
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 6: Industry Track), pages 1025–1036
July 2-7, 2026 ©2026 Association for Computational Linguistics

Decoding Text Spans for Efficient and Accurate Named-Entity Recognition

Andrea Maracani, Savas Ozkan, Junyi Zhu, Sinan Mutlu, Mete Ozay
Samsung Research UK, Staines-upon-Thames, United Kingdom

{a.maracani, savas.ozkan, junyi.zhu, s.mutlu, m.ozay}@samsung.com

Abstract

Named Entity Recognition (NER) is a key
component in industrial information extraction
pipelines, where systems must satisfy strict la-
tency and throughput constraints in addition to
strong accuracy. State-of-the-art NER accuracy
is often achieved by span-based frameworks,
which construct span representations from to-
ken encodings and classify candidate spans.
However, many span-based methods enumerate
large numbers of candidates and process each
candidate with marker-augmented inputs, sub-
stantially increasing inference cost and limiting
scalability in large-scale deployments. In this
work, we propose SpanDec, an efficient span-
based NER framework that targets this bottle-
neck. Our main insight is that span representa-
tion interactions can be computed effectively at
the final transformer stage, avoiding redundant
computation in earlier layers via a lightweight
decoder dedicated to span representations. We
further introduce a span filtering mechanism
during enumeration to prune unlikely candi-
dates before expensive processing. Across
multiple benchmarks, SpanDec matches com-
petitive span-based baselines while improving
throughput and reducing computational cost,
yielding a better accuracy–efficiency trade-off
suitable for high-volume serving and on-device
applications.

1 Introduction

Named Entity Recognition (NER) is a core compo-
nent of industrial information extraction pipelines,
enabling applications such as clinical and biomed-
ical coding, legal document parsing, and high-
volume email understanding for reminder and task
generation (Francis et al., 2019; Dozier et al., 2010;
Anupama M. Nair, 2020). In production settings,
NER models are often deployed as always-on ser-
vices and must satisfy strict latency and throughput
targets under cost constraints (e.g., GPU/CPU bud-
get and total cost of ownership), making accuracy–

Figure 1: F1 scores vs. Latency. Our methods achieve
a better accuracy–efficiency trade-off under realistic
serving constraints. Same color markers represent en-
coder models of different sizes (Details in Sec. 6).

efficiency trade-offs at least as important as peak
F1/accuracy (Wang et al., 2020).

A widely used baseline is token classification
with pre-trained transformer encoders, which per-
forms per-token labeling with a lightweight pre-
diction head and offers strong accuracy after fine-
tuning (Devlin et al., 2019). While effective, token-
level labeling can struggle to represent complete
entity spans for ambiguous boundaries (and is less
naturally compatible with span-level reasoning),
motivating span-based formulations that explicitly
construct and classify candidate spans (Zhong and
Chen, 2021; Wang et al., 2021). Among span-based
approaches, Ye et al. (2022) propose Packed Levi-
tated Markers (PL-Marker), which inserts marker
token pairs to focus the encoder on span representa-
tions and has become a strong and widely-adopted
backbone for span-based NER (Ye et al., 2022).

Despite their accuracy benefits, marker-based
span methods introduce non-trivial serving over-
head. In contrast to token classification, which does
not require enumerating and processing large num-
bers of candidate spans, span-based methods can
consider O(L2) candidates, and even variants that
cap the maximum span length may still incur sub-
stantial extra computation due to repeated process-
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ing of marker-augmented inputs (see Sec. 3). In
large-scale deployments, this overhead can become
the dominant bottleneck and can force practitioners
to reduce batch sizes, shorten context windows, or
fall back to simpler models.

Recent LLM-based approaches also tackle NER
via prompting or text generation, sometimes of-
fering strong generalization and low-label adapt-
ability; however, their autoregressive decoding
and large parameter footprints typically yield pro-
hibitively high latency and cost for high-throughput
serving (Wang et al., 2025, 2023).

In this work, we target the practical bottleneck
of PL-Marker-style NER and propose two comple-
mentary optimizations that preserve the modeling
benefits of span representations while substantially
reducing inference cost:

• Decoupled span processing (SpanDec). To re-
duce redundant computation, we decouple span-
marker processing from the main encoder. Con-
cretely, we replace the final encoder layer used by
PL-Marker with a lightweight decoder dedicated
to span representations (see Fig. 2c). The text
tokens are encoded once as usual, while span-
marker interactions are handled only in the de-
coder, avoiding repeated processing of marker
tokens in earlier layers. We keep the overall
parameter budget comparable to the original
model by trading an encoder layer for the de-
coder. SpanDec delivers significant throughput
gains without degrading accuracy (Sec. 4).

