Improving Skill Extraction from Job Postings Using

DeBERTa-v3-base on the SkillSpan Dataset
Nezar Abdilah Prakasa!

"Master’s Program in Artificial Intelligence, Faculty of Mathematics and Natural Sciences, Universitas
Gadjah Mada, Yogyakarta, Indonesia

Abstract

Automatically extracting hard and soft skills from unstructured job postings is an important but challenging Named Entity
Recognition (NER) task that underlies applications such as automated resume screening, labour-market analytics, and
curriculum design. The SkillSpan benchmark (Zhang et al., 2022) established a domain-adapted BERT model, JobBERT,
as a strong baseline, reporting a development F1-score of 56.64%. Although DeBERTa-v3 (He et al., 2023) has achieved
state-of-the-art results on a wide range of NER benchmarks through disentangled attention and ELECTRA-style pre-
training, it has not previously been evaluated on skill extraction. In this work, we replace the JobBERT backbone in the
SkillSpan pipeline with microsoft/deberta-v3-base, keeping the dataset splits, preprocessing, training procedure,
hyperparameters, and evaluation protocol unchanged. Our reproduced JobBERT baseline reaches 57.98% Dev F1, while
DeBERTa-v3-base achieves 60.73% Dev F1 — an absolute improvement of +4.09 percentage points over the originally
reported baseline, with consistent gains on both the HOUSE (60.06%) and TECH (61.38%) domains. These preliminary
results suggest that DeBERTa-v3’s architectural improvements transfer effectively to the skill-extraction domain, and they

motivate the more detailed error analysis presented as future work.
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1 Introduction

The digital labour market produces an enormous and contin-
uously growing volume of job postings on platforms such
as LinkedIn, Indeed, and regional job boards. Embedded
within these postings is detailed information about the hard
skills (e.g., programming languages, software tools) and
soft skills (e.g., communication, teamwork) that employers
require, but this information is almost always expressed
as free, unstructured text. Manually analyzing this text at
scale is infeasible, which motivates automated approaches
based on Named Entity Recognition (NER) — identifying
and classifying skill-related spans directly from job-posting
text.

The SkillSpan dataset (Zhang et al., 2022) is a widely
used benchmark for this task. It provides dual-track BIO an-
notations distinguishing Skill spans from Knowledge spans
across two domains, HOUSE (hospitality) and TECH (in-
formation technology), and establishes JobBERT — a BERT
model further pre-trained on job-posting text — as the base-
line encoder, reporting a development F1-score of 56.64%.

Independently, DeBERTa-v3 (He et al., 2023) has
demonstrated substantial improvements over BERT-
and RoBERTa-class encoders across GLUE, SQuAD,
and several NER benchmarks. These gains stem from
two architectural changes: (i) disentangled attention,
which represents each token with separate content and
relative-position vectors (He et al., 2021), and (ii) replacing
masked-language-model pre-training with ELECTRA-style
Replaced Token Detection combined with Gradient-
Disentangled Embedding Sharing (GDES). Models built
on DeBERTa-v3, such as GLINER (Zaratiana et al.,
2023), have shown strong zero-shot NER performance,

yet DeBERTa-v3 has not been systematically evaluated
on the skill-extraction task. At the same time, large
language models have recently been applied to SkillSpan
(Nguyen et al., 2024), achieving competitive results but at
substantially higher computational cost than fine-tuning a
moderately sized encoder.

This work addresses the resulting gap by asking:

* RQ1. What is the effect of replacing the JobBERT
backbone with DeBERTa-v3-base on overall skill-
extraction performance on SkillSpan?

* RQ2. Is any improvement consistent across both the
HOUSE and TECH domains?

* RQ3. How do the error characteristics of DeBERTa-
v3-base differ from JobBERT for hard-skill versus
soft-skill spans?

