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Abstract

Industrial maintenance and fault-diagnosis systems generate textual records, such as main-
tenance work orders, service requests, causal analyses, and troubleshooting solutions.
These records contain domain-specific named entities that provide valuable knowledge
for intelligent monitoring, fault diagnosis, maintenance decision support, and industrial
knowledge graph construction. However, in practical industrial environments, mainte-
nance records are strongly associated with specific equipment types, production processes,
fault modes, and enterprise-specific terminology. As a result, entity schemas vary across
systems, new entity types emerge with equipment updates, and high-quality annotation
requires substantial domain expertise. These factors make it difficult to obtain sufficient
labeled samples for each industrial entity type. Under such low-resource conditions, con-
ventional supervised named entity recognition (NER) models tend to suffer from unstable
entity boundary detection and biased entity representations. To address these challenges,
this paper proposes a boundary-aware knowledge graph-guided adaptive prototype cor-
rection framework for few-shot NER in industrial maintenance information systems. The
proposed framework first introduces a boundary-aware span detection mechanism to
improve entity localization in noisy and irregular maintenance texts. A knowledge graph-
guided adaptive prototype correction module is then designed to construct entity class
prototypes from limited support examples, reducing prototype bias caused by sparse an-
notations. Experiments are conducted on two representative industrial datasets, MaintIE
and CFDK, covering maintenance short texts and fault-diagnosis records. Experimental
results show that the proposed framework achieves an average Micro-F1 improvement of
1.89 percentage points over the strongest compared baseline across 12 episodic settings on
the two industrial datasets: three MaintIE coarse-grained settings, six MaintIE fine-grained
settings, and three CFDK settings. The ablation and sensitivity analyses further indicate

W) Check for updates that boundary-aware span modeling and KG-guided prototype correction jointly contribute

o ) ) to low-resource entity classification. This study provides a data-efficient information ex-
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1. Introduction

Artificial intelligence is increasingly becoming a core enabling technology for indus-
trial digitalization. In industrial operation and maintenance scenarios, Al techniques can
automatically mine valuable information from maintenance records, fault reports, service
requests, and troubleshooting logs, thereby reducing dependence on manual analysis and
improving the efficiency of knowledge acquisition. As an important technical foundation
for industrial Al, knowledge graphs provide a structured semantic network for repre-
senting entities, attributes, and their relationships in graph form [1,2]. Large-scale open
knowledge graphs such as Wikidata further organize entity names, aliases, descriptions,
categories, and semantic relations, making them useful sources of external knowledge for
label semantic enrichment [3]. Since industrial knowledge acquisition usually starts from
domain-specific named entities, such as equipment, components, fault phenomena, fault
causes, and repair actions, named entity recognition for industrial maintenance texts has
become a fundamental task in Al-enabled industrial information systems [4,5].

Recent industrial large language model research has extended foundation-model adap-
tation to mechanical fault diagnosis under variable operating conditions. In particular,
Xu et al. proposed VOC-LLM, which combines multidimensional vibration-feature fusion,
variable-speed encoding, lightweight domain adaptation, and fault-semantic alignment to
identify fault types and quantify fault severity under changing operating conditions [6].
This signal-oriented diagnostic direction is complementary to the textual information ex-
traction studied here: industrial maintenance systems also contain work orders, service
requests, causal descriptions, and troubleshooting records whose equipment, fault, cause,
action, and property entities must be converted into structured knowledge. This comple-
mentary requirement motivates a lightweight and reproducible few-shot NER framework
for low-resource maintenance texts.

Named entity recognition (NER) is a fundamental task for transforming unstructured
text into structured knowledge. In industrial maintenance and fault-diagnosis scenarios,
NER aims to identify domain-specific entities such as equipment names, components, fault
phenomena, fault causes, service requests, repair actions, operational states, and physical
properties. Accurate entity recognition provides the basis for downstream relation extrac-
tion, event extraction, fault knowledge graph construction, case retrieval, and intelligent
maintenance recommendation. Therefore, industrial NER is not merely a conventional
natural language processing task but an essential component of Al-driven knowledge
acquisition and decision support in engineering applications [7,8].

Despite its practical importance, NER for industrial maintenance and fault-diagnosis
records remains difficult. First, industrial textual records are usually written by field
engineers or operators in concise and irregular forms. They often contain abbreviations,
domain-specific terminology, incomplete grammar, inconsistent expressions, and noisy
descriptions. Second, entity boundaries are frequently ambiguous. A fault phenomenon
or troubleshooting solution may be expressed as a long phrase, while equipment names
and component names may overlap or appear in nested structures. Third, high-quality
annotation is expensive because it requires domain expertise. Unlike open-domain NER
datasets, industrial datasets are typically small, proprietary, and highly dependent on
specific equipment types and maintenance procedures. These factors make it difficult for
fully supervised NER models to achieve stable performance across different industrial
scenarios [4,5].

Existing industrial NER studies have mainly relied on traditional sequence labeling
architectures, such as CRF-based models, BILSTM-CRF models, and pretrained language
model-based variants. These methods have achieved promising results when sufficient
labeled data are available. However, their performance often degrades under low-resource
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conditions because they require abundant annotated examples to learn reliable entity
boundaries and type-specific semantic representations. In addition, standard sequence
labeling methods usually couple boundary detection and entity type classification into a
unified token-label prediction process. This design may amplify boundary errors in noisy
industrial texts and restrict the model’s ability to generalize to unseen or low-frequency
entity types [5,9-16].

Few-shot NER provides a promising direction for industrial information extraction be-
cause it aims to recognize new entity types using only a few labeled examples. Metric-based
and prototype-based few-shot learning methods are particularly attractive, as they classify
query entities by comparing them with class prototypes constructed from support examples.
However, applying few-shot NER directly to industrial maintenance and fault-diagnosis
records still faces several limitations. First, limited support examples may produce biased
or unstable prototypes, especially when entity mentions are semantically diverse within the
same type. Second, many few-shot methods focus primarily on entity type classification and
pay insufficient attention to boundary uncertainty, which is a major error source in indus-
trial texts. Third, domain knowledge, such as label semantics, equipment-fault associations,
and industrial conceptual structures, is often underutilized, although such knowledge can
provide useful priors for entity discrimination in low-resource settings [17-27]. Recent
knowledge-enhanced few-shot NER methods, such as KCL [28] and KGen [29], have shown
that knowledge graphs can improve representation discrimination and label semantic mod-
eling. However, industrial few-shot NER still requires a mechanism that uses knowledge
not only to enrich representations, but also to correct unstable prototypes after reliable span
boundaries have been obtained.

To address these problems, this paper proposes a boundary-aware knowledge graph-
guided adaptive prototype correction framework for few-shot NER in industrial mainte-
nance and fault-diagnosis textual records. The central idea is to decouple entity localization
from entity type discrimination while enhancing both stages with low-resource represen-
tation learning. Specifically, the model first employs a boundary-aware span detection
mechanism to identify candidate entity spans from noisy industrial text. This mecha-
nism is designed to reduce propagation of token-level boundary errors and improve the
model’s sensitivity to entity boundary cues. Then, a knowledge graph-guided adaptive
prototype correction module constructs class representations from support instances and
adaptively refines them according to query context and domain semantic priors. By intro-
ducing knowledge-guided prototype adjustment, the framework can better capture the
semantic characteristics of industrial entity types even when only a few labeled examples
are available.

The proposed framework is evaluated on two representative industrial datasets, Main-
tIE and CFDK, as well as two widely used benchmark datasets for few-shot named entity
recognition, Few-NERD and CoNLL-2003. MaintIE focuses on information extraction from
maintenance short texts and provides fine-grained annotations for industrial maintenance
entities. CFDK focuses on knowledge extraction from compressor maintenance log sheets
and is closely related to equipment fault diagnosis. These two industrial datasets cover
different textual forms, entity schemas, and application contexts, making them suitable for
evaluating the robustness and generalization ability of few-shot industrial NER methods.
In addition, Few-NERD and CoNLL-2003 are used to further verify the effectiveness of the
proposed method under general few-shot NER settings [4,5,30,31]. In the experiments, mul-
tiple N-way K-shot settings represent realistic low-resource scenarios. The proposed model
is compared not only with text-based and span-based few-shot NER baselines but also
with knowledge-enhanced few-shot NER baselines, including KCL and KGen, so that the
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contribution of adaptive prototype correction can be evaluated against methods that also
exploit KG information.
The main contributions of this paper are summarized as follows.

*  We propose a boundary-aware knowledge graph-guided adaptive prototype correc-
tion framework for few-shot NER. The proposed framework explicitly addresses two
key challenges in low-resource entity recognition, namely, boundary detection errors
and prototype instability under scarce supervision. By integrating boundary-aware
span modeling with knowledge-guided prototype correction, the framework improves
both entity localization and entity type discrimination in few-shot scenarios.

*  We design a boundary-aware span detector that separates class-independent entity
localization from entity type classification. Instead of directly assigning entity types
to all tokens, the detector first identifies candidate entity spans and filters out ir-
relevant non-entity tokens. This design reduces the interference caused by noisy
contextual words and provides higher-quality candidate spans for subsequent metric-
based classification.

e We introduce a dynamic prototype correction mechanism with a K-aware gate. This
mechanism adaptively balances support-set evidence and structured semantic prior
information derived from the knowledge graph. When labeled support examples are
extremely limited, the model can rely more on semantic priors to alleviate prototype
bias; when more support examples are available, it can assign greater importance to
data-driven prototype representations.

e We provide a comprehensive experimental design to evaluate the effectiveness and
robustness of the proposed method. Experiments are conducted on standard few-
shot NER benchmarks and industrial maintenance-related datasets under multiple
N-way K-shot settings. In addition, ablation studies and K-shot sensitivity analysis
are performed to verify the contribution of each module and to examine the model’s
behavior under different levels of supervision, especially in low-resource industrial
maintenance information extraction scenarios.

The remainder of this paper is organized as follows. Section 2 reviews related work
on industrial information extraction, named entity recognition, and few-shot learning.
Section 3 introduces the proposed boundary-aware knowledge graph-guided adaptive
prototype correction framework. Section 4 describes the experimental settings, datasets,
baselines, and evaluation metrics. Section 5 presents the experimental results and analysis.
Section 6 concludes the paper and discusses future research directions.

2. Related Work
2.1. Few-Shot NER and Metric Learning

Few-shot named entity recognition aims to recognize new entity types with only
a small number of labeled examples. Compared with fully supervised NER, it is more
suitable for domain-specific scenarios where annotation is expensive and entity categories
change frequently [20,21]. Metric learning has become one of the dominant paradigms in
few-shot learning [17-19]. Prototypical networks learn a representation space in which
each class is represented by a prototype, and query instances are classified according to
their distances to these prototypes [22]. This idea provides a simple and scalable inductive
bias for low-resource classification and has been widely adapted to few-shot NER.

In few-shot NER, metric-based methods usually employ pretrained language models,
such as BERT, to obtain contextual token or span representations [13,14]. The class proto-
type is then constructed from support examples, and query tokens or spans are classified
through nearest-prototype matching. StructShot demonstrated that a nearest-neighbor
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classifier combined with structured decoding can serve as a strong baseline for few-shot
NER [23]. Label-agnostic nearest-neighbor transfer and explicit label-semantic modeling
have further broadened this metric-learning direction [32,33]. CONTaiNER introduced
contrastive learning over Gaussian token embeddings to improve cross-domain general-
ization [24], while prompt-guided contrastive learning and coarse-to-fine label modeling
have explored richer label semantics for few-shot transfer [34,35]. These methods improve
the discriminability of the metric space, but they still mainly rely on support samples to
construct prototypes. When the number of support examples is extremely small, the result-
ing prototypes may be biased, incomplete, or unstable. Moreover, fine-grained semantic
relationships among entity types are not fully exploited.

