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Abstract

Named Entity Recognition (NER) plays a fun-
damental role in information extraction and do-
main knowledge construction. However, in
specialized domains such as wind power fault
diagnosis, the scarcity of labeled data makes
supervised approaches impractical. Zero-shot
NER provides a promising alternative but
still struggles with incomplete entity detec-
tion and unstable generation boundaries. To
address these challenges, we propose ReCoT-
NER, a reasoning-enhanced generative frame-
work that integrates Chain-of-Thought (CoT)
prompting and recall-oriented loss optimiza-
tion. The proposed CoT instruction design
explicitly decomposes NER into two reason-
ing stages: entity span detection and entity
type classification. This enables the model
to follow a structured inference process. In
addition, we introduce a recall-oriented loss
function that reweights entity and non-entity
tokens to mitigate false negatives, encourag-
ing more inclusive entity coverage. Experi-
ments on CrossNER, MIT, and a newly con-
structed wind-power NER dataset demonstrate
that ReCoT-NER consistently improves recall
and overall F1 performance across both gen-
eral and industrial domains. Notably, ReCoT-
NER achieves competitive results with just a
77M-parameter model, making it well-suited
for low-resource zero-shot settings.

1 Introduction

Named Entity Recognition (NER) plays a fun-
damental role in natural language processing
(NLP) applications such as information extrac-
tion, question answering, and knowledge graph
construction(Nasar et al., 2021; Banerjee et al.,
2021; Thukral et al., 2023). By identifying en-
tities and their semantic categories, NER sys-
tems enable structured understanding of unstruc-
tured text(Nadeau and Sekine, 2007). In domain-
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specific contexts such as wind power fault diagno-
sis, accurate entity extraction can greatly support
intelligent maintenance and operational decision-
making. However, conventional supervised NER
methods rely heavily on large-scale annotated
datasets, which are costly and time-consuming to
construct, particularly for specialized technical do-
mains(Li et al., 2022). To alleviate the scarcity of
annotated data and improve cross-domain adapt-
ability, recent research has explored generative lan-
guage models and instruction-tuning paradigms
for NER (Wang et al., 2023; Zamai et al., 2024;
Zaratiana et al., 2024). These approaches refor-
mulate entity recognition as a text-generation task
and leverage instruction tuning and prompt en-
gineering to enhance task adaptability and cross-
domain generalization (Wang et al., 2023; Zhou
et al., 2023). Subsequent work has introduced tar-
geted techniques, including explicit modeling of
negative instances during generation and system-
atic prompt design, to reduce boundary errors and
improve label consistency in cross-domain scenar-
ios (Ding et al., 2024). Despite this progress, ex-
isting zero-shot NER systems still face limitations
in complex, domain-specific settings: they often
produce incomplete extractions, suffer from low
recall, and exhibit unstable performance when rec-
ognizing implicit entities.

To address these challenges, we propose
ReCoT-NER, a reasoning-enhanced generative
framework that integrates Chain-of-Thought
(CoT) prompting with a recall-oriented loss
function. The CoT prompting strategy guides the
model to decompose the recognition process into
two interpretable steps: entity boundary detection
and entity type classification, thereby improving
semantic transparency and interpretability. In
addition, we introduce a modified loss function
that prioritizes recall by assigning higher weights
to false-negative errors, reducing the likelihood
of missing potential entities during generation.
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We further construct a wind-power domain NER
dataset to evaluate zero-shot generalization under
domain shift conditions.

The main contributions of this paper are summa-
rized as follows:

* We propose ReCoT-NER, a novel zero-shot
NER framework that explicitly models step-
wise reasoning through CoT prompting.

* We design a Recall-Oriented Loss (RCLoss)
function to improve the detection of challeng-
ing or domain-specific entities, particularly
those prone to being missed.

* We build a domain-specific NER dataset for
wind power fault diagnosis and demonstrate
the effectiveness of our approach across both
general and industrial corpora. Extensive
experiments on seven benchmark domains
from CrossNER and MIT show that our
method achieves state-of-the-art (SoTA) per-
formance, with the 77M-parameter Flan-T5-
small model outperforming prior methods by
approximately 2 F1 points.

2 Related Work
2.1 Zero-shot NER

The rapid advancement of large language mod-
els (LLMs) has driven a paradigm shift in
NER toward more generalizable and instruction-
driven frameworks(Ding et al., 2024; Wang et al.,
2023). Unlike conventional sequence-labeling
methods(Akbik et al., 2018; Chiu and Nichols,
2016; Devlin et al., 2019; Huang et al., 2015),
zero-shot NER reframes entity recognition as a
reasoning or generation task, allowing models
to infer entity boundaries and types based on
natural-language descriptions without additional
annotated data.