• Early span filtering (SF-SpanDec). We further
improve end-to-end efficiency with a simple and
effective span filtering mechanism: we train a
lightweight binary classifier to predict tokens that
contain no entity mentions (see Fig. 2d). At infer-
ence time, SF-SpanDec prunes the candidate set
aggressively, often retaining only a small fraction
of spans (e.g., ∼15%),so the decoder processes
only likely entity spans (Sec. 4.1).

Across multiple NER benchmarks, our approach
matches or exceeds the accuracy of PL-Marker
while increasing throughput by up to 2.7× and
reducing computation (GFLOPs) by up to 8.2×.
Moreover, compared to standard token classifica-
tion, our span-centric approach achieves higher
average F1 (+1.8%) while remaining viable under
high-throughput serving constraints.

Figure 2: Diagram of Model Flows. (a) Token classi-
fication approach, (b) span classification approach, (c)
SpanDec (ours), and (d) SF-SpanDec (ours).

2 Related Work

Table 1 summarizes common NER paradigms
through an industrial lens, highlighting that span-
and marker-based methods can improve bound-
ary modeling at the cost of latency and scalabil-
ity, while LLM-based prompting offers flexibility
but remains expensive for high-throughput deploy-
ments.

Token classification for NER. The dominant
practical baseline for NER is token-level se-
quence labeling with a transformer encoder and
a lightweight classification head (Devlin et al.,
2019). Token classification is appealing in pro-
duction because it scales linearly with input length
and maps cleanly to efficient batching and serv-
ing. Recent work also explores task-specialized
encoders trained or adapted for NER, including pre-
training with large-scale (possibly LLM-assisted)
NER-style signals to improve data efficiency (Bog-
danov et al., 2024).

Span-based and marker-based NER. Span-
based NER replaces per-token labeling with ex-
plicit span enumeration and span classification,
which can better capture whole-entity boundaries
and support joint reasoning across spans (Zhong
and Chen, 2021; Wang et al., 2021). Classic span-
centric IE frameworks such as DyGIE++ enumerate
candidate spans and iteratively refine span repre-
sentations using contextual signals (Wadden et al.,
2019). PL-Marker strategically inserts levitated
markers to obtain stronger span representations
from pre-trained encoders and has become a strong
backbone for span-style NER (Ye et al., 2022).
While effective, these approaches can incur sub-
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Paradigm Method example Acc. ↑ Latency ↓ Scalability ↑ Typical deployment issue

Token classifica-
tion

BERT tagging (2019) Med Low High Boundary / nesting limitations;
weaker span modeling

Span enumeration DyGIE++ (2019) High High Low Quadratic candidates; heavy com-
pute/memory for long inputs

Marker-based span
(encoder)

PL-Marker (2022) High High Med–Low Markers processed in all encoder
layers; latency bottleneck

Generative,
prompted (LLM)

InstructUIE (2023) Med–High V.High Low Autoregressive decoding cost; con-
trollability / hallucination; cost

Decoupled span
decoding (ours)

SpanDec, SF-SpanDec High Low High Extra module integration; thresh-
olding trade-off

Table 1: Industrial view of NER paradigms: qualitative accuracy–latency–scalability trade-offs. Arrows indicate the
preferred direction for deployment.

stantial computation due to (i) the number of candi-
date spans and (ii) repeated processing of marker-
augmented inputs.

Improving efficiency in span-based extraction.
Efficiency constraints have motivated both archi-
tectural and algorithmic changes. A common di-
rection is to reduce the cost of the underlying en-
coder via compression techniques such as knowl-
edge distillation (e.g., MiniLM) to improve latency
without severe accuracy loss (Wang et al., 2020).
Another direction is to reduce the number of can-
didates processed: span filtering or staged detec-
tion/classification can prune the search space be-
fore expensive classification. For example, Split-
NER decomposes NER into a two-stage pipeline
(span detection → span classification), casting both
stages as Question Answering (QA) and training
them as separate components (Arora and Park,
2023). Our work is complementary but different in
nature: rather than reformulating NER into a multi-
stage QA pipeline, we keep the PL-Marker formu-
lation intact and reduce its serving-time overhead
by (1) avoiding redundant marker computation in
the encoder via a lightweight span decoder and (2)
pruning spans early so the decoder processes only
likely candidates.