2.2. Decomposed and Span-Based Few-Shot NER

Most early few-shot NER methods follow a token-wise sequence labeling paradigm.
However, token-wise prediction is easily affected by the dominant non-entity class and
may fail to model explicit mention boundaries. This problem is particularly serious
in low-resource settings, where a small number of labeled examples is insufficient for
learning reliable boundary patterns [20,21]. To alleviate this issue, decomposed and
span-based methods have been proposed to separate entity localization from entity type
classification [25-27].

DecomposedMetaNER sequentially models span detection and entity typing through
a meta-learning framework, showing that decomposing the task can reduce the difficulty of
few-shot NER [25]. SpanProto further transforms sequence labeling into a global boundary
matrix and performs span-level prototypical classification [26]. Subsequent studies have
extended span decomposition through enhanced multi-stage architectures and explicit
boundary-discrimination or correlation-purification mechanisms [36-38]. More recently,
TadNER identified two persistent problems in decomposed few-shot NER systems: over-
detection of false spans and inaccurate or unstable prototypes. It addresses these issues
through type-aware span filtering and type-aware contrastive learning [27]. These studies
indicate that explicit span modeling is beneficial for few-shot NER, especially when entity
boundaries are ambiguous. Nevertheless, most existing span-based methods still construct
prototypes mainly from support spans or type names, without sufficiently considering
structured semantic knowledge among entity types.

2.3. Knowledge-Enhanced and LLM-Assisted Few-Shot NER

Knowledge-enhanced NER methods introduce external semantic information to en-
rich entity and type representations. In few-shot settings, such knowledge is particularly
useful because support examples are often too limited to provide complete class seman-
tics. KCL is a representative knowledge-enhanced few-shot NER method that combines
knowledge graphs with contrastive learning. Its main objective is to improve the discrim-
inability of the representation space by pulling semantically related entity representations
closer and pushing unrelated representations apart. Therefore, KCL can improve few-shot
NER by using graph knowledge as an auxiliary representation-learning signal, but it still
follows the encoder-based prototype learning paradigm and focuses primarily on represen-
tation separation rather than span boundary correction or sample-size-aware prototype
reliability [28]. In biomedical NER, knowledge-guided instance generation has also shown
that graph relations can help enrich scarce training samples and improve entity recognition
performance [39]. These studies suggest that structured label and entity knowledge can
serve as an effective semantic prior for low-resource NER [1-3].

KGen more directly investigates what knowledge graphs can contribute to few-shot
NER [29]. It introduces KG-derived class features and injects knowledge from both the
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input-sentence side and the label-semantic side, making it more systematic than methods
that use KG information only as auxiliary representation regularization. This design is
closely related to the label semantic enrichment problem addressed in this paper. However,
KGen mainly emphasizes knowledge injection for class-feature construction and semantic
matching, whereas KG-APC further couples KG-derived type priors with boundary-aware
span detection and adaptive prototype correction. In other words, KG-APC is designed to
handle two industrial few-shot NER bottlenecks simultaneously: incomplete or noisy entity
boundaries and unstable prototypes produced from very limited support spans. Recent
knowledge-enhanced NER studies, such as Know-Adapter [40] and SCANNER [41], also
show that external knowledge can be injected through adapters, graph-aware representa-
tion learning, and multi-modal semantic alignment, but they do not explicitly model the
sample-size-dependent balance between support evidence and KG priors in fine-grained
industrial NER.

Recent large language model-assisted methods provide another direction for im-
proving few-shot NER. For example, Double-Checker and BANER use large language
models to verify candidate spans or enhance boundary-aware few-shot extraction [42,43].
PromptNER also shows how entity definitions and demonstrations can guide LLM-based
few-shot extraction [44], building on the broad few-shot capability of large language mod-
els [45]. These approaches show strong potential because large language models contain
rich general and domain knowledge. However, they may require higher computational
cost, careful prompt design, and additional inference procedures. Therefore, a compact
and trainable knowledge-guided metric model remains valuable, especially for industrial
maintenance information systems where deployment efficiency and annotation cost are
important considerations.

For industrial fault diagnosis, Xu et al. developed VOC-LLM to couple multidi-
mensional vibration features and variable-speed information with a lightly adapted large
language model, thereby supporting interpretable fault-type recognition and quantita-
tive severity assessment under variable operating conditions [6]. Their laboratory and
industrial-platform evaluations demonstrate the potential of domain-adapted large mod-
els for predictive maintenance. VOC-LLM and KG-APC nevertheless address different
modalities and task levels: VOC-LLM performs diagnosis from operating signals, whereas
KG-APC extracts fine-grained entities from maintenance text under few-shot supervi-
sion. The two directions are complementary because structured equipment, fault, cause,
and maintenance-action entities can support the textual knowledge layer used alongside
signal-based diagnosis and downstream maintenance decision support.

Different from existing methods, the proposed KG-APC follows the two-stage philoso-
phy of decomposed few-shot NER but focuses on knowledge-guided prototype correction.
Instead of relying only on type names or limited support spans, KG-APC obtains graph-
aware type priors from the structural neighborhoods of entity types and uses them to
adaptively correct episode-level prototypes. Compared with KCL, KG-APC does not use
the KG only to regularize the embedding space through contrastive learning; compared
with KGen, it does not only inject KG-derived class features from the input and label sides.
Instead, it explicitly uses the KG prior to correct support-set prototypes through a K-aware
gate after boundary-aware span detection has produced cleaner candidate mentions. In this
way, the model jointly addresses boundary detection errors and prototype instability un-
der scarce supervision, while maintaining a lightweight metric-learning framework for
few-shot industrial NER.
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3. Knowledge Graph-Guided Adaptive Prototype Correction Framework
3.1. Problem Definition

A few-shot NER task is formulated as a sequence of episodic recognition prob-
lems. Each episode contains an entity type set C = {c1,¢2,...,cnN}, a support set
S = {(x5,y)}¥*X and a query set Q = {xj }]1\1 1- Here, C denotes the episode-specific
label space, c; is the i-th entity type, and N is the number of entity types in the episode.
An episode with N entity types and K labeled support examples for each type is called
an N-way K-shot episode. In the support set, x; denotes the i-th support sentence or
text instance, y; denotes its gold entity annotation, and the superscript s indicates that
the example belongs to the support set. Similarly, x;’ denotes the j-th query instance,
the superscript g indicates that it belongs to the query set, and M is the number of query
instances. For a query sentence X = (x1,. .., x;), the model outputs a set of entity predic-
tions Y = {(bm, em,cm)}, where by, and e, are the start and end boundaries of the m-th
predicted entity span and c;, € C is its predicted entity type. Spans that do not correspond
to entities are rejected by the boundary detector or by a confidence threshold.

In addition to the support and query examples, KG-APC uses Wikidata as the external
knowledge graph G = (V, R, A) to provide structured semantic priors for entity types [3].
The node set V contains entity type nodes and may also include entity nodes, attribute
nodes, or other concept nodes retrieved from Wikidata. The relation set R describes
semantic links among these nodes, such as instance-of, subclass-of, related-to, and attribute-
oriented relations. The auxiliary information set .A contains textual aliases, descriptions,
or type definitions associated with Wikidata nodes. Under this setting, the learning objec-
tive is to learn the conditional distribution of entity predictions given the query sentence,
the support set, and the external graph, namely, P(Y | X, S, G), and to select the prediction
set that best matches the entity boundaries and types in the query text.

The KG-APC framework consists of three main components: a boundary-aware span
detector, a dynamic prototype constructor with knowledge graph priors, and a metric-based
classifier. The boundary-aware span detector first generates candidate mentions without
assigning fine-grained entity types. The dynamic prototype constructor then builds an
initial textual prototype for each entity class and corrects it using structured semantic priors
from a knowledge graph. Finally, the metric-based classifier compares each query span
with the corrected class prototypes and assigns the most likely entity type. The overall
architecture of KG-APC is illustrated in Figure 1.

3.2. Boundary-Aware Span Detection

The span detector enumerates candidate intervals [i, j] for a sentence X = [x1,..., X,],
where X is the input token sequence, x; is the f-th token, and 7 is the sentence length. The
indices 7 and j denote the start and end positions of a candidate span, respectively, with
1 <i <j < n. For instance, in the MaintIE maintenance short-text example “change out
engine”, the phrase “change out” forms a complete maintenance-activity span and “engine”
forms a physical-object span, whereas the partial token “change” alone does not preserve
the complete activity mention [4]. This boundary distinction is especially important for
few-shot NER in industrial maintenance data, because maintenance records are often short,
elliptical, and written with domain-specific action—object expressions. If the model directly
assigns entity labels to individual tokens, it may split multi-token actions or merge adjacent
equipment and fault descriptions into incorrect entities. By detecting complete candidate
spans before type classification, the model can provide cleaner entity candidates and reduce
boundary-induced classification errors under scarce annotations.

First, we use a pretrained Transformer encoder, such as BERT [13] or RoBERTa [14],
to obtain contextual token representations [k, ..., hy] = Enciext(X1, - .., Xn ). Here, Enciext
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denotes the text encoder and #; is the contextual embedding of token x;. Each span repre-
sentation s;; concatenates the start token, end token, pooled internal context, and trainable
boundary and length embeddings, following the motivation of explicit span modeling in
few-shot NER [25-27].

sij = MLPs (h; || hj || Pool(hij) || wi—iy1 | b; || bj)- 1
In this equation, s;; is the final representation of the candidate span from position i to
position j. The function MLP;s is a multilayer perceptron used to project the concatenated
span features into the span representation space. The vectors /; and h; represent the contex-
tual embeddings of the start and end tokens, while Pool(;.;) denotes a pooling operation
over all token embeddings inside the span. The symbol || denotes vector concatenation.
The term w;_; 1 is a trainable length embedding indexed by the span length j —i +1,
and b; and b; are trainable boundary-position embeddings associated with the start and
end positions.

KG-APC Framework for Few-Shot Industrial Named Entity Recognition
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Figure 1. Architecture of KG-APC with boundary-aware span detection and adaptive prototype cor-
rection.

After obtaining the span representation, the detector needs to decide whether the
candidate interval [i, j] corresponds to a complete entity mention rather than a partial
phrase or a non-entity fragment. We therefore apply a binary boundary scoring layer to s;;.
This layer compresses the span-level representation into a scalar confidence score, where a
larger value indicates that the start and end positions are more likely to form a valid entity
boundary. The boundary score is computed as follows:

Bij = sigmoid (wbsij + bb) 2)

The scalar B;; denotes the boundary confidence score of span [i, j]. The vector w, and
scalar by are the weight and bias parameters of the boundary scoring layer, respectively.
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The sigmoid function maps the raw boundary score into the interval [0, 1], so that B;; can
be interpreted as the probability that span [i, j| corresponds to a valid entity mention.

After all candidate intervals have been assigned boundary scores, the detector filters
them using a fixed threshold. This step converts the dense set of enumerated intervals
into a smaller set of candidate entity spans that will be passed to the subsequent type
classification module. The candidate span set is defined as follows:

Scand = {[Z/]] | Bij > Tb}- 3)

The set S¢ang contains all candidate spans whose boundary confidence scores are no smaller
than the threshold 1,. Thus, T, controls the trade-off between retaining more potential
entity mentions and filtering out false spans at the boundary detection stage.

