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Abstract

NER requires token-level classification us-
ing both left and right context, which makes
encoder-only models like BERT naturally well-
suited for the task. Decoder-only LLMs, by
contrast, use causal masking during training,
so their token representations lack right-side
context, limiting their effectiveness on struc-
tured prediction tasks like NER despite their
strong general capabilities. To address this,
the authors propose fine-tuning decoder-only
LLMs with causal attention replaced by full
attention, combined with label-supervised dis-
criminative training. While similar ideas ex-
ist in prior work, those studies were limited
in scope. This work evaluates seven LLMs
across four model families (Gemma, Qwen2.5,
Llama3.1, Llama3.2) and compares full fine-
tuning against LoRA. Results show that the
proposed approach with an appropriate LoRA
configuration outperforms encoder baselines
(BERT, RoBERTa, DeBERTa), and achieves
strong NER performance without auxiliary data
or architectural modifications, though it does
not reach SOTA on BC5CDR and CoNLL2003.

1 Introduction

Named Entity Recognition (NER) in the biomed-
ical domain is a foundational task for extracting
structured knowledge from clinical and scientific
text, enabling downstream applications such as
drug-disease relationship extraction, clinical trial
mining, and pharmacovigilance. Biomedical NER
is traditionally treated as a sequence-labeling task
using a tagging scheme such as BIO, enabling de-
tection and classification of entity spans — such
as diseases, chemicals, genes, and clinical proce-
dures — via token classification. It is therefore
crucial to correctly classify each token using the
context before and after it, a particular challenge in
biomedical text where entity boundaries are often
ambiguous, and terminology is highly specialized.

Encoder-only models such as BioBERT, Pub-
MedBERT, and DeBERTa are trained to predict the
masked token given the surrounding context, mak-
ing their learned token representations well-suited
to token classification tasks such as biomedical
NER. On the other hand, decoder-only LLMs are
trained to generate text in an autoregressive man-
ner using a causal mask. As a result, the learned
token representation contains no information about
the context to the right of each token, which is a
structural disadvantage for span-level extraction
tasks.

Nonetheless, decoder-only LLMs trained on
massive amounts of text — including biomedical
literature, clinical notes, and scientific corpora —
can solve various tasks using an instruction prompt,
with or without in-context examples, and demon-
strate strong capabilities across a wide range of
biomedical understanding tasks. However, this
generative solution method has not shown suffi-
cient strength for structure prediction tasks such as
NER in both general and biomedical domains. In
particular, in the biomedical domain, it requires pre-
cise extraction of entity spans — including nested
and discontinuous mentions extraction common in
clinical text — and accurate classification of fine-
grained biomedical entity types such as chemical
compounds, disease mentions, and genomic vari-
ants.

To address these issues, we propose a label-
supervised discriminative LLM fine-tuning method
that replaces causal attention with a full-attention
mask during both training and inference, adapt-
ing decoder-only LLMs for NER. Similar methods
have been proposed in previous work (Li et al.,
2023; Dukić and Šnajder, 2024); however, they
examined only a limited number of LLM model
families of a few different sizes. Our method also
partially overlaps with LLM2Vec (BehnamGhader
et al., 2024), where LLMs were effectively trans-
formed into encoders. Our NER method cannot
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handle nested and discontinuous entity mentions,
which are common in the biomedical domain and
require span-based approaches (Tan et al., 2020; Su
et al., 2022; Wang et al., 2022), which are beyond
the scope of this work.

In this work, we evaluated seven decoder LLMs
with varying sizes (from 0.5B to 8B) from four
model families — Gemma, Qwen2.5, Llama3.1,
and Llama3.2 — on general and biomedical NER
benchmarks. For the baseline encoders, we eval-
uated BERT, RoBERTa, and DeBERTa. We also
examined how two different training approaches,
full fine-tuning and LoRA, affect the performance
of the proposed method in both general and biomed-
ical settings, where labeled data are often scarce
and costly to annotate. Our results show that label-
supervised discriminative LLM fine-tuning with
full self-attention outperforms all baseline encoders
when fine-tuned with an appropriate LoRA con-
figuration. Although the results of our proposed
method did not reach state-of-the-art on two NER
benchmarks, BC5CDR and CoNLL2003, our mod-
els still demonstrate strong performance even when
fine-tuned solely on each benchmark’s training
set, without relying on auxiliary corpora, domain-
adaptive pretraining, or additional model architec-
ture modifications.