LLMs and instruction-based extraction. Re-
cent trends use LLMs and prompting/instruction
tuning for information extraction, either directly
(e.g., generative or prompted NER) or to improve
supervision. GPT-NER adapts large language mod-
els to NER via prompting and verification strate-
gies and reports competitive results in low-resource
settings (Wang et al., 2025). InstructUIE pro-
poses instruction-tuning to unify multiple IE tasks
in a text-to-text framework (Wang et al., 2023).

In parallel, compact “generalist” NER models
such as GLiNER aim to support flexible schemas
while keeping inference parallel and efficient com-
pared to autoregressive generation (Zaratiana et al.,
2024). Finally, verification-style post-processing
with LLM reasoning has been explored to improve
faithfulness in domain NER (e.g., biomedical)
by revising model outputs using external knowl-
edge (Kim et al., 2024). Compared to these lines
of work, we focus on high-throughput deployment
of span-based NER under tight latency constraints,
providing a practical accuracy–efficiency improve-
ment to PL-Marker-style systems.

3 Background and Preliminaries of NER

Let X = [x1,x2, . . . ,xL] represent an input se-
quence of L tokens, such as a sentence or document.
Let E = {e0, e1, . . . , eM} is a pre-defined set of
M entity types with an additional e0 = “O" tag,
denoting the “outside” class (i.e., absence of any
named entity). The objective of NER is twofold:

1. To identify the contiguous spans of tokens, with
each span denoted by x[i,j] = [xi, . . . ,xj ], com-
posing a single named entity.

2. To classify each identified x[i,j] with one of the
specific entity types ek ∈ E .

Token Classification. A prevalent approach to
NER frames the task as a sequence labeling prob-
lem. Each token xi in the input sequence X is first
mapped to a contextualized vector representation
zi ∈ Rd using a text encoder, Enc(·) by

[z1, z2, . . . , zL] = Enc([x1,x2, . . . ,xL]).

In this approach, to effectively describe entity
boundaries and distinguish between adjacent en-
tities of the same type, tagging schemes such as
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BIO (Beginning, Inside, Outside) are commonly
employed. In this scheme, the set of entity types E
is expanded to EBI that represents entity tags. In-
tuitively, for each entity type ek ∈ E \ {e0}, two
tags are created: B-ek (Beginning of entity ek) and
I-ek (Inside of entity ek). The O tag remains for
tokens outside any entity.

Subsequently, a classifier, typically a linear layer,
LN(·) is applied to predict an entity tag eBIk ∈ EBI
for each zi.

Span Classification. An alternative framework
for NER is the span classification. In this formu-
lation, all possible contiguous subsequences of
tokens x[i,j] from the input sequence X are con-
sidered candidate named entities, and we refer to
the ranges [i, j] as spans. Each candidate span
[i, j] is represented as a vector qij , ∀i, j, often de-
rived from the contextualized embeddings of its
constituent tokens (e.g., by concatenating the rep-
resentations of its start and end tokens, or by a
pooling operation over the span’s tokens).

Span representations Q = [q00,q01, . . . ,qLL]
and the input sequence X are fed into the encoder
Enc(·) and linear layer LN(·) to predict correspond-
ing entity types from E , including the O type if it is
not a valid entity. Span classification approaches
consistently yield improved performance compared
to token classification techniques, particularly for
nested or complex text entity structures. However,
they can also introduce greater computational com-
plexity due to the enumeration of spans, which can
be quadratic O(L2) for the exhaustive enumera-
tion and/or can be linear O(L) when the maximum
length of span is fixed (L is the sequence length).

4 Our Method

Our proposed method builds upon the span clas-
sification framework, offering a novel method de-
signed for simplicity and computational efficiency
relative to existing span-based approaches.

Span Representation. We represent each candi-
date span [i, j], with 1 ≤ i ≤ j ≤ L, using two
special learnable vectors: a start marker mstart and
an end marker mend. These markers are augmented
with positional embedding of the corresponding in-
put text tokens to encode the span boundaries by
qi = mstart + pos(i) and qj = mend + pos(j)
where pos(·) denotes a positional encoding func-
tion. The pair qij = (qi,qj) serves as the query
representation for the span of candidate entity x[i,j].