Since gold entity annotations are available in the training set, we construct positive
spans s, and negative spans s, for boundary representation learning. Specifically, positive
spans are defined as spans that exactly match the gold entity boundaries, while negative
spans are generated by random sampling or by selecting spans with inappropriate lengths,
such as overly long or overly short spans. To make the span encoder sensitive to boundary
correctness, we organize the training spans into triplets and optimize a margin-based con-
trastive objective. This objective pulls an anchor span closer to a correct-boundary span and
pushes it away from an incorrect-boundary span [24,46]. For each training triplet, a denotes
an anchor span representation, s, denotes a positive span representation with a correct
boundary, and s,, denotes a negative span representation with an incorrect boundary.

Lea =Y, max(0, d(a,sp) —d(a,sn) +my). (4)

(ﬂrspzsn)

Here, Lpa denotes the boundary-aware contrastive loss. The distance function d(-, -) mea-
sures the distance between two span representations in the embedding space, and m,, is the
margin that enforces a minimum separation between positive and negative boundary pairs.
The hinge term max(-) penalizes cases in which the anchor span is not sufficiently closer to
the positive span than to the negative span. By minimizing this loss, the detector learns
boundary representations that distinguish correct entity spans from noisy or incomplete
candidate spans.

3.3. Adaptive Prototype Correction with KG Prior

Prototype learning is a natural choice for few-shot NER because it converts each
entity type into a representative vector and classifies query spans by their distance to
these type representations. However, in industrial maintenance scenarios, a prototype
constructed only from a few support mentions is often unstable. Maintenance texts contain
many abbreviated actions, equipment names, fault descriptions, and component aliases,
and different episodes may sample very different mentions for the same entity type. Asa
result, a purely textual prototype can be biased toward the accidental wording of the
current support set rather than the stable semantics of the entity type.

The core idea of Adaptive Prototype Correction with KG Prior is to treat Wikidata as a
semantic anchor for prototype construction. Instead of replacing the support-set evidence,
the KG prior provides complementary information about the entity type, including aliases,
textual descriptions, parent concepts, related concepts, and representative instances. This
is particularly useful for low-shot industrial NER, where the support set may contain only
one or a few mentions of a type, but Wikidata can still provide broader semantic context
for concepts such as equipment, components, maintenance actions, fault phenomena,
or diagnostic attributes. In this way, knowledge graph enhancement changes the role
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of prototypes from simple averages of scarce examples to corrected representations that
combine episode-specific textual evidence with more stable type-level semantics.

In this paper, the external KG is implemented with Wikidata [3]. For each entity
type in the episode, we link the type name and its available aliases or descriptions to
Wikidata items, and we then retrieve a local semantic neighborhood from the linked item.
This unified KG source is used for both general few-shot NER benchmarks and industrial
maintenance datasets. For MaintIE and CFDK, entity schema labels such as physical objects,
activities, equipment, faults, causes, and troubleshooting solutions are aligned to Wikidata
through type names, aliases, and short descriptions, so that the KG encoder can retrieve
structured semantic context for each target entity type [4,5]. Therefore, the knowledge prior
used by KG-APC is not an unrelated external signal but a structured representation derived
from Wikidata concepts that are semantically aligned with the label space to be recognized.

To make the KG component reproducible, we use a deterministic type-to-Wikidata
alignment protocol. For each entity type, the label name, aliases, and short definition are
first normalized by lowercasing, lemmatization, and removal of punctuation. Candidate
Wikidata items are then retrieved by exact label matching, alias matching, and description
matching. When multiple items are retrieved, priority is given to items whose descriptions
are semantically closest to the dataset definition and whose local neighborhood contains
maintenance-, equipment-, state-, process-, or property-related concepts. If no reliable item
is found, the type is linked to the nearest superclass concept and marked as a weakly aligned
type. The retrieved neighborhood is restricted to one-hop and two-hop relations used in
Wikidata, including subclass-of, instance-of, part-of, has-part, attribute-oriented relations,
and semantically related claims. To avoid introducing excessive noise, each type retains
the top-ranked neighbors after duplicate removal and relation filtering. Node features are
initialized by encoding the concatenation of the item label, aliases, and description with the
same text encoder used for span representation, and relation labels are used as edge-type
indicators in the graph encoder. Representative type-to-Wikidata alignments and their
retained two-hop neighborhoods are summarized in Table 1.

For the MaintIE fine-grained setting, we use the 32-class intermediate granularity de-
fined by the MaintlE schema, consisting of the 5 top-level classes and their 27 second-level
subclasses. To keep the core method description concise, Table 2 presents a represen-
tative excerpt spanning the 5 top-level branches, while the complete mapping of all 32
types is provided in Supplementary Table S1. The neighborhood size remains consis-
tent with the experimental configuration: each type retrieves a relation-filtered two-hop
Wikidata neighborhood.

The correction must also be adaptive. When the episode is extremely low-shot, the KG
prior should contribute more because the support-set prototype is noisy; when more
support examples are available, the textual prototype becomes more reliable and should
dominate the final representation. KG-APC therefore introduces a sample-size-aware gate
to learn how much information should be taken from the support examples and how
much should be taken from the KG prior for each entity type. This design preserves
the flexibility of metric-based few-shot learning while reducing prototype bias in sparse
industrial annotation settings.
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Table 1. Examples of type-to-Wikidata alignment and representative two-hop neighborhoods used

for KG prior construction

Representative Retained

Dataset Entity Type Wikidata Anchor Concept Two-Hop Neighborhood

MaintlE coarse  PhysicalObject physical object/equipment equipment, machine, .
component, part-of relation

MaintlE coarse State state/condition C(.mdltlor.l’ operating state,
diagnostic state, fault state

MaintlIE coarse = Process process/event operation, temporal event,
functional process

MaintIE coarse  Activity activity /maintenance maintenance, task, action,
work order

. . attribute, temperature,

MaintlE coarse  Property property /physical property pressure, vibration

CFDK Equipment equipment compressor, subsystem, .
component, part-of relation
malfunction, fault

CFDK Fault fault/failure phenomenon, abnormal state,
failure process

CEDK Service Request service request/maintenance maintenance, repair request,

request work order, service action

fault cause, diagnostic

CFDK Cause cause/reason explanation, failure
mechanism, reason
corrective action, repair

CFDK Troubleshooting Solution troubleshooting /repair procedure, maintenance action,

solution

Table 2. Representative excerpt of the MaintIE fine-grained entity mapping and retained two-hop
Wikidata neighborhoods. The complete 32-type mapping is provided in Supplementary Table S1.

Representative MaintIE Type

Wikidata Anchor Concept

Representative Retained Two-Hop Neighborhood

Activity /MaintenanceActivity
Activity /SupportingActivity
PhysicalObject/SensingObject
PhysicalObject/DrivingObject
State/UndesirableState
Process/UndesirableProcess
Property/DesirableProperty
Property /UndesirableProperty

maintenance/repair activity
supporting activity /operation
sensor/measuring instrument
drive/actuator

repair, replacement, inspection, calibration

operation, measurement, isolation, assembly

pressure sensor, temperature sensor, flow sensor, diagnostic device
motor, engine, actuator, drive unit

fault state/abnormal condition
undesirable process/failure process
desirable property /acceptable attribute
undesirable property/abnormal attribute

failed, degraded, abnormal, seized

leakage, overheating, wear, interruption

nominal value, acceptable pressure, normal temperature
excessive vibration, high temperature, low pressure

Following this motivation, we first construct a textual prototype from the support set

and then correct it with a graph-derived type prior. For each entity type ¢, we extract the

representations of all gold entity spans of this type from the support set and compute their

mean representation as the initial textual prototype .. Let S; denote the subset of support

examples or support spans labeled as entity type c, and let |S;| denote the number of such

labeled spans. For each pair (x,y) € S, x denotes a support text instance and y denotes the

corresponding gold entity span or entity annotation. The function hspan(x,y) extracts the
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span representation associated with annotation y in input x. This prototype summarizes
the gold entity representations of type c in the support set:

N 1
Pc = |S | Z hspan(x; ]/) ®)
U (xy)ese

The vector f, is therefore the support-set-based textual prototype of class c. It is computed
by averaging the span representations of all available support mentions of that class.
Because K is small in few-shot learning, fir may be sensitive to the specific examples
sampled in the episode.

Since only a few support examples are available in the K-shot setting, the initial
textual prototype p. may suffer from sample selection bias, contextual shift, and entity
ambiguity. To mitigate these problems, we introduce a KG encoder to derive the structured
prior representation eXC for the same entity type. For each entity type node c linked
to Wikidata, we retrieve its one-hop or two-hop neighborhood N(c), which consists of
superclass concepts, related items, attributes, representative instances, and relation nodes.
The neighbor nodes of entity type ¢ are denoted as v € N(c). In the graph encoder, hél)
denotes the representation of the central entity type node c at layer /, and hg,l) denotes the
representation of a neighboring node v at the same layer. We then adopt a graph attention
network [47] to adaptively aggregate the neighboring information and obtain the structured
knowledge prior XS for entity type ¢, consistent with prior evidence that knowledge graphs
can improve label semantic modeling under low-resource NER settings [28,39]. The first
step of this graph encoding process is to compute how relevant each neighboring node is
to the central entity type node:

el!) = LeakyReLU (a(l )T [w(”hﬁ” | w<’)h£,’)] ) : ©6)
The value eg,) is the unnormalized attention score between the central entity type node
¢ and its neighboring node v at GAT layer [. The matrix W() is the layer-specific linear
transformation applied to node features, and a(!) is the trainable attention vector at layer .
The superscript T denotes vector transpose. The LeakyReLU function introduces nonlin-
earity before attention normalization, allowing the model to assign different importance
values to different semantic neighbors.

The raw scores eg,) are not directly comparable across neighborhoods until they
are normalized. Therefore, for each central node c, we apply a softmax operation over
its neighboring nodes so that the model obtains a distribution of attention weights for
knowledge aggregation:

zxg,) = softmaxy (eg})). (7)

The coefficient zxg,) is the normalized attention weight from node c to node v at layer [.
The operator softmax, normalizes the scores over all neighboring nodes v of the same
central node ¢, so that more informative neighbors receive larger aggregation weights.

After the attention weights have been obtained, the KG encoder aggregates the trans-
formed representations of neighboring nodes. This produces a graph-derived type prior
that summarizes the structural context of entity type c:

efG =0 Z acoWhy | . (8)
veN(c)
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In this aggregation step, N (c) denotes the neighborhood of entity type node c in the
knowledge graph and is used consistently with N(c). The term a., denotes the final
attention weight assigned to neighbor v, W is the graph-level projection matrix, and &,
is the final representation of neighbor node v. The activation function ¢(-) maps the
aggregated neighbor information into the structured prior representation eXG. This vector
encodes semantic information about type c that is not necessarily observable from the
limited support examples.

We further design a sample-size-aware gating mechanism g.. Intuitively, when K is
small, the model should rely more on the KG prior; when K becomes larger, the support-set
prototype becomes more reliable. We use g. exclusively for the class-specific fusion gate,
while a., remains the graph attention coefficient from node c to neighbor v. Before comput-
ing the gate, we encode the shot number into a bounded scalar so that the model can use
the amount of support evidence as an explicit input:

l_cztanh< K > )

max

Here, k is a normalized scalar representation of the shot number. The value K is the number
of labeled support examples per class, and Kmax is the maximum shot number considered
in the training or evaluation setting. We set Kjax = 10, matching the largest shot value
used in the reported industrial experiments. The hyperbolic tangent function tanh(-) maps
the ratio K/ Kmax into a bounded range, allowing the gate to perceive the relative amount
of support evidence available in the current episode.