2 Related Work

2.1 Named Entity Recognition

NER is traditionally tackled as a sequence label-
ing task, and numerous methods have been pro-
posed (Lample et al., 2016; Ma and Hovy, 2016).
With the emergence of large-scale transformer-
based pretrained models, fine-tuning has become
the standard for achieving better performance (Pe-
ters et al., 2018; Devlin et al., 2019).

The major approaches using transformer-based
models can be categorized as follows: (1) su-
pervised fine-tuning using encoder-based models
such as BERT (Devlin et al., 2019) and its vari-
ants (Liu et al., 2019), (2) supervised fine-tuning
using encoder-decoder models such as T5 (Wang
et al., 2023; Paolini et al., 2021), (3) few-shots in-
context learning using LLMs (Ding et al., 2021;
Monajatipoor et al., 2024; Wang et al., 2025), and
(4) supervised fine-tuning using LLMs (Xu et al.,
2025; Dukić and Šnajder, 2024; Li et al., 2023).

Another line of effort focuses on the structure
prediction task for longer contexts, such as multi-
document relation extraction (Tan et al., 2022; Xue

et al., 2024; Chen et al., 2020; Amalvy et al., 2023).

2.2 Generative methods by LLMs

Even though decoder-only LLMs have achieved
SOTA performances on a variety of NLP tasks,
their performance on NER still falls short of the
supervised encoder baselines. This is because NER
is a sequence-labeling task, whereas decoder-only
LLMs are text-generation models.

Although several LLM-based NERs have been
proposed, they still perform subpar with supervised
encoder models. For example, GPT-NER (Wang
et al., 2025) claims to perform on par with the en-
coder model. However, their method has some limi-
tations, such as the ability to extract only one entity
type at a time and the need for many in-context
examples to match the performance of supervised
encoder models.

There are also issues with converting structured
information, such as NER, to a serialized form
generated by LLMs. Without guardrails, parsing
errors are a significant concern.

To overcome these issues, several approaches ex-
ist for generating structured output from LLMs, in-
cluding prompt engineering, constrained decoding,
grammar-based generation, and tool-augmented
generation. Even though structured output from
LLMs helps mitigate parsing errors, it significantly
impacts inference time.

2.3 Discriminative methods by LLMs

This paper is closely related to the work by Li
et al. (2023) and Dukić and Šnajder (2024), where
the causal attention of LLMs is replaced by full
attention to solve structure prediction tasks. Dukić
and Šnajder (2024) proposed selectively removing
a causal attention mask by identifying some of the
decoder layers, instead of all decoder layers, to
yield the best performance. However, this search
space is enormous if the number of decoder layers
n is large.

To reduce the search space to a manageable size,
Dukić and Šnajder (2024) proposed dividing the
entire set of decoder layers into four layer groups,
each with eight consecutive decoder layers, where
n is 32. This leaves them 24 = 16 possible search
patterns to evaluate.

However, it remains unclear whether this con-
secutive grouping of an equal number of decoder
layers is optimal for achieving the best NER per-
formance. Moreover, their ablation studies did
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Figure 1: Label supervised (LS) LLM fine-tuning for NER task. The upper right figure shows the default LS
fine-tuning with a causal attention mask. The lower-right figure shows the proposed LS fine-tuning, which replaces
causal attention with a full attention mask across all decoder blocks. We denote the LS fine-tuned models using
causal attention (CA) and full attention (FA) masks as LS-CA-LLM and LS-FA-LLM, respectively.

not identify consistent replacement patterns for de-
coder layers that yielded significantly better results
across different decoder models and NER tasks.
Hence, we replaced the causal attention mask with
a full attention mask across all decoder layers.

3 Token Classification by Decoder-only
LLM

We use LLMs not as generative models but as token
classifiers to solve NER tasks, similar to encoder
models, in which NER is performed by classifying
each token into predefined BIO tags.

Token classification LLM models are defined by
replacing the language modeling head with a token
classification head initialized with pretrained LLM
weights. The token classification head is initialized
to random values before fine-tuning.

During fine-tuning, token classification LLMs
are trained to classify each token using supervised
labels. Here, the self-attention of original LLMs
is defined using a causal attention mask, so the
learned token representation contains no informa-
tion about the context to the right of each token.
This is a disadvantage, as both past and future to-
ken information is essential for classifying each
token’s label.

So our proposed method replaces the causal at-
tention (CA) mask with a full attention (FA) mask
across all decoder transformer blocks, ensuring
that learned token representations capture context
not only from past but also from future tokens, as
shown in Fig. 1. We define label supervised (LS)
fine-tuning of LLMs using CA and FA mask by LS-
CA-LLM and LS-FA-LLM, respectively, and, for
a specific LLM, we append LS-CA- and LS-FA-
as prefixes to the name of LLMs in the following
discussion to differentiate them.