Early studies such as InstructUIE(Wang et al.,
2023) were among the first to unify informa-
tion extraction tasks into a text-to-text formula-
tion, where instruction tuning enhanced the mod-
els capability to generalize across multiple tasks
and domains. Following this idea, Universal-
NER(Zhou et al., 2023) distilled large-scale anno-
tated data synthesized by ChatGPT into LLaMA,
yielding strong cross-domain generalization abil-
ity. Subsequently, GoLLIE(Sainz et al., 2023) in-
troduced detailed guideline-style prompts that im-
proved the models understanding of complex la-

bel definitions and contextual constraints, result-
ing in notable zero-shot performance gains. Build-
ing upon the generative paradigm, GNER(Ding
et al., 2024) re-examined the role of negative in-
stances in generative NER and explicitly modeled
non-entity labels under a BIO-style framework,
significantly enhancing boundary recognition ac-
curacy. SLIMER(Zamai et al., 2024) further in-
corporated concise entity-type descriptions and
task-specific instructions into prompts, enabling
the model to better recognize unseen categories.
More recently, ZeroNER(Cocchieri et al., 2025)
proposed a distillation framework driven by type-
aware descriptions, transferring the knowledge
of large language models into compact encoder-
based models and achieving remarkable perfor-
mance under strict zero-shot settings. These stud-
ies demonstrate that instruction tuning and genera-
tive paradigms have shown remarkable advantages
in alleviating data scarcity and enhancing cross-
domain generalization. However, existing zero-
shot NER methods still suffer from low entity re-
call and high error rates in entity type classifica-
tion.

2.2 Chain-of-Thought for NER

Recent studies have shown that LLMs can bene-
fit from reasoning-oriented prompting strategies,
among which CoT prompting has attracted in-
creasing attention(Wei et al., 2022; Liu et al.,
2024). By decomposing complex reasoning into a
sequence of interpretable intermediate steps, CoT
enables models to generate outputs that are not
only accurate but also logically coherent. This
paradigm has been successfully applied to vari-
ous reasoning-intensive tasks, such as mathemati-
cal problem solving, commonsense reasoning, and
multi-hop question answering(Li et al., 2025; Sun
et al., 2025; Mitra et al., 2024; Suzgun et al.,
2023).

However, applying CoT prompting to NER
remains relatively unexplored. Most existing
zero-shot NER approaches rely on concise, task-
oriented prompt designs that directly request final
entity predictions. Such prompts implicitly induce
a single-step generation paradigm, in which entity
boundary detection and type classification are per-
formed simultaneously without explicit separation.
This joint decision process increases the cognitive
burden on the model and often results in incom-
plete entity spans or incorrect type assignments.
Recent studies on structured prompting and task
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decomposition suggest that decomposing complex
decisions into step-wise reasoning can help miti-
gate these difficulties. Motivated by this observa-
tion, We introduce CoT prompting to explicitly de-
compose the NER process into two steps: entity
span detection and entity type classification.
Specifically, CoT guides the model to perform
explicit, interpretable reasoning by first identify-
ing potential entity mentions and then inferring
their semantic types based on contextual evidence,
ultimately producing the final NER predictions.
This step-wise reasoning process not only im-
proves entity recall by encouraging the model to
capture implicit or boundary-ambiguous mentions,
but also facilitates more accurate type classifica-
tion through enhanced contextual understanding.

3 Method
3.1 Task Definition

NER aims to identify and classify entity mentions
in text into predefined semantic categories such as
person, organization, or location. Formally, given
an input sentence

X ={z1,29,...,2,} (1
where x; denotes the i-th token, the objective is to
assign each token a label

Y ={y1,y2.-- -, Un} (2)

with y; € L, where L represents the set of entity
tags following the BIO scheme.

In the generative formulation adopted by recent
LLM-based frameworks, the NER task is refor-
mulated as a conditional text generation problem.
Given an instruction-style prompt P(X) that de-
scribes the extraction task, the model is trained to
generate a corresponding labeled sequence Y:

Y = Decoder(P(X), X) (3)

where Y contains both the original tokens and
their associated entity tags in textual form.

This text-to-text formulation enables a unified
generation-based framework, allowing the model
to generalize across domains and label sets via
natural-language instructions.

3.2 Framework Overview

The overall framework of ReCoT-NER is illus-
trated in Fig. 1.

3.3 Instruction Tuning

Instruction tuning aims to enhance the adaptabil-
ity of language models by fine-tuning them on
diverse natural-language instructions(Wei et al.,
2021; Ouyang et al., 2022). Instead of rely-
ing on task-specific classification heads or hand-
crafted decoding rules, instruction tuning reformu-
lates the task as a unified text-to-text paradigm
and trains the model to follow natural-language
prompts(Raffel et al., 2020). This paradigm has
demonstrated strong cross-task and cross-domain
generalization, and has been widely adopted in re-
cent generative NER frameworks.