Given the textual prototype, the KG prior, and the normalized shot indicator, the model
computes a class-specific fusion weight. This gate determines whether the corrected
prototype should be closer to the support-set evidence or to the structured graph prior:

g = O'(Wg [ﬁc | X | l_c} + bg). (10)

In the gate computation, W, and b, are trainable parameters of the gating layer. The input
to the gate is the concatenation of the initial textual prototype f, the KG prior e, and the
normalized shot indicator k. The sigmoid function o(-) produces the gate value g, which
controls how much the final class prototype should rely on support-set evidence rather
than structured prior knowledge.

Finally, KG-APC uses the gate value to interpolate between the two sources of class
information. The support-set prototype provides episode-specific textual evidence, whereas
the KG prior provides more stable semantic structure. The corrected prototype is obtained
by the following weighted fusion:

pe = gePe + (1 — gc)erC. (11)

The vector p. is the corrected prototype of entity type c. When g is close to 1, the corrected
prototype is dominated by the textual prototype f.; when g is close to 0, it relies more on
the KG prior eXC. This adaptive interpolation allows KG-APC to reduce prototype bias
in extremely low-shot cases while preserving data-driven evidence when more support
examples are available.

3.4. Metric-Based Classification

After obtaining the refined prototype p. for each entity type, we classify query spans
by comparing them with class prototypes in the embedding space. Each candidate span s;;
is treated as a query instance, and each refined prototype p. represents entity type c. Cosine
similarities between s;; and all prototypes are normalized by a softmax function to obtain
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the type distribution, following the general metric-classification principle of prototypical
few-shot learning [22]:
P(c | s;7) = softmax; (cos(sjj, pc)). (12)

The term P(c | s;;) denotes the predicted probability that candidate span [, j], represented
by s;;, belongs to entity type c. The function cos(s;j, pc) computes the cosine similarity
between the query span representation and the corrected prototype of class c. The operator
softmax, normalizes similarities over all candidate entity types in C, producing a probability
distribution over the episode-specific label space.

The overall loss consists of the type classification loss and the boundary-aware con-
trastive loss. Let D5 denote the set of candidate spans used for supervised type classi-
fication during training. For each candidate span (i,j) € Dgs, yfj is a binary indicator
that equals 1 if span [i, j| belongs to class ¢ and 0 otherwise. To train the metric classifier,
we compare the predicted type distribution with the gold span label and minimize the
span-level cross-entropy loss:

1
Las = Dl Y. ) vilogP(c|sy). (13)
cls (irj)EDcls ceC

The loss L, is the cross-entropy loss for span-level entity type classification. The denom-
inator |Dgs| normalizes the loss by the number of supervised candidate spans, and the
inner summation over ¢ € C accumulates the classification error across all entity types.
The logarithm term log P(c | s;;) penalizes the model when it assigns low probability to the
correct class.

The final training step combines type discrimination and boundary representation
learning. This joint objective allows the model to improve span localization and entity type
assignment at the same time:

L = Lqs+ ApaLBA- (14)

The final training objective £ combines the classification loss L5 and the boundary-aware
contrastive loss Lga. The hyperparameter Aga controls the relative contribution of bound-
ary representation learning. A larger Aga places greater emphasis on boundary discrimina-
tion, whereas a smaller value makes the model focus more on entity type classification.

3.5. Computational Efficiency Analysis

To characterize the computational requirements of KG-APC before presenting the
empirical efficiency comparison, we analyze its time and space complexity. The corre-
sponding measurements of inference latency, FPS, FLOPs, parameter count, training time,
memory usage, and Wikidata retrieval cost are reported later in Section 4.5. Let n denote
the input sentence length, Lnax denote the maximum candidate span length, C denote
the number of entity types in an episode, and d denote the hidden dimension. In the
boundary-aware span detector, candidate spans are enumerated under a maximum-length
constraint, and therefore the number of candidate spans is bounded by

|Scand| < 7Lmax- (15)

This reduces the span enumeration cost from the unconstrained O(n?) scale to O(#Lmax)-
The span scoring stage has complexity O(#Lmaxd), and the metric classification stage
compares each retained span with C corrected class prototypes, resulting in a complexity of

O(|Scand|Cd) = O(nLmaxCd). (16)
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The KG encoder aggregates local type-neighborhood information from Wikidata. If the
graph aggregation is performed online, its asymptotic complexity is O(Lg|E! |d), where L,
is the number of GAT layers and |Eép | denotes the number of edges in the episode-specific
local KG. In our implementation, Wikidata neighborhoods are retrieved and cached before
episodic training and inference. Therefore, the online inference stage only needs to load
cached type priors and perform adaptive prototype correction, reducing the practical KG-
related inference cost to O(Cd). Considering the RoBERTa encoder, the overall inference
complexity of KG-APC can be written as

O(Len®d + Lend® + nLmaxd + Lg|EX|d + nLmaxCd), (17)

where L, is the number of Transformer layers. With cached KG priors, the practical online
complexity becomes
O(Len®d + Lend® 4 nLmaxCd). (18)

Thus, KG-APC remains in the same complexity class as two-stage span-based prototype
methods, while introducing only a small and controllable KG-prior lookup and prototype-
correction overhead.

The space complexity of KG-APC is

O(Py + nd + |Seanald + Cd + |V |d), (19)

where Py denotes the model parameters and |Vép | denotes the number of local KG nodes
used in the current episode. After KG-prior caching, the online space complexity is
reduced to

O(Py + nd + nLmaxd + Cd). (20)

This analysis predicts a substantially smaller online time and space footprint than LLM-
assisted methods such as BANER [43]. Although BANER uses LoRA for parameter-efficient
tuning, its inference pipeline still loads a LLaMA-2-7B-scale backbone, whereas KG-APC
uses RoBERTa-base and cached type priors. The empirical comparison in Section 4.5 tests
whether this structural difference translates into lower latency, fewer FLOPs, and lower
peak memory under the same hardware environment.

4. Experiments and Results

The experiments were designed to answer four questions. First, we examined whether
KG-APC improves few-shot NER on industrial maintenance data, where entity mentions
are short, domain-specific, and often difficult to delimit. Second, we compared KG-APC
with representative few-shot NER baselines on general benchmarks to test whether the
method remains competitive outside the industrial domain. Third, we measured whether
the compact encoder and offline KG caching provide practical time- and space-efficiency
advantages over the LLM-assisted BANER baseline. Fourth, we conducted ablation and
sensitivity analyses to isolate the contributions of the knowledge graph prior, the adaptive
gate, and boundary-aware span detection. The evaluation therefore covers MaintIE, CFDK,
Few-NERD INTER, Few-NERD INTRA [30], and a fixed-K few-shot setting built from
CoNLL-2003 [4,5,31].

4.1. Datasets and Task Settings

MaintlE is an industrial maintenance information extraction benchmark built from
maintenance short texts [4]. It contains 1076 multi-annotator fine-grained annotated texts
and provides a hierarchical entity schema for maintenance records. We construct two
few-shot NER settings from MaintIE. The first is a coarse-grained NER setting, where
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each episode is a 5-way task over the five top-level MaintlE classes: PhysicalObject, State,
Process, Activity, and Property. This setting evaluates whether a model can recognize
broad maintenance entity categories with very limited support examples. The second is a
fine-grained NER setting, where each episode samples entity types from 32 intermediate
fine-grained MaintlE types. This setting is more challenging because fine-grained types
are semantically closer to each other and because short maintenance texts often contain
compact action-object and fault-state expressions.

CFDK is a compressor fault diagnosis knowledge extraction dataset constructed from
maintenance log sheets [5]. It contains 6196 valid text pairs and was annotated by three
domain experts. The annotation schema includes five entity or sequence categories: Equip-
ment, Fault, Service Request, Cause, and Troubleshooting Solution. Because CFDK has
exactly five target categories in our few-shot formulation, we evaluate it under 5-way
1-shot, 5-way 5-shot, and 5-way 10-shot settings. However, the 5-way label space does not
make CFDK a simple dataset. The difficulty differs substantially across categories: Equip-
ment mentions are usually shorter and more regular, whereas Cause and Troubleshooting
Solution often appear as long descriptive sequences with complex boundaries. The original
fully supervised CFDK results also show that these harder categories obtain clearly lower
recognition performance than easier equipment-related categories [5]. The dataset comple-
ments MaintIE by focusing on compressor fault diagnosis rather than general maintenance
short texts, which allows us to test whether KG-APC transfers across different industrial
maintenance scenarios.

MaintIE and CFDK, the two industrial datasets used in this study, are publicly avail-
able research datasets rather than private collections. Their original dataset papers provide
the corresponding public repository addresses and access information [4,5]. We use only
these publicly released data and do not use IMER or any private industrial subset. To make
the evaluated industrial examples and model decisions more directly inspectable, Sec-
tion 4.8 further presents a MaintlE case study with the query text, enumerated candidate
spans, boundary scores, prototype decisions before and after KG correction, and gold
fine-grained labels.

Few-NERD provides a two-level fine-grained entity taxonomy and is widely used for
few-shot NER evaluation [30]. The INTER split evaluates transfer to unseen entity types
across coarse domains, whereas the INTRA split evaluates fine-grained discrimination
within the same coarse-grained domain. We report 5-way 1-shot, 5-way 5-shot, 10-way
1-shot, and 10-way 5-shot results for Few-NERD. CoNLL-2003 contains four coarse-grained
English news-domain entity types, PER, LOC, ORG, and MISC, and it is used as a sup-
plementary fixed-K benchmark [31]. Since CoNLL-2003 has four entity categories, it is
evaluated as a 4-way setting with K =1, K =5, and K = 10.

For all episodic experiments, an N-way K-shot episode contains N sampled entity
types and K labeled support examples for each type. We use 5-way 1-shot, 5-way 5-shot,
and 5-way 10-shot settings for the industrial datasets where the label space supports them.
For datasets or label spaces with more than five available categories, including MaintIE fine-
grained and Few-NERD, we further report 10-way settings to evaluate model robustness
under a larger episode label space. In MaintIE fine-grained, this includes 10-way 1-shot,
10-way 5-shot, and 10-way 10-shot episodes. Micro-F1 is used as the main evaluation
metric because it jointly reflects entity boundary detection and entity type classification
performance at the corpus level.

For each locally evaluated dataset, support and query examples are sampled episode
by episode from non-overlapping splits. The same sampled episodes are reused across
locally evaluated models in a given setting to reduce sampling-induced variation. For Few-
NERD baselines quoted from the BANER comparison protocol, we follow the published
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episode setting instead of claiming local resampling. Five random seeds are used for
episode construction and model initialization in local experiments. The validation split is
used for early stopping and hyperparameter selection, while the test split is used only for
final reporting. For the industrial datasets, MaintIE coarse-grained and CFDK are evaluated
under 5-way episodes because their target label spaces contain five top-level categories,
whereas MaintlE fine-grained additionally supports 10-way episodes because it contains
32 intermediate fine-grained types.

4.2. Baselines

The compared methods cover the main NER model categories discussed in the related
work. ProtoBERT is a pretrained language model-based metric learning baseline. It
constructs class representations from support examples and classifies query tokens or spans
by similarity to those prototypes [20]. This model represents the prototypical-network
family of few-shot NER methods.

CONTaiNER belongs to the contrastive few-shot NER category. It improves the
embedding space by contrastive learning over contextual representations, aiming to make
same-type entities more compact and different-type entities more separable under domain
transfer [24]. DecomposedMetalNER represents decomposed few-shot NER methods. It
separates entity span detection from entity type classification, reducing the difficulty
of directly predicting fine-grained labels in low-resource episodes [25]. SpanProto is a
span-based metric learning baseline that explicitly represents candidate entity spans and
compares them with class prototypes [26]. It is especially relevant to KG-APC because
both methods treat entity spans as the basic classification units rather than relying only on
token-level labeling.