We answer RQ1 and RQ2 with the preliminary
experimental results reported in this paper; RQ3 is the
subject of ongoing error analysis and will be reported in
the full thesis. Our contributions are: (1) a controlled,
single-variable comparison in which the transformer
backbone is the only difference between the baseline and
proposed pipelines; (2) the first reported evaluation of
microsoft/deberta-v3-base on SkillSpan, showing a
+4.09 percentage-point absolute improvement in Dev F1
over the originally reported JobBERT baseline; and (3) a
fully documented configuration to support reproducibility.

The remainder of this paper is organized as follows.
Section 2 reviews related work and situates the research
gap. Section 3 provides background on NER, the SkillSpan
annotation scheme, self-attention, and DeBERTa’s disentan-
gled attention mechanism. Section 4 describes the dataset,



model configurations, and training procedure. Section 5
presents preliminary results, and Section 6 concludes with
limitations and future work.

2 Related Work
2.1 Skill Extraction from Job Postings

Early approaches to skill extraction relied on rule-based
pattern matching and curated dictionaries to identify and
normalize skill mentions (Zhao et al., 2015). Subsequent
work introduced shallow neural representations: Sayful-
lina et al. (2018) used CNN and RNN encoders to learn
representations for soft-skill matching, while Gugnani and
Misra (2020) combined neural embeddings with taxonomy
matching to detect implicit skills not explicitly named in the
text. Cao and Zhang (2021) applied a BERT encoder with a
BiLSTM-CREF head to analyze the social requirements ex-
pressed in Data Analyst job postings. Khaouja et al. (2021)
and Xu et al. (2023) provide broader surveys of this grow-
ing literature, highlighting the shift from rule-based and
feature-engineered systems toward pretrained transformer
encoders.

2.2 Sequence Labeling and Transformer
NER

Conditional Random Fields (Lafferty et al., 2001) and
BiLSTM-CREF architectures (Lample et al., 2016) estab-
lished the sequence-labeling foundations on which modern
NER systems are built. The introduction of the Transformer
architecture (Vaswani et al., 2017) and large pretrained en-
coders — BERT (Devlin et al., 2019), SpanBERT (Joshi
et al., 2020), Longformer (Beltagy et al., 2020), and ELEC-
TRA (Clark et al., 2020) — substantially advanced NER per-
formance across domains. Gururangan et al. (2020) further
showed that continued, domain-adaptive pre-training on
in-domain corpora improves downstream task performance,
a principle underlying JobBERT’s domain adaptation for
job-posting text.

2.3 DeBERTa and DeBERTa-v3

He et al. (2021) introduced disentangled attention, in
which each token is represented by separate content and
relative-position vectors, and an Enhanced Mask Decoder;
this improved performance over BERT and RoBERTa
on GLUE and SQuAD while keeping a comparable
parameter budget. He et al. (2023) subsequently proposed
DeBERTaV3, which replaces masked-language-model
pre-training with ELECTRA-style Replaced Token De-
tection and introduces Gradient-Disentangled Embedding
Sharing (GDES) to resolve the "tug-of-war" between the
generator and discriminator embeddings. As a result, the
86M-parameter deberta-v3-base model outperforms
much larger deberta-large models on several bench-
marks. Zaratiana et al. (2023) built GLiNER, a generalist
NER model, on a DeBERTa-v3 backbone and reported
zero-shot performance exceeding ChatGPT on several NER
benchmarks — but, like He et al. (2023), did not evaluate
skill extraction specifically.

2.4 SkillSpan and Domain Adaptation

Zhang et al. (2022) introduced SkillSpan, a dataset of job
postings from the HOUSE and TECH domains with dual-
track BIO annotations for Skill and Knowledge spans, and
proposed JobBERT, a BERT model further pre-trained on
job-posting text, as the baseline encoder (Dev F1 = 56.64%).
Zhang et al. (2023) extended this direction with ESCOXLM-
R, a multilingual encoder pre-trained using the ESCO oc-
cupational taxonomy. Most recently, Nguyen et al. (2024)
evaluated large language models (GPT-3.5/GPT-4) on the
TECH subset of SkillSpan, finding them competitive with
fine-tuned encoders but considerably more expensive at
inference time.