Implementation of LS-FA-LLMs

We use HuggingFace Transformers to implement
the proposed NER models. For a particular LLM
model family, the corresponding token classifica-
tion model is defined separately in the library. For
instance, for Llama, the corresponding token clas-
sification model is defined as LlamaForTokenClas-
sification in the library.

To replace the causal attention of LLMs, origi-
nally implemented for their corresponding token
classifier models, such as LlamaForTokenClassi-
fication, with a full attention mask, we manually
modified the source code. Currently, the source
modification is ad hoc, meaning we need to manu-
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ally change the source code. We leave, making the
change systematic for future work.

4 Experimental Setup

4.1 NER datasets

We used two NER datasets for our experiments.
One is BC5CDR (Wei et al., 2016) and the other
is CoNLL2003 (Tjong Kim Sang and De Meulder,
2003). BC5CDR defines two entity types, chemical
and disease, and CoNLL2003 defines four entity
types, person, organization, location, and miscel-
laneous. Details of each dataset are provided in
Table 1.

We also constrained our experimental conditions
to avoid using any auxiliary datasets that would
boost LLM performance. Hence, we train each
model using only the corresponding training and
validation datasets and evaluate its performance on
the corresponding testing dataset.

4.2 Examined baseline encoders and
decoder-only LLMs

For the baselines, we used the following encoder
models in our experiments: BERT (bert-base-
cased) (Devlin et al., 2019), RoBERTa (roberta-
base) (Liu et al., 2019), and DeBERTa (deberta-v3-
large) (He et al., 2021).

For the decoder models, we selected four LLM
model families: Gemma, Qwen2.5, Llama3.2, and
Llama3.1. For each model family, we selected one
or two models with different model sizes.

Specifically, we evaluated seven LLMs across
various model sizes. Gemma-2B and Gemma-
7B (Team et al., 2024), Qwen2.5-0.5B and
Qwen2.5-7B, Llama3.2-1B and Llama3.2-3B and
Llama3.1-8B (Grattafiori et al., 2024).

State-of-the-art models

For BC5CDR, we evaluated BioBERT_v1.1 (Lee
et al., 2019), which is specifically fine-tuned for
the biomedical domain, on the same experimental
setting as other models. In addition, we compare
OpenMED’s SOTA results (Panahi, 2025) for ref-
erence.

For CoNLL2003, we compare the SOTA results
of ACE (Automated Concatenation of Embeddings,
proposed by Wang et al. (Wang et al., 2021), fine-
tuned on CoNLL2003, for reference.

4.3 Training of label-supervised sequence
labeling

LS-FA-LLMs, LS-CA-LLMs, and the baseline en-
coder models were trained for sequence labeling by
adding a token classification head on top of the last
hidden layer. The token classification head, initial-
ized to random values, was trained alongside the
underlying model parameters during fine-tuning.

In our experiments, all models are trained with-
out parameter-efficient fine-tuning (PEFT) tech-
nique and with LoRA (Hu et al., 2021). By these
experiments, we can analyze the results in four
ways: either CA or FA attention mask with either
full or LoRA training.

By using LoRA, we can reduce the trainable
parameters of LS-CA-LLMs and LS-FA-LLMs to
a much smaller size, even compared with the full
parameter sizes of encoder models, as shown in
Table 4.

Moreover, using LoRA, we were able to fit
all LS-CA-LLMs and LS-FA-LLMs during fine-
tuning with a consistent device batch size of 8 on
a single H200 GPU with 141 GB of memory. To
fully train LS-CA-LLMs and LS-FA-LLMs over
7B, we use multiple H200 GPUs to avoid out-of-
memory errors. The details of training parameters
and LoRA configuration are in Appendix A.

We used the same default LoRA configuration
for all training. In the later result section (5.2),
we investigate how different LoRA configurations
affect the results. We conducted additional experi-
ments with different LoRA configurations for LS-
FA-Llama3.2-3B and LS-FA-Llama3.1-8B, which
performed better among other models.

4.4 Comparison with generative NER by
instruction fine-tuned LLMs

To verify the effectiveness of our proposed method,
we also evaluate NER performance using the same
LLMs with instruction-fine-tuning (IFT) to solve
the same NER tasks in a generative manner.

To fine-tune IFT LLMs, we used the same LoRA
configuration and hyperparameters as those used to
train LS-FA-LLMs. However, to prevent overfitting
to the training dataset, we use early_stopping and
stop training when the last 10 consecutive updates
do not improve the evaluation loss.