TadNER is a task-decomposed few-shot NER model that further explores the sepa-
ration between boundary identification and type classification [27]. KCL and KGen are
included as knowledge-enhanced few-shot NER baselines. KCL represents the KG-plus-
contrastive-learning family: it uses knowledge graphs and contrastive objectives to make
entity representations more discriminative. KGen is a stronger and more systematic KG-
based baseline because it uses KG-derived class features and injects knowledge from both
the input sentence side and the label semantic side. These two baselines are important
for testing whether KG-APC improves over methods that already exploit external KG
information. BANER is a boundary-aware and LLM-assisted few-shot NER baseline that
uses large language model knowledge or checking signals to improve candidate span
verification [43]. These models correspond to the decomposed /span-based, knowledge-
enhanced, and LLM-assisted categories in the related work. For the Few-NERD INTER
and INTRA settings, we follow the comparison protocol reported by BANER and retain a
compact set of representative baselines: ProtoBERT, CONTaiNER, DecomposedMetaNER,
TadNER, KCL, KGen, and BANER [20,24,25,27-29,43]. For the industrial MaintIE and
CFDK settings and the supplementary CoNLL-2003 setting, we additionally keep Span-
Proto when span-level comparison is available. All models are evaluated under the
same data split, episode sampling protocol, metric, and evaluation script within each
benchmark setting.

The source of the baseline numbers differs across benchmark groups. For MaintIE,
CFDK, and CoNLL-2003, baseline models are evaluated under the same local episode
construction and evaluation protocol used for KG-APC. For Few-NERD INTER and INTRA,
the baseline scores are quoted from the BANER comparison setting because that work
provides a recent and consistent few-shot NER comparison protocol. Accordingly, the Few-
NERD tables are used as general-benchmark evidence, while the MaintlE and CFDK
tables are the primary industrial evaluation. The inclusion of KCL and KGen makes the
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comparison fairer for a KG-enhanced model, because KG-APC is now compared against
both text-only few-shot NER models and knowledge-enhanced few-shot NER models.
The ablation variant “w/o Gate” further serves as a controlled KG baseline: it uses the
same Wikidata retrieval and KG encoder but replaces the K-aware adaptive gate with fixed
fusion, thereby separating the effect of the adaptive correction mechanism from the effect
of simply using external KG information.

4.3. Implementation Details

The default text encoder is RoBERTa-base [14]. For each input sentence, candidate
spans are enumerated up to a maximum length of eight tokens, which covers most short
maintenance mentions while avoiding excessive enumeration of long non-entity intervals.
The KG encoder uses a two-layer graph attention network to aggregate type-neighborhood
information [47]. The Wikidata-derived knowledge prior is aligned to the entity schema
through type names, aliases, and descriptions, and the corrected prototype is then used
for metric-based span classification. The default KG neighborhood is two hops, consistent
with the hyperparameter analysis, and the shot-normalization constant in Equation (9) is
set to Kmax = 10, matching the largest shot value considered in the industrial experiments.

We use AdamW for optimization, with a learning rate of 2 x 10> for the pretrained
text encoder and 1 x 10~# for newly introduced modules [48]. Each locally evaluated setting
is run with five random seeds, and the average Micro-F1 score is reported. The boundary-
aware loss weight Ap4 controls the contribution of the boundary-aware objective, and its
influence is further examined in the hyperparameter analysis. For ablation experiments,
only the target component is removed or replaced while the remaining training and evalua-
tion settings are kept unchanged, so that the performance difference can be attributed to
the removed component. During training, early stopping is based on validation Micro-F1,
and the same stopping criterion is applied to KG-APC and locally evaluated baselines.
The KG neighborhood retrieval is performed before episodic training and cached for each
entity type, so the graph encoder adds limited per-episode overhead during inference.

4.3.1. Dataset Partitioning

For MaintlE and CFDK, we construct train, validation, and test splits at the text-
instance level with a ratio of 60%/20%/20%. The splitting is stratified according to the
entity-type distribution so that each split preserves the overall label distribution as much as
possible. The same text instance is not shared across different splits. MaintIE is evaluated in
two forms. In the coarse-grained setting, the five top-level classes, namely, PhysicalObject,
State, Process, Activity, and Property, are used to construct 5-way episodes. In the fine-
grained setting, episodes are sampled from the 32 intermediate fine-grained entity types.
CFDK contains five target categories, namely, Equipment, Fault, Service Request, Cause,
and Troubleshooting Solution, and is therefore evaluated under 5-way episodes.

For Few-NERD, we follow the official INTER and INTRA train/dev/test splits. The IN-
TER split evaluates transfer across coarse domains, whereas the INTRA split evaluates
fine-grained discrimination within related coarse domains. For CoONLL-2003, we use the
standard train, development, and test partitions. Since CoNLL-2003 contains four entity
types, namely, PER, LOC, ORG, and MISC, it is evaluated as a fixed 4-way few-shot setting
withK =1, K=5,and K = 10.

4.3.2. Episode Construction

The locally evaluated experiments are conducted under an episodic evaluation pro-
tocol. For each N-way K-shot episode, we first sample N target entity types from the
corresponding split. For each sampled type, K labeled entity mentions are selected to
construct the support set. The query set is then constructed by sampling 10 query mentions
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for each selected type. Support and query examples are sampled without overlap at the
text-instance level. If a query text contains multiple target entities belonging to the sampled
episode label space, all such entities are retained and evaluated. Entity types outside the
current episode label space are treated as non-target types during episode-level evaluation.
This description applies to our local evaluations; for Few-NERD baseline scores quoted
from the BANER comparison protocol, we retain the published episodic settings described
in the corresponding benchmark comparison.

For the industrial datasets, MaintlE coarse-grained and CFDK are evaluated under
5-way 1-shot, 5-way 5-shot, and 5-way 10-shot settings. MaintIE fine-grained is evaluated
under 5-way 1-shot, 5-way 5-shot, 5-way 10-shot, 10-way 1-shot, 10-way 5-shot, and
10-way 10-shot settings. Few-NERD INTER and INTRA are reported under 5-way 1-shot,
5-way 5-shot, 10-way 1-shot, and 10-way 5-shot settings, following the general-benchmark
comparison protocol. CONLL-2003 is evaluated under 4-way fixed-K settings with K =1,
K =5, and K = 10.

4.3.3. Validation Strategy and Number of Test Tasks

For locally evaluated settings, we sample 10,000 training episodes, 500 validation
episodes, and 1000 test episodes for each random seed. The validation episodes are used
only for early stopping and hyperparameter selection, while the test episodes are used
only for final reporting. To reduce the effect of sampling randomness, the same sampled
episodes are reused across locally evaluated models under the same setting and random
seed. This statement does not apply to Few-NERD baseline scores quoted from the BANER
comparison setting, where we follow the published baseline protocol. Each local experiment
is repeated with five random seeds. The final result is reported as the average Micro-F1
over the five runs.

4.3.4. Early Stopping and Model Selection

During training, validation Micro-F1 is evaluated every 500 training episodes.
The model checkpoint with the highest validation Micro-F1 is selected for final testing.
Early stopping is applied when the validation Micro-F1 does not improve for five consec-
utive validation evaluations. The maximum number of training episodes is set to 10,000
for each setting. The same early stopping criterion is used for KG-APC and all locally
evaluated baselines to ensure a fair comparison.

4.3.5. Implementation Environment

KG-APC and the locally evaluated baselines are implemented in Python 3.9 with Py-
Torch 2.1.0, CUDA 11.8, Transformers 4.36, PyTorch Geometric 2.4, NumPy 1.24, and scikit-
learn 1.3. The experiments are conducted on a workstation equipped with two NVIDIA
RTX 6000 Ada Generation GPUs with 48 GB memory each. Each individual run uses
one GPU. Mixed-precision training is used to reduce GPU memory consumption, and the
maximum gradient norm is set to 1.0.

4.3.6. Hyperparameter Selection

The default text encoder is RoBERTa-base. The maximum input length is set to
128 tokens for MaintIE, Few-NERD, and CoNLL-2003 and 256 tokens for CFDK because
CFDK contains longer fault-diagnosis descriptions. Candidate spans are enumerated up to
a maximum length of eight tokens. The default KG encoder is a two-layer graph attention
network with four attention heads and dropout 0.1. The Wikidata neighborhood size is
restricted to two hops in the default setting, and the retrieved KG neighbors are cached
before episodic training. The shot-normalization constant is set to Kmax = 10.
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AdamW is used for optimization. The learning rate is 2 x 10> for the pretrained
RoBERTa encoder and 1 x 10~* for newly introduced modules, including the span detector,
graph encoder, gating module, and metric classifier. The weight decay is set to 0.01,
and the dropout rate is set to 0.1. The episode batch size is 4 for 5-way settings and 2 for
10-way settings.

The main hyperparameters are selected according to validation Micro-F1. The KG
neighborhood hop is searched in {1,2,3}, the boundary threshold 7, is searched in
{0.30,0.40,0.50,0.60,0.70}, and the boundary-aware loss weight Ap4 is searched in
{0,0.1,0.3,0.5,0.7,1.0}. Based on the validation results and the hyperparameter analy-
sis, the default KG neighborhood is set to two hops. For the boundary threshold, 7, = 0.60
is used for MaintlE, 7, = 0.40 is used for CFDK, and 7, = 0.50 is used for Few-NERD and
CoNLL-2003. For the boundary-aware loss weight, Ap4 = 0.30 is used for MaintIE and
Few-NERD, Ag4 = 0.50 is used for CFDK, and Ag4 = 0.20 is used for CoNLL-2003.

4.4. Main Results

Tables 3-5 report the main results on the industrial maintenance datasets, which are
the primary evaluation scenarios of this paper. Tables 6 and 7 provide additional results
on Few-NERD as a general few-shot NER benchmark, and Table 8 gives a supplementary
fixed-K comparison on CoNLL-2003. Therefore, the Few-NERD results are used to exam-
ine whether KG-APC remains competitive under a widely used general few-shot NER
protocol, rather than to replace the industrial-dataset evidence. For Few-NERD, we use
the corrected baseline scores reported under the same INTER and INTRA episode-level
settings in BANER [43], which provides a stronger and more up-to-date comparison set
for evaluating the proposed framework. The updated comparison also includes KCL and
KGen as knowledge-enhanced baselines. This allows us to test whether the proposed
adaptive prototype correction remains beneficial when the competing methods also use
KG information.

In this paper, the summary phrase “the industrial settings” refers specifically to the
12 episodic configurations reported for MaintIE and CFDK in Tables 3-5: three MaintIE
coarse-grained settings, six MaintIE fine-grained settings, and three CFDK settings. For each
column, we subtract the strongest baseline Micro-F1 from the KG-APC Micro-F1 and then
take the arithmetic mean of these 12 differences, yielding 1.89 percentage points. The Few-
NERD and CoNLL-2003 results are general-domain supplementary evaluations and are
not included in this industrial average.

Table 3. Main results on MaintIE coarse-grained few-shot NER (Micro-F1, %, mean =+ std). All model
results are locally evaluated under the same episodic protocol. The symbol t denotes a significant
improvement over the strongest baseline in the same column (paired two-sided t-test, p < 0.05).