Span Decoder. To classify the span, we propose
a lightweight decoder Dec(·) composed of a pre-
norm cross-attention layer Att(·) followed by a
multilayer perceptron MLP(·) and a classification
layer LN(·). Each span pair qij = (qi,qj) attends
to the encoder outputs [z1, . . . , zL] as well as to
each others (but not to other span pairs). Specif-
ically, for the span x[i,j], the input key Kij and
value Vij sequences in the cross-attention are de-
fined by:

Kij = Vij = [qi,qj , z1, . . . , zL].

This formulation allows the span representation to
incorporate contextual information from the full
input sequence while also enhancing the focus be-
tween the span boundaries. The two outputs of the
cross-attention layer Att (denoted by q′

i and q′
j)

are passed through a shared MLP, concatenated and
classified using a linear layer LN. As an output, a
vector ŷij containing logits of the classes of the
entity types E is calculated by

ŷij = LN([MLP(q′
i); MLP(q

′
j)]),

where [·; ·] denotes the concatenation operation in
the channel dimension.

Computational Efficiency. Compared to vanilla
span-based NER approaches such as PL-Marker,
which appends span markers to the input of the
model and propagate them through all layers of
the encoder, our approach is more computationally
efficient. Precisely, span representations are intro-
duced only at the decoding stage in our method.
Thereby, our method significantly reduces the com-
putational overhead, especially when processing a
large number of spans (e.g., longer input text).

4.1 Efficient Span Selection

To further improve the computational efficiency of
our method while maintaining high performance,
we introduce a lightweight Span Filtering (SF)
mechanism based on binary token-level classifica-
tion. Formally, before executing the span decoder
Dec, we apply a linear classifier to contextualized
vector representations [z1, . . . , zL] produced by the
encoder Enc. The auxiliary SF classifier is trained
to predict whether a token belongs to the O class
(i.e., not part of any named entity) or to any entity
class with the information estimated only from the
encoder.
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Importantly, the weights of the SF classifier and
of the span decoder Dec are optimized jointly dur-
ing the training phase. At inference time, we use
the output of SF classifier to identify tokens that are
likely not part of an entity by applying a confidence
threshold. Spans that enclose tokens predicted as O
are discarded and not passed to the decoder. As a
result, the number of candidate spans processed by
the span decoder is significantly reduced.

This filtering step introduces negligible over-
head, but yields substantial gains in efficiency,
as it limits the unnecessary computations in the
decoder step with a much smaller set of poten-
tially valid spans. Empirically, we observe that this
barely causes negative impact on the overall per-
formance while dramatically reducing the number
of spans fed to the decoder, leading to a promising
efficiency-accuracy trade-off.

5 Implementation and Setup

We conducted our experiments using the PyTorch
framework and leveraged pre-trained models avail-
able through the Hugging Face Transformers li-
brary (Wolf et al., 2020). We implemented our pro-
posed methodologies (SpanDec and SF-SpanDec)
and the token-classification baseline, from scratch,
using PyTorch Lightning. For comparison with
PL-Marker, we utilized the SpanMarker (Aarsen,
2023) library, which is built upon Hugging Face
components and designed for efficient performance.
All experiments were performed on a cluster of 8
NVIDIA A40 GPUs. For testing and throughput
evaluation, a single NVIDIA A40 GPU was used.
Mixed-precision training was always employed.

Models. We employ and test three widely
adopted text encoders of varying sizes: MiniLM
(33M), BERT-Base (110M), and RoBERTa-Large
(355M). For SpanDec , we remove the final layer
of each encoder to maintain a comparable overall
parameter size after integrating the decoder. With
the goal of improving the computational efficiency
for on-device applications, we study our Span Fil-
tering model (SF-SpanDec) with lightweight en-
coders. Accordingly, we conduct experiments us-
ing MiniLM and also include results for BERT-
Base to offer a broader comparison.