For NER instruction, we adopt a format similar
to Alpaca (Taori et al., 2023). The detailed instruc-
tion samples are provided in Appendix B. We use
IFT- as the prefix to denote instruction-fine-tuned
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Dataset Train Validation Test Entity Types

BC5CDR 5,228 5,330 5,865 Chemical, Disease
CoNLL2003 14,041 3,250 3,453 PER,ORG,LOC,MISC

Table 1: The statistics for the number of samples for BC5CDR (Wei et al., 2016) and CoNLL2003 (Tjong Kim Sang
and De Meulder, 2003). PER, ORG, LOC, MISC specify person, organization, location, and miscellaneous,
respectively.

LLMs such as IFT-Gemma-2B in the results.

5 Results

We first present the NER results by comparing
baseline encoders with LS-CA-LLMs and LS-FA-
LLMs, all of which are trained with full or default
LoRA settings. Then we show performance vari-
ability across different LoRA configurations.

In the last section, we show comparative results
between generative methods by IFT-LLMs and LS-
FA-LLMS with baselines.

5.1 Comparison of baseline encoders and
LS-CA-LLMs and LS-FA-LLMs

Table 2 shows precision, recall, and test micro F1
scores of BC5CDR by baseline encoders, LS-CA-
LLMs, and LS-FA-LLMs. At the top, we show the
SOTA results from OpenMed for reference, along
with the results of domain-adapted BioBERT_v1.1.
To evaluate sequence labeling results, we used se-
qeval. The first three columns are results of full
training, and the last three columns are results of
LoRA training. For each column, the best score is
indicated in bold font. The scores with a yellow
background specify the best score across full and
LoRA training. In both full and LoRA training,
LS-FA-LLM models significantly outperform the
corresponding LS-CA-LLM models by 5-15 points,
indicating that the causal attention mask is the main
cause of low performance on NER tasks.

When trained with LoRA, LS-CA-LLMs and
LS-FA-LLMs consistently outperform fully trained
models, indicating that LoRA training is highly
effective for fine-tuning LLMs with relatively small
training datasets such as BC5CDR.

On the other hand, we cannot confirm a simi-
lar performance gain of LoRA over full training
for baseline encoders, especially for BERT and
RoBERTa. We hypothesize that LoRA training is
effective only when the training dataset is not large
enough relative to the model’s capacity, in which
case full training may lead to overfitting.

We confirm that the results of LS-FA-Llama3.2-
3B and LS-FA-Llama3.1-8B, trained with LoRA,
outperform all baseline encoders and the domain-
adapted BioBERT_v1.1, excluding SOTA f1 results
by OpenMed (Panahi, 2025).

Similarly, Table 3 shows precision, recall, and
test micro F1 scores of CoNLL2003 by baseline
encoders, LS-CA-LLMs, and LS-FA-LLMs. At the
top, we present the SOTA f1 result by ACE+Fine-
tune (Wang et al., 2021) for reference.

We see similar trends to those seen in the previ-
ous BC5CDR results in Table 2. Excluding SOTA
f1 by ACE+Fine-tune, LS-FA-Llama3.2-3B and
LS-FA-Llama3.1-8B, trained with LoRA, outper-
form all the baseline encoders in all metrics.

5.2 Variability of performance on different
LoRA configurations

We evaluate how different LoRA configurations
affect performance. We used LS-FA-Llama3.2-3B
and LS-FA-Llama3.1-8B, which outperformed the
baselines and other LS-FA-LLM results. Table 4
shows the results of five different LoRA configura-
tions for these two models. The row in lightgrey is
the result of LoRA configuration used in Tables 2
and 3.

In the table, the columns of “r”, “alpha”,
“dropout”, and “modules” specify the LoRA config-
uration items: attention dimension (rank), LoRA
scaling, dropout probability, and target modules, re-
spectively. Column “#trainable params” specified
the number of trainable params, and its percent-
age of the model size. By adopting LoRA, the
number of trainable parameters in LS-FA-LLMs is
much lower than in encoder models trained without
LoRA.