2.5 Research Gap

Taken together, the literature shows that (i) DeBERTa-v3’s
architectural improvements have not been evaluated on the
skill-extraction task, and (ii) the SkillSpan baseline has not
been re-examined with a modern, disentangled-attention en-
coder. While LLM-based approaches are competitive, their
computational cost limits practical deployment. A moder-
ately sized encoder with an improved architecture, such
as deberta-v3-base, may offer a better performance—
efficiency trade-off. This paper directly addresses this gap
by substituting DeBERTa-v3-base for JobBERT within the
existing SkillSpan pipeline, changing no other component.

3 Background

3.1 Named Entity Recognition and the
SkillSpan Annotation Scheme

NER is the task of identifying spans of text and assigning
each a category label. A common encoding is the BIO
scheme, in which each token is labeled B-rag (beginning
of a span), I-tag (inside a span), or 0 (outside any span).
SkillSpan uses a dual-track annotation: every token receives
both a Skill-tag and a Knowledge-tag, allowing the two
label sequences to overlap. Table 1 shows an example in
the CoNLL format used by the dataset, where each line
contains a token followed by its skill-tag and knowledge-
tag.

Table 1: Example of the dual-track CoONLL annotation format
used in SkillSpan.

Token Skill-tag  Knowledge-tag
Python (0] B-Knowledge
programming  B-Skill I-Knowledge
skills I-Skill 0)

required (0] o

In this example, “programming skills” is annotated as
a Skill span, while “Python programming” is annotated as
a Knowledge span — the token “programming” therefore
carries two labels simultaneously, one from each track.

3.2 Self-Attention

The Transformer’s self-attention mechanism (Vaswani et al.,
2017) computes, for each token, a weighted combination



of value vectors V, where the weights are derived from the
compatibility between guery vectors Q and key vectors K:

Attention(Q,K,V) ft <QKT> 1% (1
ention(Q, K, V) = softmax

Vi
Multi-head attention runs / independent copies of this com-
putation in parallel, each with its own learned projections,
and concatenates the results:

head; = Attention(QW.2, KWK vwY) (2)
MultiHead(Q, K, V) = Concat(head;, ..., head;) wo @3)
This allows the model to capture different types of token
relationships (e.g., syntactic and semantic) simultaneously.

Figure 1 illustrates the scaled dot-product attention compu-
tation.
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Figure 1: Scaled dot-product self-attention mechanism.

3.3 Disentangled Attention in DeBERTa

Standard Transformer encoders add position information
directly to content embeddings before computing attention.
DeBERTa instead represents each token i with two separate
vectors: a content vector H; and a relative-position vector
Py ;. The attention score between tokens i and j is computed
as the sum of three terms — content-to-content, content-to-
position, and position-to-content:

Aij=HWy o (HWe,)"
+ HiWy o (PyiWir) "
JrPilj‘/Vq,r(I'Ij"vk,c)T €]

where W, o, Wi ., W, », Wi, are learned projection matrices
for content and relative-position queries and keys. Figure 2
illustrates how these three terms are combined.
DeBERTa-v3 retains this disentangled-attention archi-
tecture but changes the pre-training objective from masked
language modeling to ELECTRA-style Replaced Token
Detection (RTD), in which a discriminator learns to detect
tokens replaced by a smaller generator network. Sharing
embeddings between the generator and discriminator
naively causes conflicting gradient signals; DeBERTa-v3
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Figure 2: Disentangled attention: content-to-content (c2c),
content-to-position (c2p), and position-to-content (p2c) terms are
summed to produce the attention score A; ;.

resolves this with Gradient-Disentangled Embedding
Sharing (GDES), which shares the embedding matrix
while stopping the discriminator’s gradient from flowing
back into the generator’s embedding. This combination
allows deberta-v3-base (86M backbone parameters,
128K-token SentencePiece vocabulary) to match or exceed
the performance of much larger models on GLUE, SQuAD,
and CoNLL-style NER benchmarks (He et al., 2023).