In this study, we adopt a generative instruction-
tuning formulation consistent with the task defi-
nition in Section 3.1. Given an input sequence
X and its corresponding instruction-style prompt
P(X), the model is trained to generate a serialized
labeled sequence Y:

~ A~

Y* =argmax p(Y | [P(X); X];0) (4
Y

where 6 denotes the model parameters. The
prompt P(X) explicitly specifies the extraction
task and constrains the output format, guiding the
model to produce token—label pairs that follow the
BIO tagging scheme.

During task-adaptive training, we utilize the
Pile-NER(Zhou et al., 2023) dataset as the
instruction-tuning corpus. This dataset spans mul-
tiple domains and entity types, enabling the model
to acquire general-purpose entity extraction capa-
bilities prior to zero-shot evaluation. Following
standard practice in generative NER, the training
objective minimizes the token-level negative log-
likelihood over the generated sequence:

T

Loen ==Y logp(ji | §<, P(X), X;0) (5)
t=1

where T' denotes the length of the generated out-
put sequence, ¥; is the token generated at decod-
ing step t, and < = (91,-..,%:—1) denotes the
sequence of previously generated tokens.

Through instruction tuning, the model learns
to align natural-language task descriptions with
structured entity extraction behaviors, effectively
bridging language generation and sequence label-
ing(Xia et al., 2023). This design allows the model
to generalize to unseen domains and entity types
without requiring any labeled data from the target
task.
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Figure 1: Overview of the ReCoT-NER framework. Given an input sentence, a CoT instruction explicitly de-
composes the NER task into two stages: entity span detection and entity type classification. The prompted input
is processed by a CoT-guided sequence-to-sequence language model, which performs implicit reasoning during
autoregressive decoding to generate BIO-style entity predictions. During training, the model is optimized with a
recall-oriented loss that selectively reweights token-level learning signals to emphasize entity boundary , thereby

improving entity recall in zero-shot generative NER.

3.4 CoT Instruction Design

To enhance the reasoning capability of genera-
tive NER, we introduce a CoT-based instruction
design(Longpre et al., 2023). Existing genera-
tive NER methods typically adopt concise, task-
oriented prompts that directly request final entity
predictions, without explicitly guiding the model
through entity span detection and type inference.
Such prompt designs provide limited semantic
structure, making it difficult to reliably infer im-
plicit entities or disambiguate highly confusable
entity types.

Motivated by the inherent two-stage nature of
the NER task, we design CoT-guided instructions
that explicitly decompose entity recognition into
two sequential reasoning steps: (i) entity span de-
tection and (ii) entity type classification. As shown
in Fig. 2, the proposed prompt makes this rea-
soning structure explicit at the instruction level,
guiding the model to first identify candidate entity
spans based on contextual cues and then assign ap-
propriate semantic labels.

Each input instance is reformulated into a struc-
tured instruction that specifies the task objective,
output format, and reasoning steps. This design
encourages the model to follow a coherent reason-
ing path during decoding, effectively decoupling

span detection from type classification. The in-
termediate reasoning steps act as implicit supervi-
sion, helping the model learn interpretable extrac-
tion behaviors.

To ensure instruction consistency across differ-
ent domains, we adopt a unified prompt format
while varying the entity type list according to the
target dataset. This strategy enables stable genera-
tion and robust adaptation in zero-shot settings.

3.5 Improved Loss Function

Although instruction tuning enables language
models to generalize across domains, generative
NER frameworks often suffer from low entity re-
call and incomplete span generation in zero-shot
settings. This issue is closely related to the im-
balance in the generative decoding process: the
output sequence typically contains a large num-
ber of non-entity tokens, while entity-related to-
kens occur sparsely(Lin et al., 2017). Under the
standard cross-entropy (CE) objective, all gener-
ated tokens are penalized uniformly, causing the
optimization process to be dominated by frequent
non-entity tokens. As a result, the training signal
associated with entity-related tokens becomes rel-
atively weak, leading the model to favor conserva-
tive predictions and miss potential entities.
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CoT Instruction Tuning
Prompt

Analyze the sentence in two steps:

1. Detect all possible entity spans based
on meaning and context.

2. Classify each detected span into the
most suitable type from: {entity types}.

Output the final BIO tags in the format:
word(label).

Sentence: {Input sentence}

\ J

Figure 2: The CoT instruction tuning prompt used in
ReCoT-NER.

A natural idea to improve recall is to directly
amplify the penalties of entity tokens. How-
ever, in zero-shot settings, the entity types ap-
pearing in the target domain are unknown during
task-adaptive training. Introducing type-specific
weighting would therefore violate the zero-shot as-
sumption or require access to unavailable supervi-
sion. This constraint motivates a more structure-
aware solution that does not rely on entity category
information.

