informative samples for labeling. Early ap-
proaches such as uncertainty sampling [4] and query-by-committee [5] relied on feature representations
to estimate informativeness. These methods were widely applied in settings with limited labeled data,
including NLP tasks [6], but the rise of deep learning and transformer-based models [7] has made
uncertainty estimation more challenging due to learned, high-dimensional representations [8].

AL strategies are commonly grouped into uncertainty-based, representative-based, influence-based,
Bayesian-based, and hybrid methods [9]. Uncertainty-based methods select ambiguous samples using
measures such as predictive entropy [10] or least confidence [11]. Representative-based methods aim
to improve coverage through diversity or density criteria [12, 13], while influence-based approaches
estimate the expected impact of samples on model performance [14, 15]. Bayesian and hybrid methods
further refine uncertainty estimation or combine multiple criteria for improved robustness [16, 17].

In NERC, AL is typically applied at sentence level by aggregating token scores [18, 19], though more
recent work explores finer-grained selection such as subsequences [20] or weak supervision strategies
[21]. However, recent findings show that AL methods are often unstable and may not consistently
outperform random sampling across datasets and models [22], highlighting important limitations in
practice.

2.2. Online Learning and Continual Adaptation

While AL focuses on reducing labeling effort, OL addresses a complementary challenge: adapting
models to continuously arriving data streams. In real-world environments, data distributions evolve
over time due to domain shifts, emerging entities, or changing contexts. This phenomenon leads to
catastrophic forgetting, where updating a model on new data degrades its performance on previously
learned knowledge [23]. OL aims to mitigate this issue by enabling incremental updates while preserving
past knowledge [24].



A common strategy in OL is replay-based learning, where a subset of past data is stored and revisited
during training [25, 26]. Reservoir sampling is often used to maintain a representative memory, and
replay is frequently combined with distillation techniques to stabilize performance [27]. However, these
approaches introduce additional memory and storage costs.

Regularization-based methods instead constrain parameter updates to preserve knowledge. For
instance, Elastic Weight Consolidation (EWC) penalizes changes to important parameters using Fisher
information estimates [28, 29]. Distillation-based approaches enforce consistency between the updated
model and previous versions without requiring direct access to past data [30]. These methods are
memory-efficient but may struggle under significant distribution shifts.

Architecture-based approaches modify the model structure to support continual adaptation. Pro-
gressive networks incrementally expand model capacity over time, though at the cost of increasing
complexity [2]. More recently, parameter-efficient methods such as Low-Rank Adaptation (LoRA) [31]
have been used to enable lightweight updates by introducing small trainable modules while keeping
the base model frozen.

Despite these advances, most OL methods have been evaluated primarily on classification tasks,
with limited exploration in structured prediction problems such as NERC. Furthermore, transformer-
based OL remains relatively underexplored, with only a few works combining replay or architectural
modifications for incremental learning [32, 33].

2.3. Summary and Research Gap

Overall, AL and OL address complementary limitations in modern machine learning systems. AL
focuses on reducing the amount of data required for training by selecting the most informative samples
for annotation, while OL enables models to adapt to continuously evolving data distributions.

Despite their potential, these paradigms have been scarcely explored in the context of transformer-
based NERC systems, which would greatly benefit from them. Transformer-based NERC models are
typically trained under static assumptions, making them vulnerable to concept drift as data distributions
evolve over time. While periodic retraining can partially mitigate this issue, it is often computationally
expensive, and fine-tuning only on newly arriving data may lead to catastrophic forgetting of previously
learned entities and contexts.

This setting naturally encourages the use of AL to minimize the amount of data needed and thus
reduce computational cost during model updates, while using OL to support continuous adaptation to
new incoming data without sacrificing performance on previously seen distributions.

This gap highlights the need to study AL and OL within transformer-based NERC frameworks in
order to better understand their practical applicability, limitations, and benefits in dynamic, real-world
NLP environments.