The results of these two LS-FA-LLMs vary
across different LoRA configurations. However,
we confirm that LoRA configurations with rela-
tively large rank ≥ 32 and alpha = 2 × rank
targeted for all linear modules achieve higher per-
formance.
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Training Full LoRA

BC5CDR Precision Recall F1 Precision Recall F1
SOTA

OpenMed (Panahi, 2025) F1 = 0.961 (Chemical), F1 = 0.912 (Disease)
BioBERT_v1.1 (Lee et al., 2019) 0.874 0.918 0.895 0.860 0.908 0.884

Baseline Encoders
BERT 0.845 0.872 0.858 0.828 0.875 0.851
RoBERTa 0.871 0.890 0.880 0.842 0.889 0.865
DeBERTa 0.876 0.889 0.882 0.877 0.909 0.893

LS-CA-LLM
LS-CA-Gemma-2B 0.716 0.701 0.708 0.747 0.776 0.761
LS-CA-Gemma-7B 0.622 0.628 0.625 0.768 0.801 0.784
LS-CA-Qwen2.5-0.5B 0.628 0.612 0.620 0.666 0.681 0.674
LS-CA-Qwen2.5-7B 0.669 0.696 0.682 0.710 0.730 0.720
LS-CA-Llama3.2-1B 0.630 0.602 0.616 0.692 0.704 0.698
LS-CA-Llama3.2-3B 0.634 0.621 0.627 0.710 0.732 0.721
LS-CA-Llama3.1-8B 0.660 0.655 0.657 0.719 0.739 0.729

LS-FA-LLM
LS-FA-Gemma-2B 0.848 0.853 0.851 0.873 0.899 0.886
LS-FA-Gemma-7B 0.737 0.730 0.734 0.876 0.904 0.890
LS-FA-Qwen2.5-0.5B 0.849 0.825 0.837 0.858 0.868 0.863
LS-FA-Qwen2.5-7B 0.765 0.735 0.750 0.875 0.902 0.888
LS-FA-Llama3.2-1B 0.799 0.799 0.799 0.876 0.901 0.889
LS-FA-Llama3.2-3B 0.843 0.839 0.841 0.892 0.906 0.899
LS-FA-Llama3.1-8B 0.810 0.798 0.804 0.887 0.920 0.904

Table 2: BC5CDR: Precision, recall and micro F1 scores for the baseline encoders, LS-CA-LLMs and LS-FA-LLMs.
At the top, we include SOTA results by OpenMed (Panahi, 2025) for reference and BioBERT_v1.1 (Lee et al.,
2019). The first three columns are results of full training, and the last three columns are results of LoRA training.
For each column, the best score is indicated in bold font. The scores with a yellow background specify the best
score across full and LoRA training.

5.3 Comparison with instruction fine-tuned
LLMs approach

Table 5 shows the comparison with instruction fine-
tuned (IFT) counterparts with label-supervised full-
attention LLMs and baseline encoders. We also add
zero-shot results by OpenAI GPT-4.1 as a baseline
(see in Appendix C for details). The best scores are
indicated in bold font.

To train LLMs using IFT, we adopt an Alpaca-
based instruction format (Taori et al., 2023) for
fine-tuning, as described in the Appendix B. Since
the named entities are extracted from the output
text, the performance of IFT is evaluated using
set-based precision, recall, and F1 scores between
the estimated and true sets of entities, ignoring the
spans of the extracted entities. We use the exact
match when comparing estimated and true results.

To compare with span-based results by label-
supervised LLMs and encoders, we convert them to
set-based metrics by aggregating extracted entities.

To train IFT models, we used the same LoRA
configuration as the label-supervised full-attention
counterparts.

First, IFT-LLM results outperformed GPT-4.1
in zero-shot settings, indicating that correctly

extracting entities remains challenging for high-
performance closed-weight LLMs. Larger IFT-
LLM results on BC5CDR show competitive perfor-
mance relative to baseline encoders; however, they
fall short of the baseline encoders on CoNLL2003.

Results on LS-FA-LLMs show superior perfor-
mance on both BC5CDR and CoNLL2003, out-
performing both IFT counterparts and baseline en-
coders. These results, combined with the results on
Tables 2 and 3, underscore the superiority of the
proposed LS-FA-LLMs.

6 Analysis

6.1 Training and Inferencing time

Table 6 shows a comparison of training time among
all models for one epoch using a single H200 GPU.
The column ‘rel’ indicates the relative time based
on BERT’s time. In these experiments, baseline
encoder models are trained without LoRA, and
LS-FA-LLMs are trained with LoRA. We confirm
that, even with LoRA, much longer training times
are required for LS-FA-LLMs. The training time
proportionally increases with the size of the origi-
nal LLMs. When fine-tuning on 7B LS-FA-LLMs,
about 16−18× and 15−16× training times are re-
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Training Full LoRA