Datasets. We select four widely used NER
benchmarks: (1) CoNLL++ (Wang et al., 2019),
a corrected version of the standard CoNLL03
dataset (Tjong et al., 2003); (2) CrossNER (Liu

CoNLL++ CrossNER OntoNotes5 BC5CDR

Entity Classes 5 40 19 3

Train Samples 4.5k 20k 28k 11k
Train Words 272k 364k 1547k 218k

Test Samples 817 2.5k 3.2k 5.9k
Test Words 50k 96k 179k 116k

Table 2: Datasets. Information about the datasets used
in our experiments.

et al., 2020), a cross-domain dataset covering five
diverse domains; (3) OntoNotes v5 (English) (Hovy
et al., 2006), a large-scale dataset comprising mul-
tiple genres of text; and (4) BC5CDR (Li et al.,
2016), which contains PubMed articles annotated
with chemical and disease entities (see Tab. 2).

Metrics. Following prior work, we report the F1
score (using the evaluation techniques provided
by the seqeval library (Nakayama, 2018)), the
GFLOPs (see Sec. D) and the Throughput (samples
processed per second) of different methodologies.

Training Procedure. Standard hyperparameters
and training schedules were used for all models.
MiniLM was trained for 100 epochs on each dataset
with a learning rate of 5 × 10−5. BERT-B and
RoBERTa-L were trained for 25 epochs on all
datasets, except for the CrossNER dataset, where
100 epochs were used. The learning rate of newly
initialized weights (decoder and final linear layer)
was multiplied by 10, a common practice. A
OneCycle learning rate schedule with a warm-up
ratio of 0.03 was applied, and a global batch size
of 64 was used. Gradient clipping was set to 1.0.
Following the SpanMarker implementation, we as-
sumed a maximum entity length of 8 words. En-
tities exceeding this length were treated as errors,
although there is just a negligible number of such
cases in the datasets considered. Model weights
were optimized using the AdamW optimizer with
a weight decay of 0.01.

6 Results

Decoding Spans is All You Need. As shown in
Tab 3, our method outperforms PL-Marker in terms
of computational efficiency and achieves similar F1
score. For instance, with MiniLM and compared
to the token-classification baseline, PL-Marker pro-
vides 42% of the throughput and 0.7% average
accuracy increase, whereas our method provides
a notable 73% of the throughput with an average
performance boost of 1.8%. A similar trend is ob-
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Model Strategy Throughput ↑ GFLOPs ↓ CoNLL++ CrossNER OntoNotes5 BC5CDR Avg.

MiniLM
Token Classif. 330.8 (1×) 1.9 (1×) 92.9 71.2 87.8 87.1 84.7
PL-Marker 140.3 (0.42×) 15.8 (8.3×) 91.7 73.9 87.9 88.0 85.4
SpanDec (ours) 241.3 (0.73×) 2.9 (1.5×) 93.7 74.6 88.4 88.0 86.2

BERT-B
Token Classif. 299.1 (1×) 7.5 (1×) 92.9 74.5 89.5 87.4 86.1
PL-Marker 102.1 (0.34×) 62.5 (8.3×) 93.2 78.5 90.0 88.5 87.6
SpanDec (ours) 180.9 (0.61×) 11.5 (1.5×) 93.6 78.7 90.3 88.4 87.8

RoBERTa-L
Token Classif. 187.0 (1×) 26.8 (1×) 94.3 76.1 89.9 88.2 87.1
PL-Marker 68.0 (0.36×) 222.7 (8.3×) 95.4 80.2 91.4 90.9 89.5
SpanDec (ours) 118.7 (0.64×) 33.9 (1.3×) 95.4 79.9 91.3 90.8 89.4

Table 3: Results for SpanDec. F1 scores on CoNLL++, CrossNER, OntoNotes5 and BC5CDR benchmarks
using different encoder models. The best performance per dataset and encoder model is highlighted in bold. The
Throughput shows the samples processed per second by models (relative value compared to token classification
reported in parenthesis). For the GFLOPs, we take the input length as 44, which is the average value of all datasets.

Method Params Throughput ↑ BC5 CoNLL O-Notes

LLaMA2-7B 7B < 9 (0.08×) - 76.53 52.78
LLaMA2-13B 13B < 7 (0.06×) - 68.24 38.32
LLaMA3-8B 8B < 9 (0.08×) - 85.37 22.34
SOLAR 10.7B < 8 (0.07×) - 76.03 64.84
Mistral-12B 12B < 7 (0.06×) - 74.23 59.30

SplitNER (2023) 0.35B 104.1 (0.88×) - - 90.9
InstructUIE (2023) 13B < 5.8 (0.05×) 89.0 91.5 88.6
UniNER (2023) 7B < 6.4 (0.05×) 89.0 93.3 89.9
GLiNER (2024) 0.35B 76.2 (0.64×) 88.7 92.5 88.1
GPT-NER (2025) 175B < 5 (0.04×) - 90.9 82.2