Model 5W-1S 5W-5S 5W-10S

ProtoBERT 55.84 + 0.62 70.62 + 0.48 75.84 + 0.42
CONTaiNER 58.91 + 0.58 73.48 + 0.44 78.26 + 0.39
DecomposedMetaNER 60.72 + 0.55 75.15 + 0.41 79.43 + 0.37
SpanProto 62.38 £+ 0.51 76.64 £+ 0.39 80.72 £ 0.35
TadNER 64.21 + 0.48 78.02 £+ 0.36 82.06 + 0.33
KCL 65.28 + 0.46 78.21 + 0.35 82.04 + 0.32
KGen 66.18 + 0.44 79.42 + 0.34 83.06 + 0.30
BANER 66.35 + 0.52 79.28 + 0.39 83.24 + 0.35
KG-APC 68.02 + 0391 81.05 + 0.311 85.13 + 0.28

Note: Bold values indicate the best result in each column.

All six comparative result tables report the mean and standard deviation of Micro-F1
over five random seeds. For the locally evaluated industrial settings, statistical signifi-
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cance is assessed against the strongest baseline in the same column using a two-sided
paired Student’s t-test over the five matched-seed results. The symbol t denotes p < 0.05.
Differences without this symbol are treated as descriptive and are not claimed to be
statistically significant.

Table 3 reports the coarse-grained MaintIE results. Because this setting contains the five
top-level MaintlE classes, the task mainly evaluates whether a model can separate broad
maintenance concepts such as physical objects, states, processes, activities, and properties.
KG-APC achieves the best Micro-F1 in all three settings, reaching 68.02 in 5-way 1-shot,
81.05 in 5-way 5-shot, and 85.13 in 5-way 10-shot. KCL and KGen improve over most
text-only baselines, confirming that KG information is useful for coarse industrial entity
categories. KGen is generally stronger than KCL because it uses KG-derived class features
more directly for few-shot NER. Nevertheless, KG-APC still outperforms KGen by 1.84,
1.63, and 2.07 points in the three settings, and it improves over the strongest baseline in
each column by 1.67, 1.63, and 1.89 points. All three improvements over the strongest
baseline are statistically significant, and KG-APC has standard deviations of 0.28-0.39,
indicating stable performance across the five seeds. The improvement remains stable
when the number of support examples increases to 10, indicating that the KG prior is not
only useful in the extremely low-shot case but also continues to provide complementary
semantic information when more labeled examples are available. This result indicates that
KG-APC benefits not merely from using a knowledge graph but from adaptively correcting
prototypes after boundary-aware span detection.

Table 4. Main results on MaintIE fine-grained few-shot NER (Micro-F1, %, mean = std). All model
results are locally evaluated under the same episodic protocol. The symbol t denotes a significant
improvement over the strongest baseline in the same column (paired two-sided t-test, p < 0.05).

Model 5W-18 5W-58 5W-10S 10W-1S 10W-5S 10W-10S

ProtoBERT 30.46 + 0.86 43.82 £0.71 49.36 + 0.62 23.85 + 0.95 36.74 + 0.78 4228 4+ 0.70
CONTaiNER 33.74 £ 0.82 47.96 + 0.68 53.42 + 0.58 26.52 + 0.90 40.31 4+ 0.74 45.86 & 0.65
DecomposedMetaNER 35.81 + 0.79 50.28 =+ 0.64 55.61 + 0.55 28.37 + 0.86 42.46 4+ 0.70 47.82 4+ 0.62
SpanProto 38.26 & 0.74 52.91 + 0.59 58.34 + 0.52 30.44 +0.82 44.87 + 0.67 50.24 + 0.58
TadNER 40.37 £0.71 55.12 + 0.56 60.46 + 0.50 32.18 +0.78 47.05 + 0.63 52.38 + 0.55
KCL 41.23 +0.68 56.38 + 0.53 61.45 + 0.48 33.11 £ 0.76 48.25 4 0.60 53.64 + 0.52
KGen 42.38 + 0.65 57.51 £ 0.51 62.49 + 0.46 34.10 £ 0.72 49.55 + 0.57 54.73 + 0.50
BANER 42.55 + 0.70 57.38 + 0.55 62.72 + 0.49 34.26 + 0.76 49.43 + 0.60 5491 + 0.53
KG-APC 4436 +0.58 59.24 + 0.45 * 64.83 + 0411 36.08 £ 0.66 * 51.72 + 0.51 57.16 + 0.47 t

Note: Bold values indicate the best result in each column.

Table 4 shows the MaintIE fine-grained results. This setting is more difficult than the
coarse-grained setting because episodes are sampled from 32 intermediate fine-grained en-
tity types, and several types may share similar lexical forms or appear in short action-object
expressions. KG-APC obtains the best result in all six settings. The comparison with KCL
and KGen is particularly informative in this fine-grained setting. KCL improves the repre-
sentation space through KG-guided contrastive learning, and KGen further strengthens
label semantics through KG-derived class features; however, both still lag behind KG-APC.
Compared with KGen, KG-APC improves Micro-F1 by 1.98, 1.73, and 2.34 points in the
5-way settings and by 1.98, 2.17, and 2.43 points in the 10-way settings. All six improve-
ments over the strongest column-wise baselines are significant at p < 0.05. The standard
deviations of KG-APC range from 0.41 to 0.66 and remain below those of the corresponding
strongest baselines in these settings, supporting the stability of the improvement across
seeds. The 10-shot results show that the performance advantage does not disappear when
more support examples are provided. Instead, KG-APC still benefits from combining
support-set evidence with structured type priors, especially when fine-grained entity types
are semantically close. The larger gains in the fine-grained setting support the motivation
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of adaptive prototype correction: when entity types are semantically close, using structured
type priors helps stabilize class representations that would otherwise be constructed from
very few support mentions, while boundary-aware span detection reduces the effect of
partial or noisy industrial mentions.

Table 5. Main results on CFDK few-shot NER (Micro-F1, %, mean =+ std). All model results are locally
evaluated under the same episodic protocol. The symbol t denotes a significant improvement over
the strongest baseline in the same column (paired two-sided t-test, p < 0.05).

Model 5W-1S 5W-5S 5W-10S
ProtoBERT 31.84 + 0.91 44.72 4+ 0.76 49.68 + 0.68
CONTaiNER 34.26 + 0.86 47.35 + 0.72 52.11 + 0.65
DecomposedMetaNER 35.58 £ 0.82 49.10 £ 0.69 53.67 £ 0.61
SpanProto 37.24 +0.78 51.08 + 0.65 55.32 + 0.58
TadNER 38.72 + 0.74 52.46 + 0.61 56.81 + 0.55
KCL 39.03 + 0.72 52.71 + 0.59 57.02 + 0.53
KGen 40.02 4+ 0.70 53.86 + 0.57 58.05 + 0.51
BANER 40.15 + 0.76 53.72 + 0.62 58.23 + 0.56
KG-APC 42.03 + 0.63 * 55.61 4 0.50 60.18 + 0.46 *

Note: Bold values indicate the best result in each column.

Table 5 reports the results on CFDK. Unlike MaintlE, CFDK focuses on compressor
fault diagnosis log sheets and includes five domain-specific categories related to equipment,
faults, service requests, causes, and troubleshooting solutions. Although the task is a five-
way task, its practical difficulty is high because category complexity is uneven. Equipment
spans are relatively easy to recognize, while Cause and Troubleshooting Solution frequently
correspond to longer sequences that require accurate boundary detection and broader
contextual understanding. This characteristic is consistent with the original CFDK study,
where fully supervised models also achieved noticeably lower results on these difficult
categories [5]. KG-APC obtains the best Micro-F1, with 42.03 in 5-way 1-shot, 55.61 in 5-way
5-shot, and 60.18 in 5-way 10-shot. KCL and KGen again outperform most purely text-
based baselines, showing that knowledge-enhanced features are helpful for compressor
fault diagnosis. However, KG-APC outperforms KGen by 2.01, 1.75, and 2.13 points,
and it improves over the strongest baseline in each column by 1.88, 1.75, and 1.95 points.
These three gains are statistically significant, while the standard deviations of 0.46-0.63
show that KG-APC remains stable despite the heterogeneous span lengths and category
difficulty in CFDK. The 10-shot result shows that additional support examples improve
all models, but KG-APC still maintains the strongest performance because graph-guided
prototype correction provides information that is not fully captured by support examples
alone. The consistent improvement on CFDK suggests that the proposed model is not
limited to one maintenance annotation schema, but it can also benefit fault-diagnosis-
oriented extraction where entity mentions are closely tied to equipment, causal descriptions,
and troubleshooting procedures.

Table 6 presents the Few-NERD INTER results from the perspective of general few-
shot NER evaluation. The INTER setting tests transfer to unseen entity types across coarse
domains and therefore measure whether the proposed prototype correction mechanism
can generalize beyond industrial maintenance schemas. KG-APC achieves the highest
Micro-F1 in the 5-way 1-shot and 10-way 1-shot settings, with scores of 69.91 and 67.70,
respectively. Compared with KGen, KG-APC improves by 2.33 points in 5-way 1-shot and
1.84 points in 10-way 1-shot, showing that adaptive prototype correction is especially useful
when support evidence is extremely sparse. However, BANER outperforms KG-APC
by 2.61 points in 5-way 5-shot and by 2.87 points in 10-way 5-shot. Thus, KG-APC does
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not provide the best INTER result once five support examples are available. Because the
Few-NERD baseline results follow the published BANER comparison protocol rather
than a locally matched-seed rerun, these differences are interpreted descriptively and
are not assigned significance markers. Thus, on this general benchmark, KG-APC is
most competitive in extremely low-shot transfer settings, while LLM-assisted boundary
verification remains stronger when more support examples are available.

Table 6. Results on Few-NERD INTER (Micro-F1, %, mean =+ std). Baseline results are quoted from
the BANER comparison protocol; KG-APC is evaluated under the same published episodic setting.

Model 5W-1S 5W-5S 10W-1S 10W-5S

ProtoBERT 38.83+0.74 5879 +062 3245+0.86 5292+ 0.70
CONTaiNER 5092 £ 0.68 63.35+0.58 47.02+0.80 60.14 + 0.66
DecomposedMetaNER ~ 64.75 £ 055 7149 £046 58.65£0.71  68.11 £ 0.54
TadNER 6483 +052 72124+043 64.06 066 69.94£0.51
KCL 65.84 050 7126 +044 6357 £0.65 67.43 £0.53
KGen 6758 £ 046 7318040 6586 +0.60 69.05=+0.49
BANER 69.26 £ 044 76,53 037 6743 +055 72244045
KG-APC 69.91 +0.42 7392+0.39 67.70+0.53 69.37 £ 0.48

Note: Bold values indicate the best result in each column.

Table 7. Results on Few-NERD INTRA (Micro-F1, %, mean =+ std). Baseline results are quoted from
the BANER comparison protocol; KG-APC is evaluated under the same published episodic setting.

Model 5W-1S 5W-5S 10W-1S 10W-5S

ProtoBERT 2076 £0.82 4254+0.71 15.05+094 3540+ 0.79
CONTaiNER 4151 +0.72 5783 +£060 36.62+0.84 51.04+0.70
DecomposedMetaNER  49.48 +£0.66 6292 +0.54 4284 +0.78 57.31 £0.63
TadNER 60.78 £0.52 6794 +046 5544 +0.68 60.87 £0.57
KCL 6142 + 051 6796 £045 5638 £0.66 60.72 £0.58
KGen 6328 =047 6935+042 5816061 6231054
BANER 6495+ 043 72144038 61.24 £0.55 67.53 £+ 0.49
KG-APC 65.02 £ 045 7051 +£041 59.11+059 6296 £+ 0.53

Note: Bold values indicate the best result in each column.