To this end, we propose a recall-oriented loss
function, termed RCLoss, which leverages the
intrinsic structure of the BIO tagging scheme.
Instead of emphasizing specific entity types,
RCLoss focuses on strengthening the supervision
of entity boundary signals. The key observation
is that the B token serves as the unique indicator
of an entity span start. In an autoregressive gen-
eration framework, increasing the confidence of B
tokens naturally facilitates the subsequent genera-
tion of subsequent entity-type tokens and I tokens,
thereby improving complete span recall. A sup-
porting analysis is provided in Appendix C.

Formally, given the predicted probability p; as-
signed by the decoder to the generated token g at
decoding step ¢, the token-level loss is defined as:

Lrecall = Wy - (_ logpt)a

wr — a(l —py),
' B(l_pt>7

where « and 3 are weighting coefficients sat-

J: = B token, (6)
9 # B token.

isfying « > [ > 0. This design selectively
amplifies the learning signal of entity-start predic-
tions, while maintaining moderate penalties for
other tokens. The confidence-aware factor (1 — p;)
further encourages the model to focus on low-
confidence target predictions, allowing potentially
missed entity boundaries to receive stronger su-
pervision without excessively penalizing confident
outputs.

4 Experiments

4.1 Experimental Settings
4.1.1 Datasets

The Pile-NER(Zhou et al., 2023) dataset was
employed as the task-adaptive instruction-tuning
dataset, with CrossNER(Liu et al., 2021),
MIT(Liu et al., 2013), and Wind-Power NER used
for zero-shot evaluation.

Pile-NER.(Zhou et al., 2023) Following Zhou
et al., we adopt Pile-NER as the task-adaptive
training corpus. This dataset is derived from the
Pile corpus, containing approximately 240K en-
tities across 13K distinct entity categories. The
data were automatically annotated using ChatGPT
to produce high-quality entity spans in an open-
domain context. It covers diverse domains such as
news, medicine, law, and entertainment, providing
rich linguistic and entity-type variations. Training
on Pile-NER enables the model to acquire general
extraction abilities before being evaluated on un-
seen domains.

CrossNER and MIT. CrossNER (Liu et al.,
2021) and MIT (Liu et al., 2013) are used as
zero-shot evaluation benchmarks. CrossNER cov-
ers five domains, including literature, Al, poli-
tics, science, and music. Following the settings
of GNER and UniNER, we remove the “else” en-
tity type from CrossNER to maintain a consis-
tent label schema and avoid type ambiguity. The
MIT dataset consists of two subsets, namely MIT-
Movie and MIT-Restaurant. For both benchmarks,
we use the standard data splits adopted in prior
work.

Wind-Power NER. To further assess zero-shot
generalization in specialized technical domains,
we construct wind-power NER, a domain-specific
NER dataset focused on the wind energy sector.
The dataset is curated from real-world operational
documents, including wind farm maintenance re-
ports, technical manuals, and peer-reviewed re-
search articles in wind energy engineering. The
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dataset includes named entities referring to tur-
bine components, operational conditions and fail-
ure modes, annotated in BIO format. Unlike open-
domain benchmarks, wind-power NER reflects the
lexical specificity, contextual ambiguity, and ter-
minological complexity characteristic of industrial
technical writing. As a challenging zero-shot eval-
uation benchmark, it enables us to rigorously test
whether ReCoT-NER can generalize to unseen,
highly specialized terminology. Detailed dataset
statistics and construction details are provided in
Appendix D.

4.1.2 Baselines

The following models are used as baselines for
zero-shot NER:

InstructUIE(Wang et al., 2023) was among the
first to unify information extraction tasks under
a text-to-text formulation, where instruction tun-
ing enables the model to generalize across diverse
tasks and domains.

UniNER(Zhou et al.,, 2023) extended this
paradigm by distilling large-scale synthetic anno-
tations generated by ChatGPT into the LLaMA
model, achieving strong cross-domain generaliza-
tion and robustness to unseen entity types.

GoLLIE(Sainz et al., 2023) introduced detailed
guideline-style prompts that improved the models
comprehension of complex label definitions and
contextual constraints, yielding remarkable zero-
shot performance gains.

GNER(Ding et al., 2024) re-examined the use
of negative instances in generative NER, explic-
itly modeling non-entity tokens within a BIO-style
framework to significantly enhance entity bound-
ary recognition.

4.1.3 Maetrics

We evaluate the model performance using the mi-
cro F1 score, which is a widely adopted metric in
NER tasks. The F1 score is defined as the har-
monic mean of Precision and Recall, formulated
as follows:

Procici TP -
recision = ———————
TP+ FP
TP
Recall = —— 8
T TPIFN ®)

Fl — 2 x Precision x Recall

(©))

Precision + Recall

62

60 -

F1 Score
w
&

561

544

Base (248M) Large (783M)

Model Size

Small (77M)

Figure 3: Effect of model scaling on zero-shot F1 per-
formance across different backbone sizes.

where T'P denotes the number of correctly recog-
nized entity spans, F'P represents the number of
incorrectly predicted entities, and F'N indicates
the number of missed entities.