SpanDec (RoBERTa-L) 0.35B 118.7 (1×) 90.8 95.4 91.3

Table 4: Comparison with SOTA. Top section: results
for 1-shot generative inference with open LLMs from
(Zhu et al., 2024). Mid section: results of SOTA.

served with BERT-Base: our approach not only
improves performance, but also maintains better
efficiency compared to PL-Marker. Even with
RoBERTa-Large, our method achieves competi-
tive performance comparable to PL-Marker while
being notably more efficient during inference.

These results support the superiority of our de-
sign, demonstrating that a lightweight decoder
alone is sufficient for processing and classifying
spans both effectively and efficiently.
Comparison with SOTA. In Tab. 4 we compare
SpanDec (RoBERTa-L encoder) with other SOTA
models in terms of model parameters, throughput
and F1 score on three benchmark datasets. Notably,
our methodology is superior to those approaches
while being significantly more efficient. CrossNER
results are not reported in the table because they
are not available for competitors.

O-Classification for Efficiency. In Tab. 5, we
present the results for our efficient filtering variant,
SF-SpanDec. Compared to the standard SpanDec,
it leads to a slight performance drop; however, it
still prominently outperforms the token classifi-
cation baseline and remains competitive with PL-
Marker. The efficiency gains of SF-SpanDec are

Model Strategy Throughput ↑ GFLOPs ↓ Average F1

MiniLM

Token Classif. 330.8 (1×) 1.90 (1×) 84.7
PL-Marker 140.3 (0.42×) 15.8 (8.3×) 85.4
SpanDec (ours) 241.3 (0.73×) 2.91 (1.5×) 86.2
SF-SpanDec (ours) 310.8 (0.92×) 1.92 (1.01×) 85.8

BERT-B

Token Classif. 299.1 (1×) 7.5 (1×) 86.1
PL-Marker 102.1 (0.34×) 62.5 (8.3×) 87.6
SpanDec (ours) 180.9 (0.61×) 11.5 (1.5×) 87.8
SF-SpanDec (ours) 276.9 (0.93×) 7.6 (1.01×) 87.5

Table 5: Results for SF-SpanDec. Throughput (sam-
ples/s), GFLOPs and average F1 scores of different
strategies for MiniLM and Bert-B.

substantial and it delivers a strong performance
boost with only a minimal increase in computa-
tional cost over standard classification. This makes
SF-SpanDec a compelling candidate for on-device
and resource-constrained applications, where bal-
ancing the performance and efficiency trade-off is
critical.

Additional results. In the appendix we report de-
tailed results on the throughput (Sec. A), the com-
plete results for SF-SpanDec (Sec. B), an ablation
study on the number of encoder/decoder blocks
(Sec. C) and the calculation of FLOPs (Sec. D).

7 Conclusion

In this work, we study improvement of the effi-
ciency of span-based frameworks. More precisely,
we convert an encoder only architecture to an en-
coder for text with a lightweight decoder in or-
der to optimize the utilization of span representa-
tion generation process. Additionally, deferring
the span representation generation enables us to in-
troduce a span filtering mechanism, which further
reduces the computational cost of span represen-
tations. With these novel solutions, our method
achieves competitive performance on NER tasks,
while running fast and demonstrating a promising
trade-off between accuracy and efficiency.
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8 Limitations

The hyperparameters of our method were not ex-
haustively optimized, leaving room for potential
performance gains through further tuning. This
work primarily aims to demonstrate its superiority
with standard configurations in a general setting.

Furthermore, as shown in Tab. 5, SF-SpanDec is
so efficient that requires the same GFLOPs of naive
token-classification, providing a notable boost in
performance. Nevertheless, our implementation
achieved 92-93% of its throughput. This suggests
possible enhancements in our software implemen-
tation, that will be addressed in future work based
on the specific hardware and application.
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A Throughput

We evaluate the throughput (samples/s) for each
method on all the considered dataset and we report
these numbers in Table 6. To provide comparable
results, we use the same setup and inference param-
eters for all the models (single Nvidia A40 GPU,
mixed precision, etc.). The results are the average
of 3 runs.