Table 7 reports the Few-NERD INTRA results as another general few-shot NER com-
parison. In this setting, fine-grained entity types are sampled within related coarse domains,
so the task emphasizes discrimination among semantically similar types. KG-APC obtains
the best score in the 5-way 1-shot setting, slightly outperforming BANER. It also consis-
tently outperforms KCL and KGen in all INTRA settings, with gains over KGen of 1.74, 1.16,
0.95, and 0.65 points. Nevertheless, the 0.07-point difference between KG-APC and BANER
in 5-way 1-shot is small relative to their reported standard deviations and is therefore only
a numerical advantage, not a statistically significant one. BANER exceeds KG-APC by
1.63 points in 5-way 5-shot, 2.13 points in 10-way 1-shot, and 4.57 points in 10-way 5-shot.
This pattern shows that KG-APC can provide useful prototype correction under the most
data-scarce general NER setting, but its advantage becomes smaller when additional sup-
port examples make text-only prototypes more reliable and when LLM-assisted boundary
checking is available. The result also clarifies the role of Few-NERD in this paper: it serves
as a general benchmark for testing transferability and competitiveness, whereas the main
experimental evidence for the target industrial scenario comes from MaintIE and CFDK.

Table 8 shows the fixed-K CoNLL-2003 results. CoONLL-2003 has a smaller and coarser
label space than Few-NERD and the industrial fine-grained settings, so all strong baselines
obtain relatively high scores. In this supplementary general-domain benchmark, BANER
obtains the highest Micro-F1 in every setting and exceeds KG-APC by 1.05, 0.77, and
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0.27 points for K = 1, K = 5, and K = 10, respectively. KG-APC outperforms KCL and
KGen in all three settings, but this does not alter the fact that it is not the strongest method
on CoNLL-2003. No significance claim is therefore made. The smaller benefit of prototype
correction is consistent with CoNLL-2003’s four broad news-domain categories, for which
fine-grained type-level KG priors offer less additional information than in MaintIE or CFDK.

Table 8. Results on CoNLL-2003 fixed-K few-shot NER (4-way, Micro-F1, %, mean =+ std). All model
results are locally evaluated under the same fixed-K protocol.

Model K=1 K=5 K=10

ProtoBERT 70.82 + 0.45 80.94 + 0.36 84.17 + 0.31
CONTaiNER 73.41 +0.42 83.05 £ 0.33 85.66 £ 0.28
DecomposedMetaNER 74.68 + 0.40 83.87 +0.32 86.20 4+ 0.27
SpanProto 76.83 + 0.37 85.50 + 0.30 87.51 +£0.25
TadNER 78.04 + 0.35 86.32 +£0.28 88.29 + 0.24
KCL 76.94 + 0.38 85.28 + 0.30 87.62 £ 0.26
KGen 77.86 + 0.36 85.91 +0.28 88.04 +0.24
BANER 79.70 + 0.31 86.94 £ 0.25 88.65 £ 0.21
KG-APC 78.65 + 0.34 86.17 + 0.27 88.38 +0.23

Note: Bold values indicate the best result in each column.

4.5. Computational Efficiency Comparison

The complexity analysis in Section 3.5 indicates that KG-APC avoids the online cost of
repeatedly retrieving Wikidata neighborhoods and does not require an LLM-scale backbone.
We therefore conduct a computational efficiency comparison after the main recognition
results. All latency, throughput, FLOPs, and peak-memory measurements are obtained
under FP16 inference on a single NVIDIA RTX 6000 Ada Generation GPU. Latency and FPS
are measured at the query-text level, and the same input-length setting is used for KG-APC
and BANER within each dataset.

Figure 2 shows a consistent time-efficiency advantage over BANER on all three in-
dustrial settings. KG-APC reduces per-query latency by factors of 54.5, 54.2, and 40.6 on
MaintIE coarse-grained, MaintIE fine-grained, and CFDK, respectively, while increasing
throughput by corresponding factors of 54.6, 54.1, and 40.4. The advantage remains visible
after accounting for different sequence lengths: KG-APC requires 26.8-62.4 G FLOPs per
query, whereas BANER requires 0.98-1.72 T FLOPs, corresponding to a 27.6-36.6-fold
reduction. Peak inference memory is also reduced from 15.6-17.8 GB to 2.0-2.6 GB, a
6.8-7.8-fold reduction across the three datasets. CFDK remains slower for both mod-
els because its fault-diagnosis descriptions are longer, but KG-APC retains a substantial
advantage under this more demanding input condition.

Figure 3 explains the space and training-time differences. KG-APC loads 132 M
parameters, compared with 7.0B for BANER, yielding 53 times fewer resident parameters
after rounding to the nearest whole-number factor. Its 2.2 GB peak inference memory is
6.8-8.2 times lower than the 15-18 GB required by BANER, and its 2.6 h training time per
seed is 4.6-6.9 times shorter than BANER'’s 12-18 h range. The graph encoder and adaptive
correction modules introduce only a modest overhead relative to the RoBERTa-based
SpanProto, TadNER, and KGen baselines: KG-APC adds 2-6 M parameters, 0.1-0.5 GB of
peak memory, and 0.2-0.8 h of training time. Thus, the proposed method does not claim
to be the smallest encoder-based baseline; rather, it obtains its knowledge-enhanced and
boundary-aware gains while remaining close to compact RoBERTa-based methods and
substantially below the time and space requirements of the LLM-assisted BANER pipeline.
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Figure 2. Visual comparison of FP16 inference efficiency between KG-APC and BANER on the three
industrial NER settings: (a) latency per query, (b) throughput in queries per second, (c¢) FLOPs per
query, and (d) peak inference memory. Panels (a—c) use logarithmic vertical axes to preserve the
visibility of both methods across their large magnitude differences; panel (d) uses a linear vertical
axis. Lower values indicate better efficiency except in panel (b), where higher FPS is better.
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Figure 3. Visual comparison of model and training costs: (a) loaded parameters, (b) peak inference
memory, and (c) training time per seed. All panels use logarithmic vertical axes because BANER
operates at a substantially larger scale than the RoBERTa-based methods. The error bars and range
labels for BANER in panels (b,c) represent the measured hardware-dependent ranges, rather than
statistical variability across seeds.

Table 9 further shows that the external-knowledge overhead is small and occurs offline.
Even for MaintIE fine-grained NER, which contains 32 entity types, retrieving the two-hop
neighborhoods takes 22.7 s and produces a 17.9 MB cache. The other datasets require
2.4-3.9 s and 2.1-3.0 MB. Because these neighborhoods and type priors are reused across
episodes, this one-time cost does not add online Wikidata queries to per-query inference.
Taken together, the two efficiency figures and the Wikidata-cost table support the practical
efficiency claim in a bounded form: under the reported RTX 6000 Ada FP16 setting, KG-

https://doi.org/10.3390/electronics15153275


https://doi.org/10.3390/electronics15153275

Electronics 2026, 15, 3275

26 of 39

APC is markedly more efficient than BANER in both time and space while retaining the
recognition advantages reported on the industrial datasets.

Table 9. Cost of retrieving and caching Wikidata neighborhoods for KG-APC. Retrieval is performed
once before episodic training and is not repeated during online inference.

Entity Avg. Avg. Retrieval .
Dataset Types Nodes/Type Edges/Type Time Cache Size
MaintIE coarse 5 48 136 3.6s 2.8 MB
MaintIE fine 32 46 131 22.7s 17.9 MB
CFDK 5 50 142 39s 3.0 MB
CoNLL-2003 4 42 118 24s 2.1 MB

4.6. Ablation Study

We conduct ablation experiments on the industrial few-shot NER settings rather
than on Few-NERD because the main motivation of KG-APC is to improve low-resource
entity extraction in maintenance information systems. Tables 10 and 11 report the re-
sults on MaintIE fine-grained and CFDK under the 5-way 5-shot setting, respectively.
The full KG-APC rows are aligned with the corresponding 5-way 5-shot KG-APC results
in Tables 4 and 5. We evaluate three variants: removing the KG prior and using only text
prototypes, replacing the adaptive gate with fixed fusion, and removing boundary-aware
span detection. This design tests whether the improvements come from structured prior
knowledge, dynamic prototype correction, and explicit span modeling. The “w/o Gate”
variant is also the controlled KG-prior baseline: it retains the same Wikidata alignments,
two-hop neighborhoods, graph encoder, textual prototypes, and episodic data as KG-APC,
but it replaces the K-aware adaptive gate with fixed prototype—prior fusion. It therefore
isolates whether the adaptive correction mechanism adds value beyond access to the same
external Wikidata signal.

Table 10. Ablation results on MaintIE fine-grained 5-way 5-shot.

Variant Prec. Rec. F1 AF1
w/o KG 58.04 56.23 57.12 —2.12
w/o Gate 58.61 57.17 57.88 —1.36
w/o BA-SD 56.86 58.15 57.50 —1.74
KG-APC Full 60.18 58.33 59.24 -

Note: Bold values indicate the best result in each column.

Table 10 shows that all three components contribute to MaintIE fine-grained recogni-
tion. Removing the KG prior causes the largest F1 drop, from 59.24 to 57.12, indicating that
structured type information is important when episodes are sampled from semantically
close fine-grained maintenance categories. Under the controlled same-KG comparison,
replacing the adaptive gate with fixed fusion reduces F1 from 59.24 to 57.88, a decrease
of 1.36 points. Removing BA-SD decreases F1 to 57.50, confirming that boundary quality
remains important even after the model obtains corrected class prototypes.

Table 11. Ablation results on CFDK 5-way 5-shot.

Variant Prec. Rec. F1 AF1
w/o KG 54.10 52.41 53.24 —2.37
w/o Gate 54.86 53.42 54.13 —1.48
w/o0 BA-SD 52.98 54.63 53.79 —1.82
KG-APC Full 56.48 54.77 55.61 -

Note: Bold values indicate the best result in each column.
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Table 11 shows a similar trend on CFDK. The full model reaches 55.61 F1, while the
w/0KG, w/o Gate, and w/0 BA-SD variants decrease to 53.24, 54.13, and 53.79, respectively.
The largest degradation again comes from removing the KG prior, which is consistent with
the fault-diagnosis nature of CFDK: equipment, fault, cause, and solution mentions are
semantically connected, and graph-based priors help represent these dependencies under
few-shot supervision. With the same Wikidata signal retained, fixed fusion in the w/o
Gate variant is 1.48 F1 points below KG-APC, corroborating the contribution of adaptive
prototype correction. The BA-SD variant also shows a clear drop. This is important for
CFDK because the difficult Cause and Troubleshooting Solution categories often appear as
long spans; if their boundaries are truncated or mixed with neighboring fault descriptions,
the subsequent prototype comparison becomes unreliable.

4.7. Robustness to Incomplete and Noisy Knowledge Graphs

The usefulness of a graph-derived prior depends on both KG correctness and KG
coverage. Large knowledge graphs inevitably balance completeness against correctness,
and automatically retrieved neighborhoods may contain irrelevant relations, missing con-
cepts, or weak entity alignments [1,2,49]. These issues are particularly relevant in industrial
maintenance, where equipment taxonomies and fault vocabularies evolve over time. We
therefore evaluate two complementary failure modes: semantic noise in otherwise avail-
able two-hop neighborhoods and missing Wikidata alignments for episode-level entity
types. Both experiments use the MaintlE fine-grained and CFDK 5-way 5-shot settings,
the same test episodes and Micro-F1 metric as the main experiments, and the five-seed local
evaluation protocol described in Section 4.3. Only the KG input is perturbed; the text data,
episode construction, and non-KG hyperparameters remain unchanged. The complete
perturbation and reproducibility procedures are provided in Supplementary Note S1; the
main text retains the essential experimental definitions and the corresponding results.