CoNLL2003 Precision Recall F1 Precision Recall F1
SOTA

ACE+Fine-tune (Wang et al., 2021) F1 = 0.946
Baseline Encoders

BERT 0.901 0.915 0.908 0.903 0.918 0.910
RoBERTa 0.908 0.924 0.915 0.912 0.928 0.920
DeBERTa 0.904 0.917 0.911 0.903 0.918 0.910

LS-CA-LLM
LS-CA-Gemma-2B 0.729 0.780 0.754 0.762 0.814 0.787
LS-CA-Gemma-7B 0.680 0.739 0.708 0.766 0.815 0.790
LS-CA-Qwen2.5-0.5B 0.609 0.667 0.636 0.656 0.714 0.684
LS-CA-Qwen2.5-7B 0.656 0.714 0.684 0.696 0.751 0.722
LS-CA-Llama3.2-1B 0.626 0.678 0.651 0.684 0.740 0.711
LS-CA-Llama3.2-3B 0.618 0.675 0.645 0.700 0.757 0.727
LS-CA-Llama3.1-8B 0.643 0.700 0.671 0.699 0.754 0.725

LS-FA-LLM
LS-FA-Gemma-2B 0.873 0.883 0.878 0.914 0.929 0.922
LS-FA-Gemma-7B 0.778 0.817 0.797 0.922 0.932 0.927
LS-FA-Qwen2.5-0.5B 0.806 0.818 0.812 0.887 0.894 0.891
LS-FA-Qwen2.5-7B 0.851 0.861 0.856 0.910 0.929 0.920
LS-FA-Llama3.2-1B 0.851 0.871 0.861 0.915 0.927 0.920
LS-FA-Llama3.2-3B 0.845 0.859 0.852 0.930 0.941 0.935
LS-FA-Llama3.1-8B 0.773 0.795 0.784 0.922 0.936 0.929

Table 3: CoNLL2003: Precision, recall and micro F1 scores for the baseline encoders, LS-CA-LLMs and LS-FA-
LLMs. At the top, we include SOTA results by ACE+Fine-tune (Wang et al., 2021) for reference. The first three
columns are results of full training, and the last three columns are results of LoRA training. For each column, the
best score is indicated in bold font. The scores with a yellow background specify the best score across full and
LoRA training.

quired for BC5CDR and CoNLL2003, respectively,
compared with BERT.

These results show a negative effect of using
larger LLMs for NER, despite achieving higher
performance.

However, if multiple GPUs are available, the
training time of LS-FA-LLMs can be further re-
duced using a distributed parallel training method

Table 7 shows the mean and the standard de-
viation of inference time in milliseconds to pro-
cess one sample among 10 randomly selected test
samples contained in BC5CDR and CoNLL2003
using a single H200 GPU. Larger LS-FA-LLMs
such as LS-FA-Gemma-7B and LS-FA-Llama3.1-
8B take ∼ 10× inference time compared with
BERT, and smaller LS-FA-LLMs proportionally
take less inference time as their parameter size gets
smaller. LS-FA-Qwen2.5-0.5B shows exception-
ally longer inference time compared with models
with similar sizes, such as LS-FA-Gemma-2B and
LS-FA-Llama3.2-1B. We have yet to analyze this
phenomenon and leave it for future work.

We note again that if multiple GPUs are avail-
able, the inference time of LS-FA-LLMs can be
further reduced using a distributed parallel decod-
ing method.

6.2 Error Analysis

Tables 11 and 12 show the error analysis of
DeBERTa, LS-FA-Llama3.1-8B, and LS-CA-
Llama3.1-8B for BC5CDR and CoNLL2003, re-
spectively. NER error was classified into three
classes: SPAN, TYPE, and DETECTION errors,
and each error class was further classified into more
detailed error types.

In both analyses, we confirmed that the counts
of errors for each error type were lower in LS-FA-
Llama3.1-8B than in DeBERTa. This indicates
that LS-FA-Llama3.1-8B has acquired more ro-
bust named-entity recognition knowledge than De-
BERTa. LS-CA-Llama3.1-8B shows poor perfor-
mance in both analyses, confirming that the causal
attention mechanism is the bottleneck for NER.

In the analysis of LS-FA-Llama3.1-8B and De-
BERTa, TYPE error counts are much lower in
BC5CDR than in CoNLL2003, indicating greater
ambiguity among entity types in CoNLL2003.