B Full Results for SF-SpanDec

Additionally, in Table 7, we report the full results
of our efficient model (SF-SpanDec) that are previ-
ously reported average results in Tab. 5, compared
to our standard model (SpanDec), PL-Marker and
token-classification baseline

C Ablation Study: Number of Encoder
and Decoder Blocks

Table 8 presents an ablation study investigating
the impact of varying the number of encoder and
decoder layers within our SpanDec model architec-
ture. This study is conducted using the MiniLM
model on the CoNLL++ dataset. Two sets of exper-
iments are performed:

1. Encoder Reduction, Fixed Decoder: In the
first set, we progressively remove layers from
the encoder, starting from the final layer, while
maintaining a fixed single-layer decoder.

2. Constant Total Layers: In the second set,
for each layer remove from the encoder, a
corresponding layer is added to the decoder.
This maintains a constant total number of 12
encoder and decoder layers.

The results from the first experiment indicate
that reducing the number of encoder layers leads to
a modest decrease in performance. Crucially, this
reduction also corresponds to a decrease in compu-
tational cost, measured in GFLOPs, suggesting this
configuration could be beneficial for applications
with computational constraints.

Conversely, the second experiment demonstrates
that increasing the number of decoder layers does
not yield significant performance improvements
while simultaneously increasing computational
complexity. This suggests that a simple model,
single-layer decoder, is sufficient for the Named
Entity Recognition task with this architecture.

D FLOPs Formulas for Transformer
Encoder

Profiling tool, such as torch.profiler, can be in-
accurate in estimating the floating-point operations
(FLOPs) of the attention mechanism, e.g. when
fused kernels are used to optimize the computation
device performance. Therefore, we conduct the
following analytic approach to estimate the FLOPs
of different models and approaches adopted in this
work.

Since the computation of the input embedding
functions, the output linear classifier, activation
functions and normalization layers are negligible
(in total ≲ 2%) compared to the computation of the
attention mechanism and the FFN (feed-forward
network) linear projection, our analysis will focus
on the last two operations.

Parameters of the calculation formulas are de-
fined as follows:

• L: Number of Transformer layers.

• S: Input sequence length.

• M : Span marker lengths, M indicates M/2
pairs of span markers.

• Hdim: Hidden dimension size.

• A: Number of attention heads.

• Hhead = Hdim/A: Dimension size per atten-
tion head.

• Fdim: FFN intermediate dimension size (typi-
cally 4×Hdim)

Given an architecture, these parameters are fixed
except S and M . We summarize the parameters
corresponding to the models adopted in our experi-
ments in Tab. 9.

Next we first present the FLOPs calculation for
the text tokens when bidirectional self-attention is
applied. Note that 1 MAC (multiply-accumulate)
operation is generally counted as 2 FLOPs.

1. Bidirectional Self-Attention for Text Tokens
(Attntext per block). The self-attention mecha-
nism of text tokens mainly consists of:

• Input/Output Projections (for Q, K, V, and the
final output projection; 4 matrices of Hdim ×
Hdim applied to S tokens): 4× (2 ·S ·Hdim ·
Hdim) = 8SH2

dim.
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Model Strategy CoNLL++ CrossNER OntoNotes5 BC5CDR Average

MiniLM
Token Classif. 247.6 297.3 350.0 428.1 330.8
PL-Marker 86.0 109.1 123.6 242.6 140.3
SpanDec (ours) 185.7 221.0 243.2 315.3 241.3
SF-SpanDec (ours) 258.5 266.6 319.1 399.0 310.8

BERT-B
Token Classif. 206.3 240.5 330.9 418.6 299.1
PL-Marker 64.1 78.1 84.3 182.0 102.1
SpanDec (ours) 114.3 163.8 161.4 283.9 180.9
SF-SpanDec (ours) 230.1 212.2 282.0 383.3 276.9

RoBERTa-L
Token Classif. 131.4 127.0 221.2 268.5 187.0
PL-Marker 40.2 59.5 60.8 111.5 68.0
SpanDec (ours) 71.2 92.9 110.4 200.4 118.7

Table 6: Throughput Results. Throughput (samples/s) evaluated using a single Nvidia-A40 GPU with a reference
batch size of 8.