4.2 Results
4.2.1 Zero-shot Evaluation

Table 1 summarizes the zero-shot performance
across the benchmarks: CrossNER and MIT.
Across all backbone sizes, the proposed ReCoT-
NER consistently outperforms the reproduced
GNER baselines, demonstrating the effective-
ness of integrating CoT reasoning with a recall-
oriented loss. While ReCoT-NER does not al-
ways achieve the best score in every individual
domain, it obtains the highest average F1 at each
model scale, reflecting strong overall robustness.
Notably, even the compact Flan-T5-small model
achieves an average F1 of 53.5, surpassing sev-
eral much larger instruction-tuned systems such
as InstructUIE-11B and UniNER-7B. This high-
lights the efficiency of our design in small-model
settings.

In addition, as illustrated in Fig. 3, scaling the
backbone from 77M to 783M parameters yields
a clear and stable improvement in average F1, in-
creasing from 53.5 to 62.5. This monotonic trend
confirms that the proposed CoT-guided reasoning
and recall-oriented optimization remain effective
as model capacity grows.

To assess the generalization ability of the frame-
work under more challenging distribution shifts,
we further evaluate ReCoT-NER on the Wind-
Power NER dataset. As shown in Table 2, ReCoT-
NER outperforms GNER-TS across all configura-
tions. The Flan-T5-small model achieves an F1
of 41.71, and performance improves with model
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Method Backbone Al  Literature Music Politics Science Movie Restaurant Avg
ChatGPT - 52.4 39.8 66.6 68.5 67.0 53 32.8 475
InstructUIE flan-t5-xx1 (11B) 484 48.8 544 49.9 494 63.0 21.0 47.8
GoLLIE-7B Code-LLaMA-7B 60.3 67.1 64.5 60.8 60.5 63.0 434 59.9
GoLLIE-13B  Code-LLaMA-13B 63.8 60.1 68.5 56.2 61.5 62.5 49.8 60.3
UniNER-7B LLaMA-7B 53.5 59.4 65.0 60.8 61.1 424 31.7 534
UniNER-13B  LLaMA-13B 54.2 60.9 64.5 61.4 63.5 48.7 36.2 55.6
flan-t5-small (77M)  51.0 51.9 67.1 58.9 62.1 41.7 28.5 51.6
GNER-TS5 flan-t5-base (248M)  56.1 57.6 69.9 60.9 63.7 59.5 40.6 58.3
flan-t5-large (783M)  60.6 57.9 75.6 62.1 68.7 57.3 45.5 61.1
flan-t5-small (77M)  53.9 57.0 67.5 60.3 63.2 42.7 29.8 535
ReCoT-NER flan-t5-base (248M)  54.6 59.5 71.7 68.3 64.1 56.1 39.9 59.2
flan-t5-large (783M)  58.5 58.4 77.8 69.2 70.0 57.0 46.5 62.5

Table 1: Zero-shot evaluation results on the benchmark. The best results are highlighted in bold, while the second-
best results are underlined. Results for ChatGPT and UniNER are from(Zhou et al., 2023); InstructUIE are
from(Wang et al., 2023); GoLLIE are from(Sainz et al., 2023).GNER-T5 denotes our reimplementation under

the same training settings as our method.

Method Backbone Wind-Power
flan-t5-small (77M) 38.34

GNER-T5 flan-t5-base (248M) 47.61
flan-t5-large (783M) 53.08
flan-t5-small (77M) 41.71

ReCoT-NER flan-t5-base (248M) 50.10
flan-t5-large (783M) 61.34

Table 2: Zero-shot evaluation results on the Wind-
Power NER dataset, which serves as an out-of-domain
testbed to assess cross-domain generalization.

scale, reaching 61.34 with Flan-T5-large, demon-
strating superior performance in specialized indus-
trial domains.

Overall, the results across both open-domain
and industrial-domain evaluations demonstrate
that ReCoT-NER not only improves zero-shot per-
formance on standard benchmarks but also trans-
fers effectively to real-world specialized scenarios.

4.2.2 Ablation Results

To assess the contribution of each component in
our framework, we perform ablation studies on
the Flan-T5-small backbone, examining CoT and
RCLoss. The results in Table 3 show that remov-
ing either component leads to a clear decrease in
performance, indicating that both are essential to
the effectiveness of the proposed approach.

When CoT is removed, the average F1 score de-
creases from 53.55 to 52.59. This decline demon-
strates that CoT-guided reasoning provides valu-
able structural guidance, allowing the model to
separate span detection from type classification
more effectively. Without this reasoning process,

the model tends to generate incomplete spans or
uncertain label assignments, especially in domains
with complex contextual dependencies such as Lit-
erature and Movie.