The above results and analysis confirm that the
decoder LLMs’ weakness in structured precision
tasks, such as NER, can be mitigated by our pro-
posed method.
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Model BC5CDR
F1

CoNLL2003
F1 r alpha dropout

% modules #trainable params

LS-FA-Llama3.2-3B 0.883 0.914 8 16 0.05 q,k,v,o 4.60M (0.143%)
0.889 0.918 16 32 0.05 q,k,v,o 9.19M (0.285%)
0.899 0.935 32 64 0.05 all linear 48.60M (1.490%)
0.898 0.928 64 128 0.05 all linear 97.30M (2.940%)
0.900 0.927 128 256 0 all linear 195.00M (5.710%)

LS-FA-Llama3.1-8B 0.888 0.919 8 16 0.05 q,k,v,o 6.84M (0.091%)
0.893 0.922 16 32 0.05 q,k,v,o 13.70M (0.182%)
0.904 0.929 32 64 0.05 all linear 83.90M (1.110%)
0.904 0.929 64 128 0.05 all linear 168.00M (2.190%)
0.900 0.932 128 256 0 all linear 336.00M (4.280%)

Table 4: Test micro F1 scores for LS-FA-Llama3.2-3B and LS-FA-Llama3.1-8B with five different LoRA configura-
tions, including the one used for previous experiments shown in light gray background. Columns “r” and “alpha”
specify rank and alpha values of LoRA parameters. The “modules” specifies the targeted modules and “all linear”
specifies all linear modules: q_proj,k_proj,v_proj,o_proj,down_proj,gate_proj and up_proj.

7 Conclusion

We address weaknesses in decoder LLMs for struc-
ture prediction tasks such as NER by focusing on
the attention mechanism and adopting a discrimina-
tive approach with supervised labels. Specifically,
we demonstrate that this weakness can be mitigated
by replacing causal attention with a full-attention
mask during both training and inference.

However, our results show that this change to
the self-attention mechanism alone does not yield
superior NER performance compared with strong
baselines such as RoBERTa and DeBERTa. Specif-
ically, we verified that instead of full fine-tuning,
using LoRA with a suitable configuration is key to
boosting the performance. This is especially true
for large LLMs because full fine-tuning on a rela-
tively small training dataset, such as BC5CDR or
CoNLL2003, can easily lead to overfitting, hinder-
ing performance on the test set.

Our results also suggested that linguistic knowl-
edge acquired during pre-training of LLMs with
causal attention is transferable even after the atten-
tion mechanism is switched to full-attention dur-
ing fine-tuning. In our experiments, we used only
the training subsets of the NER benchmarks for
fine-tuning, so additional training with an auxiliary
dataset could increase the performance even more.

Although our proposed best model outper-
formed all baseline encoders on BC5CDR and
CoNLL2003, it requires much longer training and
inference times than the baselines. Nonetheless, we
verified that our proposed method is highly effec-
tive and can serve as an alternative encoder model
to BERT-like models in downstream applications.

Since the LoRA configuration significantly af-

fects the performance of the proposed methods,
future work should investigate automated methods
to obtain an optimal LoRA configuration.
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A Training parameters

Baseline encoders, label-supervised LLMs, and instruction fine-tuned LLMs are trained using the same
hyperparameters shown in Table 8. Tables 9 and 10 show default LoRA configurations used for our
experiments for LLMs and encoders.

Hyper-parameter Value

per_device_batch_size 8
gradient_accumulation_steps 1
num_train_epochs 10
learning_rate 5E-05
weight_decay 0.001
warmup_ratio 0
lr_scheduler_type cosine
gradient_checkpointing False
model_max_length 512
bf16 false

Table 8: Training parameters

LoRA configuration item Value

lora_r 32
lora_alpha 64
lora_dropout 0.05
lora_bias none

lora_taget_modules q_proj,k_proj,v_proj,o_proj
down_proj,gate_proj,up_proj

Table 9: LoRA configuration for LS-LLMs and IFT-LLMs

LoRA configuration item Value

lora_r 32
lora_alpha 64
lora_dropout 0.05
lora_bias none
lora_taget_modules query, key, value, dense

Table 10: LoRA configuration for encoders
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B Instruction format for fine-tuning decoder-only LLMs

Sample instruction for BC5CDR

### Instruction:
please extract named entities and their type from the input sentence, all entity types are in options.
### Options:
chemical,disease
### Sentence:
The hypotensive effect of 100 mg / kg alpha-methyldopa was also partially reversed by naloxone .
### Response:
alpha-methyldopa:chemical;naloxone:chemical;hypotensive:disease;

Sample instruction for CoNLL2003

### Instruction:
please extract named entities and their type from the input sentence, all entity types are in options.
### Options:
organization,miscellaneous,person,location
### Sentence:
The European Commission said on Thursday it disagreed with German advice to consumers to
shun British lamb until scientists determine whether mad cow disease can be transmitted to sheep .
### Response:
European Commission:organization;German:miscellaneous;British:miscellaneous;

C Zero-shot NER using GPT-4.1 by OpenAI

The following is a sample code snippet of zero-shot NER for BC5CDR and CoNLL2003 using OpenAI’s
structured output.