3. Participants and project funding

This project is a collaborative effort between Serikat and Vicomtech, combining expertise in machine
learning, software development, and large-scale data processing. The partnership brings together
complementary capabilities to address both the research and practical implementation challenges of
the proposed approach.

4. Goals

The volume of data handled by Serikat makes fine-tuning NERC models for anonymization both
computationally demanding and inefficient. This challenge is further amplified by the continuous
arrival of new data, which introduces data drift and increases the need for frequent model updates.

The primary goal of this project is to improve the computational efficiency of training and maintaining
anonymization systems without requiring full retraining from scratch. To achieve this, we propose the



Figure 1: Inferencer GUI screenshot

development of two complementary tools supporting AL and OL techniques for transformer-based
NERC models. These tools are designed to enable more efficient model training and fine-tuning, facilitate
incremental model updates, reduce redundant computation, and minimize operational costs, while
preserving model performance under evolving data distributions.

By adopting this approach, Serikat will be able to maintain and evolve its models more efficiently in
production environments, while better handling data drift and reducing the need for manual intervention.
The system exposes two CLI-based APIs for configuring AL or OL workflows, evaluating models,
managing datasets, and deploying an HTTP inference service. In addition, a graphical user interface
(GUI) has been implemented to support inference operations and facilitate data selection for AL through
either the inference HTTP APIs or the dedicated AL HTTP API (Figure 1). Overall, this solution
streamlines deployment, improves scalability, and ensures long-term cost efficiency in continuously
evolving data environments.

5. Methodology

This methodology aims to enable flexible training workflows, efficient data utilization, and continuous
model adaptation. To achieve this, we design modular and extensible architectures that support the
integration, evaluation, and deployment of various AL and OL strategies in real-world scenarios.

Due to the sensitive nature of Serikat’s data, which cannot be shared for experimentation, we rely on
publicly available NERC datasets to test the deployed algorithms. Specifically, we use several Spanish-
language medical datasets from shared tasks, including eHealth-KD, LivingNER, and MedProcNER
[34, 35, 36], as well as the English Legal-NER dataset [37], and the multilingual dataset MultiCoNER [38].
These datasets vary significantly in size and entity types, providing a diverse benchmark for evaluating
our approach.

The following subsections describe the AL and OL frameworks.

5.1. Active Learning Framework

Six AL algorithms were developed as part of this project. The approaches include a simple random
sampling baseline, a method that prioritizes samples based on the occurrence of rare n-grams, and
several embedding-based strategies operating in a semantic representation space. These embedding-
based methods leverage sentence representations obtained from sentence-transformers and include (i)
distance-based selection, which favors samples far from already selected data in embedding space, (ii)
clustering-based sampling, which enforces coverage across latent clusters, and (iii) uncertainty-based
selection, which prioritizes examples where the current model exhibits low confidence in its predictions.



By combining lexical, geometric, and model-driven criteria, the implemented methods cover a broad
spectrum of active learning paradigms. An overview of the implemented functionalities is presented in
Figure 2.
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Figure 2: Architectures of the AL and OL toolkits.

To evaluate these algorithms, each method progressively selects one-seventh portions of the dataset.
After each selection, the corresponding subset is used to fine-tune and evaluate a model, allowing
performance to be assessed as more data becomes available. This iterative procedure enables a direct
comparison across selection strategies, highlighting their relative effectiveness in low-data regimes and
their convergence behavior as the amount of labeled data increases.

5.2. Online Learning Framework

The OL system follows a functionality diagram similar to that described in the previous section, as shown
in Figure 2. It supports three OL algorithms—regularization-based methods, Low-Rank Adaptation
(LoRA) [31], and Elastic Weight Consolidation (EWC) [28]—along with configurable replay strategies.
Additionally, it includes a dedicated procedure for computing the Fisher information matrix required by
EWC.