Eliminating RCLoss results in an even larger re-
duction in performance, lowering the average F1
score to 51.32. This weakness stems from the
fact that generative NER models naturally under-
extract entities in zero-shot settings, and RCLoss
directly compensates for this issue by increasing
the penalty assigned to low-confidence entity pre-
dictions. Without RCLoss, the model more fre-
quently misses valid spans.

Overall, the full model achieves the highest
scores across almost all domains, showing that
CoT and RCLoss improve orthogonal aspects of
the task. CoT enhances structured reasoning and
span completeness, whereas RCLoss improves the
models ability to recall entity mentions more effec-
tively. Their combination yields more stable and
generalizable zero-shot performance.

4.3 Analysis
4.3.1 Impact of CoT Prompting

To assess the impact of CoT prompting, we com-
pare the full ReCoT-NER model with its ablated
variant without CoT. Results across four repre-
sentative domains, namely Al, Literature, Politics,
and Movie, are shown in Table 4. Overall, the re-
moval of CoT consistently leads to performance
degradation, with varying degrees across domains.

On the Al domain, the recall increases slightly
by 0.44 points; however, this marginal gain is ac-
companied by a notable decrease of 2.57 points
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Method Al Literature Music  Politics Science Movie Restaurant  Avg
Full model 53.96 57.09 67.55  60.38 63.28 42.75 29.85 53.55
w/o CoT 52.62 54.17 66.40  58.89 63.80 40.21 32.02 52.59
w/o RCLoss  51.59 50.47 67.16  57.95 63.36 39.79 28.92 51.32

Table 3: Ablation study of the CoT and the RCLoss on the Flan-T5-small model.

Method AL (R/P) Literature (R /P) Politics (R/P) Movie (R/P)
Full model 58.24/50.26 54.28 /60.21 61.28 /59.51 39.38/46.74
w/o CoT 58.68 / 47.69 51.86/56.70 59.43/58.35 36.46 / 44.81
A (w/o CoT) +0.44 /-2.57 -242/-3.51 -1.85/-1.16 -2.92/-1.93
w/o RCLoss 54.82/48.72 47.93/53.31 57.79/58.12 34.87/46.34
A (w/oRCLoss) -3.42/-1.54 -6.35/-6.90 -3.49/-1.39 -4.51/-0.40

Table 4: Impact of CoT prompting and effect of the RCLoss. R and P denote recall and precision, respectively.

in precision. This suggests that the models abil-
ity to identify entity spans remains essentially un-
changed without CoT guidance, while its ability to
correctly assign entity labels diminishes, leading
to a noticeable drop in precision. In the other three
domains, the influence of CoT becomes more evi-
dent, with significant drops in both recall and pre-
cision.

These results collectively demonstrate that CoT
prompting offers consistent benefits for both
boundary detection and label assignment. By in-
troducing an intermediate reasoning step, CoT en-
courages the model to first identify potential entity
spans before committing to final label generation.
This explicit reasoning structure stabilizes entity
extraction, reduces spurious predictions, and en-
hances the models ability to retain subtle contex-
tual cues, which is particularly important in zero-
shot scenarios where no domain-specific supervi-
sion is available.

4.3.2 Effect of the Recall-Oriented Loss

The effect of the recall-oriented loss is shown in
Table 4. When RCLoss is removed, all domains
experience notable drops in recall, confirming that
the loss function plays a central role in strength-
ening the models sensitivity to entity spans. The
Literature domain shows the most substantial de-
cline, with recall decreasing from 54.28 to 47.93,
a reduction of 6.35 points. This indicates that
recall-focused weighting is particularly important
in domains containing diverse entity categories
and more complex linguistic structures. This pat-
tern highlights that the adaptive weighting mecha-
nism effectively reduces missed detections, which
is essential for zero-shot NER scenarios where en-

tity boundaries and types vary widely across do-
mains.

In addition to improving recall, the loss func-
tion also yields a mild but consistent improve-
ment in precision. This suggests that encouraging
the model to attend more strongly to potential en-
tity tokens does not compromise its discrimination
ability; instead, the strengthened span awareness
helps the model avoid ambiguous or incomplete
predictions, leading to a slight gain in precision as
well.

The results show that RCLoss enhances recall,
which is the primary design objective, while simul-
taneously preserving or even improving precision,
yielding a more balanced and robust entity detec-
tion capability across diverse zero-shot scenarios.

5 Conclusion

This paper presents ReCoT-NER, a generative
zero-shot NER framework that integrates CoT
prompting with a recall-oriented optimization ob-
jective. By explicitly decomposing entity extrac-
tion into entity span detection and entity type clas-
sification, ReCoT-NER introduces structured rea-
soning into the generative NER process. The pro-
posed recall-oriented loss further emphasizes low-
confidence entity predictions, effectively reducing
false negatives and improving span completeness
without compromising classification reliability.
Extensive experiments on the CrossNER and
MIT benchmarks demonstrate that ReCoT-NER
consistently enhances zero-shot performance
across diverse domains and model scales, with
particularly pronounced gains for compact mod-
els. Furthermore, evaluation on wind-power NER
shows that ReCoT-NER maintains robust general-

4652



ization to unseen, highly specialized terminology.
These results further demonstrate the effective-
ness of structured reasoning and recall-aware
optimization in challenging zero-shot scenarios.