Model Strategy CoNLL++ CrossNER OntoNotes5 BC5CDR Average f1

MiniLM
Token Classif. 92.9 71.2 87.8 87.1 84.7
PL-Marker 91.7 73.9 87.9 88.0 85.4
SpanDec (ours) 93.7 74.6 88.4 88.0 86.2
SF-SpanDec (ours) 93.4 73.8 88.3 87.6 85.8

BERT-B
Token Classif. 92.9 74.5 89.5 87.4 86.1
PL-Marker 93.2 78.5 90.0 88.5 87.6
SpanDec (ours) 93.6 78.7 90.3 88.4 87.8
SF-SpanDec (ours) 93.4 78.2 90.1 88.2 87.5

Table 7: Full Results for SF-SpanDec. F1 score on CoNLL++, CrossNER, OntoNotes5 and BC5CDR benchmarks
using different encoder models. The best performance per dataset and encoder model is highlighted in bold.

Encoder Blocks Decoder Blocks GFLOPs F1
11 (31.5M) 1 (1.8M) 2.9 93.6

10 (29.7M) 1 (1.8M) 2.8 93.4
9 (27.9M) 1 (1.8M) 2.6 93.2
8 (26.1M) 1 (1.8M) 2.4 92.9
7 (24.3M) 1 (1.8M) 2.3 92.3

10 (29.7M) 2 (1.8M) 3.9 93.4
9 (27.9M) 3 (3.6M) 4.9 93.2
8 (26.1M) 4 (5.4M) 5.9 93.2
7 (24.3M) 5 (9.0M) 7.0 92.4

Table 8: Ablation study: Impact of Encoder/Decoder
Layers. In the top section, we report the base config-
uration for SpanDec (11 encoder layers and 1 encoder
layer). In the middle section, we remove the final layers
of the encoder. In the bottom section, we keep constant
the total number of layers to 12.

• Attention Score Calculation (QKT across A
heads): A · (2 · S · Hhead · S) = 2S2(A ·
Hhead) = 2S2Hdim.

• Weighted Sum with V (applying attention

Parameter MiniLM BERT-B RoBERTa-L

L (Transformer blocks) 12 12 24
Hdim (Hidden size) 384 768 1024
A (Attention heads) 12 12 16
Fdim (FFN int. size) 1536 3072 4096

Table 9: Architecture Details. Configuration details
for different models.

scores to V, across A heads): A ·(2 ·S ·Hhead ·
S) = 2S2(A ·Hhead) = 2S2Hdim.

The total FLOPs for self-attention per block is:

Attntext = 8SH2
dim + 4S2Hdim (1)

2. FFN Linear Projection for Text Tokens
(FFNtext per block) Bert-like model’s FFN typ-
icall includes two linear layers:

• First Linear Layer (expansion: Hdim →
Fdim): 2 · S ·Hdim · Fdim.

• Second Linear Layer (contraction: Fdim →
Hdim): 2 · S · Fdim ·Hdim.
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The total FLOPs for the FFN per block is:

FFNtext = 4SHdimFdim (2)

Then, we present the FLOPs calculation for the
span markers. In particular, queries of a pair of
marker tokens matches the keys of each other (omit-
ted in this analysis for simplicity) plus the keys of
input text tokens, resembling the cross-attention
mechanism. Note that the computation of span to-
kens is additional to the previous computation of
text tokens. It consists of the following:

Cross-Attention for Span Markers (Attnmarker

per block) The cross-attention mechanism
mainly consists of:

• Input/Output Projections (for Q, K, V, and the
final output projection; 4 matrices of Hdim ×
Hdim applied to M tokens): 4×(2·M ·Hdim ·
Hdim) = 8MH2

dim.

• Attention Score Calculation (QKT across A
heads): A · (2 · S ·Hhead ·M) = 2SM(A ·
Hhead) = 2SMHdim.

• Weighted Sum with V (applying attention
scores to V, across A heads): A ·(2 ·S ·Hhead ·
M) = 2SM(A ·Hhead) = 2SMHdim.

The total FLOPs for cross-attention per block is:

Attnmarker = 8MH2
dim + 4SMHdim (3)

FFN Span Markers (FFNmarker per block)
Following the calculation of FFN’s cost for text
tokens, we can derive the total FLOPs per block is:

FFNmarker = 4MHdimFdim (4)

Given the parameters in Tab. 9, the number of
layers involving span marker computation, and the
lengths of input text and span marker, we can cal-
culate the FLOPs based on Eqs. (1) to (4). Based
on the average input length of the datasets adopted
in the work, we set S = 44 and M = 324 for the
FLOPs computation.
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