To evaluate performance, each dataset is split into four parts: Train𝑏𝑎𝑠𝑒 (50%) for initial fine-tuning of
the base model, TrainOL (30%) for incremental updates, and dev and test sets (10% each). The selected
pre-trained model is first trained on Train𝑏𝑎𝑠𝑒, then iteratively updated with subsets of TrainOL of sizes
1, 5, and 50. After each update, forgetting is measured (in terms of F1 score) on Train𝑏𝑎𝑠𝑒, the test set,
and previously seen TrainOL samples, while update effectiveness is assessed by the proportion of subsets
that show an improvement in F1 score. To measure the real impact of each OL method, we compared
its performance against a baseline method, updating the model with the same training configuration as
the initial fine-tuning setup.

6. Results

Although the experiments were conducted using public data rather than Serikat’s real-world datasets,
the results provide valuable insights that can be extrapolated to the actual use case.

6.1. Active Learning results

The experimental results show that the effectiveness of AL strategies is highly dependent on the
characteristics of the dataset. In simpler scenarios—where data exhibits lower uncertainty and com-
plexity—most strategies provide clear benefits during the early stages of training, enabling models to
learn more efficiently than with random selection. In contrast, for more complex datasets with higher
uncertainty and variability, AL methods struggle to consistently outperform random sampling, indicat-
ing limitations in their ability to identify truly informative examples under challenging conditions. As
expected, as more data is incorporated, the performance of all algorithms gradually converges across
experiments and datasets.



Another key finding is that the performance of AL strategies varies with algorithms, model configu-
rations, and dataset characteristics. No single method consistently outperforms others; instead, each
shows strengths in certain scenarios and more moderate results in others, reflecting context-dependent
behavior rather than fundamental failure. Overall, the results suggest that current AL methods can
benefit from further refinement to become more adaptable and reliable across diverse data conditions,
while still providing valuable improvements over the baseline in many scenarios.

6.2. Online Learning results

The results consistently show that update size is the key factor governing the trade-off between learning
new information and preserving prior knowledge. When updates are performed with very small amounts
of data, models struggle to learn effectively due to unstable and noisy gradient signals, resulting in
limited improvements. As the update size increases, learning becomes more reliable and effectiveness
improves substantially across all methods. However, this gain comes at a clear cost: larger updates
push the model further away from previously learned representations, leading to stronger catastrophic
forgetting. This confirms a fundamental stability–plasticity trade-off, where improving adaptation
inevitably risks degrading past knowledge.

Across methods, EWC remains the most balanced approach overall, particularly in scenarios with
small to moderate updates, as it effectively preserves prior knowledge while supporting steady adapta-
tion. Regularization-based approaches also provide a reasonable compromise, especially when paired
with replay, though their ability to maintain past knowledge gradually diminishes as update sizes
increase. LoRA performs particularly well in highly incremental settings with very small updates;
with larger updates, it continues to adapt efficiently to new data, but shows a moderate increase in
forgetting compared to other methods. Replay mechanisms help reduce forgetting across approaches,
though excessive replay can somewhat constrain adaptation, highlighting the need for careful tuning.
In practice, the optimal method depends on the specific balance desired between stability (knowledge
retention) and plasticity (adaptation speed), rather than any single approach being clearly superior.

7. Conclusions

OPELIS provides a modular framework that improves the efficiency and adaptability of transformer-
based NERC systems by integrating AL and OL. Experiments confirm that AL can reduce data re-
quirements and accelerate learning in simple scenarios, though its performance is sensitive to dataset
complexity. OL methods enable continuous adaptation, revealing a stability–plasticity trade-off where
update size critically influences knowledge retention and adaptation.

These findings highlight the importance of context-aware, flexible learning pipelines for real-world
applications such as text anonymization. By providing deployable tools and APIs for incremental
updates and active sampling, OPELIS enables practitioners to efficiently integrate these strategies into
operational workflows. Future work will focus on developing more robust AL methods, hybrid OL
strategies that adjust dynamically to data characteristics, and validation on proprietary datasets in
production environments.
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