Limitations

Although proposed approach achieves competitive
results in zero-shot NER. This work is subject to
several limitations that suggest directions for fur-
ther investigation.

First, the incorporation of CoT is confined to
instruction-level reasoning guidance. Although
the prompt design explicitly encourages a two-
stage reasoning process, the reasoning itself re-
mains implicit during generation, without explicit
modeling or supervision of intermediate reasoning
steps. This design may limit the models ability
to fully capture complex semantic dependencies in
highly specialized or technical texts.

Second, the proposed recall-oriented loss func-
tion is specifically designed to alleviate false nega-
tives by strengthening the learning signal for entity
boundary-related tokens. While this strategy effec-
tively improves entity recall, it does not explicitly
target fine-grained entity type discrimination.

Finally, due to hardware constraints, empirical
evaluation is conducted only on language models
with relatively small parameter sizes. Although
the proposed method demonstrates strong effec-
tiveness under this setting, its behavior and scal-
ability on larger instruction-tuned models remain
to be explored. Future work will extend the eval-
uation to larger-scale models to further assess the
generality of the proposed approach.
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A Implementation Details

All experiments are implemented using the Py-
Torch 2.4.0 framework with the DeepSpeed library
for distributed and mixed-precision training. The
Flan-T5 series, including Flan-T5-small, Flan-T5-
base, and Flan-T5-large, was evaluated to assess
the effect of model scale, with Flan-T5-base serv-
ing as the primary model.

During the task adaptation stage, the model
is fine-tuned on the Pile-NER dataset using the
instruction-tuning paradigm. We set the maxi-
mum input and output sequence length to 640 to-
kens, a batch size of 16. To account for differ-
ences in model capacity and training stability, the
number of training epochs varies across model
sizes: Flan-T5-small and Flan-T5-base are trained
for 20 epochs, while Flan-T5-large is trained for
6 epochs. The AdamW(Loshchilov and Hutter,
2018) optimizer is used with a fixed learning rate
of 5 x 107>, and no weight decay. A constant
learning rate scheduler is applied with no warm-
up steps. The proposed recall-oriented loss uses
«a = 1.2 for B tokens and S = 1.0 for all other to-
kens. The loss function is optimized using the pro-
posed recall-oriented adaptive objective. We em-
ploy bf16 mixed-precision training for efficiency
and stability. Model evaluation is performed at
the end of each epoch, selecting the best check-
point based on the highest average F1 score on the
validation set. All experiments are conducted on
a workstation equipped with two NVIDIA RTX
4090 GPUs, each with 24 GB of memory.

B RCLoss Hyperparameter Sensitivity
Analysis

To further examine the effect of the key hyperpa-
rameter in RCLoss, we conduct a sensitivity anal-
ysis on the Flan-T5-small model. In RCLoss, «
controls the weight of B tokens, while 8 controls
the weight of all other tokens. Since our method
mainly aims to strengthen the learning signal on
entity-start positions, we focus on the influence of
« in this subsection.

Specifically, we fix § = 1.0 and vary « from
1.0 to 2.0 with a step size of 0.1. We report Aver-
age Precision, Average Recall, and Average F1 on

—e— Average Precision
Average Recall
—i— Average Fl

Score (%)

1.0 1.1 1.2 1.3 14 1.5 1.6 1.7 1.8 1.9 2.0
Weight of B token a

Figure 4: Effect of the B-token weight o on Average
Precision, Average Recall, and Average F1 of Flan-T5-
small, with 8 = 1.0 fixed.

the general-domain test sets, including all Cross-
NER subdomains as well as MIT-Movie and MIT-
Restaurant. The results are shown in Fig. 4.

As « increases, Average Recall generally shows
an upward trend, whereas Average Precision grad-
vally decreases. This observation is consistent
with the design motivation of RCLoss: assigning
a larger weight to B tokens makes the model more
sensitive to entity-start positions, which helps re-
cover more entities, but also increases the risk
of predicting non-entity tokens as entity starts,
thereby introducing more false positives.

From the perspective of the overall trade-off,
Average F1 first rises and then declines. When «
increases from 1.0 to 1.2, Average F1 improves
from 53.06 to 53.55, indicating that a moderate in-
crease in the B token weight can improve recall
while still maintaining relatively stable precision.
However, when o becomes larger, the gain in re-
call is gradually offset by a more obvious drop in
precision, which eventually leads to lower F1.