4 Methodology
4.1 Dataset

We use the SkillSpan dataset as released in its official
repository!, which contains job postings from two domains,
HOUSE (hospitality) and TECH (information technology),
in the CoNLL format described in Section 3.1. We use the
official train/development/test splits without modification,
and combine both domains for overall training and evalu-
ation while also reporting per-domain results, consistent
with Zhang et al. (2022).

4.2 Model Architectures

We compare two encoders within an otherwise identical
token-classification pipeline:

* JobBERT (jjzha/jobbert-base-cased) — the
baseline encoder from Zhang et al. (2022), a
BERT-base model further pre-trained on job-posting
text using a WordPiece tokenizer (30K vocabulary).

¢ DeBERTa-v3-base (microsoft/deberta-v3-base,
proposed) — 12 transformer layers, hidden size 768,
~86M backbone parameters, using a SentencePiece
tokenizer with a 128K vocabulary.

In both cases, the encoder is followed by a linear token-
classification head with a softmax over BIO labels, as illus-
trated in Figure 3. Subword alignment is handled automati-
cally: labels are assigned to the first subword of each word,
and ignored for subsequent subwords.

'https://github.com/kris927b/SkillSpan
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Figure 3: Token-classification architecture shared by both en-
coders: an embedding layer, a 12-layer transformer encoder (Job-
BERT or DeBERTa-v3-base), and a linear classification head
producing BIO labels per token.

4.3 Training Procedure

Both models are fine-tuned using the MaChAmp multi-task
framework with the AdamW optimizer, a learning rate of
1 x 1073, a batch size of 32, and a maximum sequence
length of 256 tokens, for up to 20 epochs. The checkpoint
with the highest development F1-score is selected for eval-
uation. Crucially, the transformer backbone is the only
component that differs between the two runs — all other
hyperparameters, data splits, and the training framework
are held constant, so that any difference in performance
can be attributed to the backbone itself. Figure 4 shows
the end-to-end experimental pipeline, which is identical for
both configurations except for the backbone-selection step.
All experiments were run on a single NVIDIA T4 GPU via
Google Colab.

4.4 Evaluation Metrics

Following Zhang et al. (2022), we report micro-averaged
precision, recall, and F1-score over predicted Skill and
Knowledge spans:

TP TP

2PR
P=—— R=—" |
TP+FP TP+FN

“pir

1
where TP, F P, and FN denote true positives, false positives,
and false negatives at the span level. We report F1 overall
(combining both domains) and separately for the HOUSE
and TECH domains.

5 Preliminary Results

Table 2 summarizes the development-set F1-scores. Our
reproduction of the JobBERT baseline reaches 57.98% Dev
F1, slightly above the 56.64% originally reported by Zhang
et al. (2022), which is within the range of variation expected
from differences in software versions and random seeds.
Replacing only the backbone with DeBERTa-v3-base raises
Dev F1 to 60.73% — an absolute improvement of +4.09

Dataset SkillSpan
(format CoNLL: domain HOUSE + TECH)

}

Preprocessing
Tokenisasi (WordPiece / SentencePiece)
+ Alignment Label BIO

!

Pre-trained Backbone
DeBERTa-v3-base ]

(diusulkan)
[ Token Classification Head l

JObBERT
(baseline)

(Linear Layer + Softmax - label BIO)

}

Training Loop
AdamW - Ir = 1e-5 - batch = 32
max 20 epoch (MaChAmp)

l

Model Selectio
(checkpoint terbaik berdasarkan Dev F1)

|

Evaluasi
Precision, Recall, F1-score

(overall & per-domain: HOUSE, TECH)

Analisis Hasil & Error Analysis

Figure 4: End-to-end experimental pipeline. The backbone-
selection step (JobBERT vs. DeBERTa-v3-base) is the only point
of divergence between the baseline and proposed configurations.

percentage points over the originally reported baseline, and
+2.75 percentage points over our own reproduction.