1 from openai import OpenAI
2 from pydantic import BaseModel
3 from typing import Literal
4

5 client = OpenAI ()
6

7 class Entity_BC5CDR(BaseModel):
8 disease: list[str]
9 chemical: list[str]

10

11 class Entity_CoNLL2003(BaseModel):
12 organization: list[str]
13 miscellaneous: list[str]
14 person: list[str]
15 location: list[str]
16

17 def extract_entity(content: str , task: Literal["BC5CDR","CoNLL2003"]):
18

19 response = client.responses.parse(
20 model="gpt -4.1",
21 input=[
22 {
23 "role": "system",
24 "content": "You␣are␣an␣excellent␣linguist.␣Extract␣all␣the␣

mentions␣that␣can␣be␣considered␣diseases␣or␣chemicals." if
task == 'BC5CDR ' else "You␣are␣an␣excellent␣linguist.␣
Extract␣all␣the␣mentions␣that␣can␣be␣considered␣
organizations ,␣people ,␣locations ,␣or␣miscellaneous.",

25 },
26 {
27 "role": "user",
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28 "content": f"{content}",
29 },
30 ],
31 text_format=Entity_BC5CDR if task == 'BC5CDR ' else Entity_CoNLL2003 ,
32 )
33 entities = response.output_parsed
34 return entities
35

36 if __name__ == "__main__":
37 entities = extract_entity(content , task_name)

D Error analysis

NER errors are classified into SPAN, TYPE, and DETECTION error categories, and each error category
is further classified into finer error types. Errors are computed by comparing gold and predicted labels,
each represented as a list of entity labels of the form (start, end, etype), where ‘start’ and ‘end’ are the
beginning and end of the entity span, and ‘etype’ is the entity type.

In SPAN errors, if either ‘start’ or ‘end’ position matches, but the span length is not matched, they are
classified as too_short or too_long. Whereas in the case of both ‘start’ and ‘end’ positions not matching,
but the difference of span length is within two words, it is classified as boundary_off. The others are
classified as completely_wrong. If span position matches, but ‘etype’ does not match, they are classified
as correct_span_wrong_type.

BC5CDR DeBERTa LS-FA-Llama3.1-8B LS-CA-Llama3.1-8B

Total Prediction 10502 10442 11383
Exact Matches 8705 9007 7247
Total Errors 1797 1435 4136

SPAN ERRORS
boudary_off 5 (0.3%) 4 (0.3%) 1 (0.0%)
too_short 198 (11.0%) 195 (13.6%) 284 (6.9%)
too_long 244 (13.6%) 169 (11.8%) 138 (3.3%)
completely_wrong 7 (0.4%) 6 (0.4%) 10 (0.2%)

TYPE ERRORS
correct_span_wrong_type 39 (2.2%) 14 (1.0%) 195 (4.7%)

DETECTION ERRORS
false_positives 693 (38.6%) 633 (44.1%) 1574 (38.1%)
false_negatives 611 (34.0%) 414 (28.9%) 1934 (46.8%)

Table 11: Error analysis of DeBERTa, LS-FA-Llama3.1-8B, and LS-CA-Llama3.1-8B for BC5CDR

CoNLL2003 DeBERTa LS-FA-Llama3.1-8B LS-CA-Llama3.1-8B

Total Prediction 5800 5775 5912
Exact Matches 5177 5283 4219
Total Errors 623 492 1693

SPAN ERRORS
boudary_off 0 (0.0%) 1 (0.2%) 0 (0.0%)
too_short 52 (8.3%) 47 (9.6%) 49 (2.9%)
too_long 75 (12.0%) 44 (8.9%) 29 (1.7%)
completely_wrong 0 (0.0%) 0 (0.0%) 0 (0.0%)

TYPE ERRORS
correct_span_wrong_type 236 (37.9%) 176 (35.8%) 734 (43.4%)

DETECTION ERRORS
false_positives 152 (24.4%) 127 (25.8%) 264 (15.6%)
false_negatives 108 (17.3%) 97 (19.7%) 617 (36.4%)

Table 12: Error analysis of DeBERTa, LS-FA-Llama3.1-8B, and LS-CA-Llama3.1-8B for CoNLL2003
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