Overall, these results indicate that model per-
formance is moderately sensitive to the choice of
a. A moderate range of « yields relatively sta-
ble performance, whereas overly small or overly
large values lead to noticeable degradation. This
suggests that the recall-oriented enhancement on
entity-start positions should be kept within a
proper range. According to Fig. 4, the best Av-
erage F1 is achieved at o« = 1.2. Therefore, we set
o = 1.2 and 8 = 1.0 as the default hyperparame-
ters of RCLoss in all experiments.

C Tokenization Analysis

In this section, we analyze the tokenization out-
puts of the Flan-T5 variants and BERT on a BIO-
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Model Input Text Tokenization Output
Flan-T5-Small Regarding(0) GERD(B-group) patients(B-group) [’Regard’, ’ing’, ’(’, ’0’, ’)’, ’’, ’'GER’, 'D’, ’(’, ’B’, ’-’, ’group
without(0) globus(0) *y’, ’patients’, '(’, ’B’, ’'-’, ’group’, ')’, ’without’, *(’, ’0’, ’)’, ’
rglob’, 'us’, '(’, 07, )]
Flan-T5-Base Regarding(0) GERD(B-group) patients(B-group) [’Regard’, ’ing’, ’(’, ’0’, ’)’, , 'GER’, ’'D’, ’(’, ’'B’, ’-’, ’group
without(0) globus(0) ’)’, ’patients’, ’(’, ’B’, ’-’, ’group’, ’)’, ’without’, *(’, ’0’, ’)’, ’
rglob’, 'us’, '(’, 07, ’)’]
Flan-T5-Large Regarding(0) GERD(B-group) patients(B-group) [’Regard’, ’ing’, ’(’, ’0’, ’)’, ’’, ’'GER’, 'D’, ’(’, ’B’, ’-’, ’group
without(0) globus(0) ’)’, ’patients’, ’(’, ’B’, ’-’, ’group’, ’)’, ’without’, '(’, ’0’, ’)’, ’
rglob’, 'us’, '(’, 07, )]
BERT (bert-base-cased) Regarding(0) GERD(B-group) patients(B-group) [’Regarding’, ’(’, ’0’, ’)’, ’GE’, ’'##RD’, (', ’'B’, ’-’, ’

without(0) globus(0)

‘patients’, (', ‘B’ -7
P##lo”,

‘group’, ’)’, ’without’, ’(’, '0’, ’)’, ’g’,

#bus’, P (7, 07, *)’]

annotated sentence.

Table 5: Tokenization results of a BIO-annotated sentence using different pretrained language models.

Model Runl Run2 Run3 Average Fl Std

Flan-T5-Small 0.5381 0.5358 0.5328 0.5356 0.0027
Flan-T5-Base  0.5883 0.5918 0.5961 0.5921 0.0049
Flan-T5-Large 0.6247 0.6254 0.6261 0.6254 0.0007

Table 6: Average F1 scores over three independent runs. Std denotes sample standard deviation.

As shown in Table 5, the

boundary marker, which denotes the start of an en-
tity span in the BIO tagging format, is consistently
represented as an independent token across differ-
ent tokenizers. This observation supports the fea-
sibility of the proposed loss design, as it enables
boundary-aware weighting of token-level training
signals by explicitly emphasizing the generation
of B tokens during autoregressive decoding.

D Dataset Details

We construct a domain-specific Named Entity
Recognition dataset for wind power fault diagno-
sis, referred to as Wind-Power NER, to evaluate
zero-shot generalization in a specialized industrial
domain. The dataset is written in English and con-
sists of 1,312 sentences, split into 656 training,
262 development, and 394 test instances, with a
total of 2,384 annotated entities. The dataset de-
fines 11 domain-relevant entity types, including
equipment, event, environmental condition, equip-
ment status, technology, and related contextual cat-
egories. All annotations follow the BIO scheme
and are provided in the standard CoNLL format.
The dataset is curated from wind power domain
texts, including real-world operational documents,
technical manuals, and research materials. To pro-
tect privacy and ensure research compliance, the
collected texts were processed to remove person-
ally identifiable information where necessary. The
dataset is used exclusively for zero-shot evalua-
tion, without any task-adaptive training on the tar-

get domain.

E Experimental Reproducibility and Al
Tool Usage

E.1 Result Reporting.

To ensure the reliability of the experimental re-
sults, all evaluations are conducted over three inde-
pendent runs with different random seeds. The av-
eraged F1 scores and the corresponding standard
deviations are reported in Table 6.

As shown in Table 6, the performance remains
highly stable across repeated runs for all model
sizes. The standard deviations are consistently
small, indicating that the proposed framework pro-
duces reproducible results and is not sensitive to
random initialization.

E.2 Use of AI-Assisted Tools.

We used GitHub Copilot solely as a programming
aid to improve code readability and implementa-
tion efficiency. No Al tools were used to generate
scientific content, including model architectures,
loss function designs, experimental protocols, or
result analysis. All code and experiments were
manually reviewed, validated, and executed by the
authors to ensure correctness and reproducibility.
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