Table 2: Development F1-score comparison.

Model Dev F1 (%)
JobBERT (original paper) 56.64
JobBERT (our reproduction) 57.98
DeBERTa-v3-base (proposed) 60.73

Per-domain results (RQ2). The improvement from
DeBERTa-v3-base is consistent across both domains: F1
reaches 60.06 % on HOUSE and 61.38% on TECH, both
above the overall JobBERT baseline. This consistency sug-
gests that the gains are not driven by a single domain, al-
though the slightly higher TECH score may reflect closer
alignment between DeBERTa-v3’s pre-training corpus and
technology-related vocabulary — a hypothesis we plan to
examine further.

Convergence. The best checkpoints were obtained at
epoch 19 (DeBERTa-v3-base) and epoch 18 (JobBERT, re-
production), indicating that both models converge within
a comparable number of epochs under identical training
hyperparameters. The observed improvement therefore re-
flects representational quality rather than additional training
time.

Discussion. These preliminary results provide an af-
firmative, single-variable answer to RQ1 and RQ2: sub-
stituting DeBERTa-v3-base for JobBERT, with no other
change to the pipeline, yields a substantial and domain-
consistent improvement in skill-extraction F1 on SkillSpan.
This is consistent with DeBERTa-v3’s reported gains on
other NER benchmarks (He et al., 2023; Zaratiana et al.,
2023) and supports the hypothesis that its disentangled at-
tention and RTD/GDES pre-training transfer effectively to
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Figure 5: Development F1-score comparison between the original
JobBERT baseline, our reproduction, and the proposed DeBERTa-
v3-base model.

the job-posting domain. RQ3 — a finer-grained analysis
of error types for hard-skill versus soft-skill spans — is the
subject of ongoing work, described in Section 6.

6 Conclusion and Future Work

This paper presented a controlled, single-variable compar-
ison in which the JobBERT backbone of the SkillSpan
pipeline was replaced withmicrosoft/deberta-v3-base,
with all other components — data splits, preprocessing,
training hyperparameters, and evaluation protocol — held
constant. DeBERTa-v3-base achieved 60.73% Dev F1,
a +4.09 percentage-point absolute improvement over
the originally reported JobBERT baseline (56.64%) and
+2.75 points over our own reproduction (57.98%), with
consistent gains on both the HOUSE (60.06%) and
TECH (61.38%) domains. These results indicate that
DeBERTa-v3’s architectural improvements — disentangled
attention together with ELECTRA-style RTD and GDES
pre-training — transfer effectively to the skill-extraction
task, offering a favorable performance—efficiency trade-off
compared to recently explored LLM-based approaches
(Nguyen et al., 2024).

This work has several limitations. The evaluation is
currently restricted to the English-language HOUSE and
TECH domains of SkillSpan, and compares only one alter-
native backbone (DeBERTa-v3-base) against JobBERT. The
results reported here are preliminary outputs of an ongoing
thesis project.

Future work will focus on (1) a detailed error anal-
ysis comparing hard-skill and soft-skill span predictions
between JobBERT and DeBERTa-v3-base (RQ3), includ-
ing qualitative examination of false positives and false
negatives; (2) evaluating additional backbones, such as
ESCOXLM-R (Zhang et al., 2023) and DeBERTa-v3-based
generalist NER models such as GLINER (Zaratiana et al.,
2023); and (3) assessing cross-domain generalization be-
yond HOUSE and TECH. The complete analysis, together
with the final implementation and configuration details, will
be presented in the full thesis.

Reproducibility

All experiments use publicly available datasets and
pretrained  models  (jjzha/jobbert-base-cased
and microsoft/deberta-v3-base) and the publicly
available SkillSpan repository and MaChAmp training
framework. Hyperparameters are reported in full in
Section 4.3 to facilitate reproduction.
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