4.7.1. Scale of the Constructed KG Priors

The robustness tests operate on cached, relation-filtered two-hop Wikidata priors [3].
Table 9 reports their dataset-level scale and caching cost; for the largest industrial schema,
MaintlE fine-grained NER, each type has 46 nodes and 131 edges on average, and the
complete cache occupies 17.9 MB.

4.7.2. Robustness to Noisy KG Neighborhoods

We test semantic contamination by independently replacing retained two-hop neigh-
bors with unrelated Wikidata nodes at probabilities r € {0,0.1,0.2,0.3,0.5}. Neighborhood
size and feature dimensionality remain fixed, so the comparison isolates semantic noise
rather than graph-scale variation. This perturbation represents irrelevant concepts intro-
duced by automatic neighborhood expansion or incorrect relation retrieval [50].

Table 12 shows monotonic but gradual degradation as the replacement probability in-
creases. At a replacement probability of 10%, Micro-F1 decreases by 0.32 points on MaintIE
fine-grained NER and 0.39 points on CFDK; at 20%, the corresponding reductions remain
below one point. At a replacement probability of 50%, KG-APC reaches 57.38 and 53.69 F1,
remaining 0.26 and 0.45 points above the respective w/o KG variants. The monotonic
decline confirms that neighborhood quality matters, whereas the residual advantage under
the 50% condition indicates that partially correct graph evidence can remain useful. This
pattern is consistent with the adaptive interpolation retaining a support-set prototype path
instead of replacing textual evidence with the KG prior. Because the experiment does not
isolate the gate under each replacement level, however, the observed robustness should
not be attributed to the gate alone; relation filtering and the remaining clean neighbors may
also contribute.
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Table 12. Sensitivity to noisy KG neighborhood injection on MaintIE fine-grained NER and CFDK.
Values are the mean Micro-F1 (%) over five seeds under the 5-way 5-shot setting; AF1 is measured
relative to the clean 0% condition.

Replacement Probability MaintIE Fine F1 AF1 CFDK F1 AF1
0% 59.24 - 55.61 -
10% 58.92 —0.32 55.22 —0.39
20% 58.46 —0.78 54.76 —0.85
30% 58.03 -1.21 54.31 -1.30
50% 57.38 —1.86 53.69 -1.92
w/o KG 57.12 —2.12 53.24 -2.37

Note: Bold values indicate the best result in each F1 column.

4.7.3. Robustness to Missing Entity-Type Alignments

We evaluate incomplete KG coverage by independently masking episode-level type
alignments at probabilities m € {0,0.25,0.5,0.75,1}. A masked type bypasses the KG
branch and falls back to its support-set textual prototype. This setting represents newly
introduced equipment, fault modes, or maintenance operations for which no reliable
Wikidata anchor is available.

Table 13 also exhibits controlled monotonic degradation. At a masking probability
of 25%, KG-APC loses 0.53 F1 on MaintIE fine-grained NER and 0.59 F1 on CFDK. At a
masking probability of 50%, the model still achieves 58.05 and 54.42 F1, respectively.
Masking all type alignments is equivalent to bypassing the KG branch for every type
and exactly matches the w/o KG ablation, providing an internal consistency check on the
fallback implementation. The results therefore support two bounded conclusions: KG
coverage is beneficial because performance declines as more alignments are removed,
and the model does not fail abruptly when coverage is incomplete because the support-set
prototype remains available.

Table 13. Sensitivity to missing KG type alignments on MaintIE fine-grained NER and CFDK. Values
are the mean Micro-F1 (%) over five seeds under the 5-way 5-shot setting; AF1 is measured relative to
the fully aligned 0% condition.

Masking Probability MaintIE Fine F1 AF1 CFDK F1 AF1
0% 59.24 - 55.61 -
25% 58.71 —0.53 55.02 —0.59
50% 58.05 -1.19 54.42 -1.19
75% 57.54 —1.70 53.83 -1.78
100% 57.12 —-2.12 53.24 —2.37

Note: Bold values indicate the best result in each F1 column.

Table 14 extends the w/o Gate ablation in Tables 10 and 11 to incomplete KG coverage.
KG-APC Full and w/o Gate use identical test episodes, masked type assignments, KG
neighborhoods, textual prototypes, and non-gate settings within each random seed; as de-
fined in the ablation study, w/o Gate replaces the adaptive gate with fixed prototype—prior
fusion. At 0% masking, KG-APC Full is numerically higher than w/o Gate by 1.36 F1 points
on MaintIE fine-grained NER and 1.48 points on CFDK, reproducing the clean-condition
differences in the ablation study. At the representative 50% masking probability, KG-APC
Full obtains 58.05 and 54.42 F1, compared with 57.36 and 53.78 for w/o Gate, corresponding
to differences of 0.69 and 0.64 points. The smaller difference at 50% masking is consistent
with fewer aligned types entering prototype—prior fusion because masked types use the
textual-prototype fallback. Thus, the controlled comparison supports a contribution of the
adaptive gate under this representative incomplete-coverage condition.
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Table 14. Comparison of KG-APC Full and w/o Gate under 0% and 50% KG type-alignment masking.
Values are the mean Micro-F1 (%) over five seeds in the 5-way 5-shot setting.

Masking Probability Variant MaintIE Fine F1 CFDK F1
0% KG-APC Full 59.24 55.61
0% w/o Gate 57.88 54.13
50% KG-APC Full 58.05 54.42
50% w/o Gate 57.36 53.78

Note: Bold values indicate the better result for each masking probability and dataset.

Taken together, these experiments show that KG-APC remains functional under ran-
dom neighborhood contamination and partial type coverage, while also confirming that
cleaner and more complete priors produce better recognition. The tests represent static
perturbations of cached neighborhoods; they do not reproduce temporally correlated graph
drift, systematic misalignment of an entire type family, or adversarial relation changes.
Accordingly, these results demonstrate robustness under the evaluated noise and missing-
coverage conditions. In deployment, cached priors could be refreshed when new concepts
become available, while explicit KG-confidence assessment and noise-aware relation filter-
ing remain important directions for future work.

4.8. Case Study

To complement the aggregate results with a traceable example, we analyze the pub-
licly available MaintIE query “change out engine” under a 5-way 5-shot fine-grained
episode [4]. Its gold annotations contain the complete action span “change out”, labeled as
Activity/MaintenanceActivity, and the equipment span “engine”, labeled as PhysicalOb-
ject/DrivingObject. The compact action—-object construction is useful for illustrating both
error sources targeted by KG-APC: a boundary model can retain an incomplete or over-
extended interval, while a prototype classifier can confuse semantically close fine-grained
types. This single case is intended to expose the decision process; the dataset-level ef-
fectiveness claims remain supported by the main and ablation results rather than by the
example alone.

The episode label set additionally contains Activity /SupportingActivity, PhysicalOb-
ject/GeneratingObject, and State/UndesirableState. With only five support examples per
class, the textual prototypes may not cover every phrasal maintenance action or equipment
alias. We therefore compare two otherwise identical classification paths. The text-only
path uses the initial support-set prototype f., following standard prototype-based clas-
sification [22]; the corrected path uses p., which fuses the textual prototype with the
Wikidata-derived type prior [3]. Table 15 reports the resulting candidate-level decisions.
Values in the BA-SD column are boundary confidence scores B;;, whereas values in the two
prototype columns are the post-softmax probabilities of the displayed predicted classes.

The boundary decisions in Table 15 are consistent with the MaintIE threshold 1, = 0.60
specified in Section 4.3. The incomplete span “change” and the mixed or over-extended
spans “out engine” and “change out engine” obtain scores of 0.31, 0.34, and 0.42 and are
therefore rejected. In contrast, “change out” and “engine” obtain scores of 0.84 and 0.91
and proceed to type classification. The example makes explicit how span-level filtering
prevents malformed semantic units from entering prototype matching, consistent with the
motivation of decomposed and span-based few-shot NER [26,27].
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Table 15. Case study of boundary-aware span detection and KG-guided prototype correction on a

MaintIE query. Text-only and corrected decisions use i and p,, respectively.

Candidate Span BA-SD Decision  Text-Only Prototype Decision KG-Corrected Prototype Decision Gold Label
change Reject (0.31) Not evaluated Not evaluated Non-entity
. Activity/ Activity/ Activity/
change out Retain (0.84) SupportingActivity (0.61) MaintenanceActivity (0.76) MaintenanceActivity
. . PhysicalObject/ PhysicalObject/ PhysicalObject/
engine Retain (091) GeneratingObject (0.58) DrivingObject (0.74) DrivingObject
out engine Reject (0.34) Not evaluated Not evaluated Non-entity
char.lge out Reject (0.42) Not evaluated Not evaluated Non-entity
engine

Prototype correction then changes both retained-span decisions. For “change out”,
the text-only prototype predicts Activity /SupportingActivity with probability 0.61, whereas
the KG-corrected prototype predicts the gold type Activity /MaintenanceActivity with prob-
ability 0.76. The relevant retained Wikidata neighborhood includes repair, replacement,
inspection, and calibration, which provides a type-level semantic anchor for the mainte-
nance action. For “engine”, the text-only path predicts PhysicalObject/GeneratingObject
with probability 0.58. After correction with neighbors related to the motor, engine, actuator,
and drive unit, the prediction changes to the gold PhysicalObject/DrivingObject type with
probability 0.74.

The case therefore illustrates the intended division of labor in KG-APC: BA-SD re-
moves incomplete and over-extended intervals before typing, while adaptive prototype
correction resolves ambiguity among retained fine-grained spans. It also reveals the bound-
ary of this evidence. The example shows how a successful correction occurs, but it does not
establish how frequently each error mode appears; those claims are instead evaluated by
the dataset-level comparisons and component ablations.

4.9. Hyperparameter Analysis

To further investigate the robustness of KG-APC, we conduct a series of hyperpa-
rameter analyses on MaintlE fine-grained NER and CFDK. Specifically, we analyze the
effects of the number of support examples, the neighborhood hop of the knowledge graph
encoder, the boundary threshold in BA-SD, and the weight of the boundary-aware loss.
Unless otherwise specified, the hyperparameter experiments are conducted under the
5-way 5-shot setting, and Micro-F1 is used as the evaluation metric.

4.9.1. K-Shot Sensitivity Analysis

Figure 4 reports the effect of different numbers of support examples on MaintIE fine-
grained NER and CFDK. As the number of support examples increases from 1 to 5, the per-
formance of KG-APC improves substantially on both datasets. On MaintIE fine-grained
NER, the Micro-F1 score increases from 44.36% to 59.24%, while on CFDK it increases
from 42.03% to 55.61%. This demonstrates that additional support instances can effectively
alleviate the instability of class prototypes under extremely low-resource conditions.

When the number of support examples further increases from 5 to 10, the performance
continues to improve, but the gain becomes smaller. Specifically, KG-APC achieves 64.83%
on MaintIE fine-grained NER and 60.18% on CFDK under the 10-shot setting. The marginal
improvement from 5-shot to 10-shot is lower than that from 1-shot to 5-shot, indicating that
prototype construction gradually becomes saturated as more support samples are provided.
Overall, the results confirm that KG-APC benefits from additional support examples while
maintaining stable performance across different few-shot settings.
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Figure 4. K-shot sensitivity on MaintIE fine-grained NER and CFDK. The curves show that increasing
the number of support examples improves Micro-F1 on both datasets, while the marginal gain
decreases from 5-shot to 10-shot.

4.9.2. Effect of Neighborhood Hop in the Knowledge Graph Encoder

Figure 5 shows the influence of the neighborhood hop in the knowledge graph encoder.
In our model, the neighborhood hop corresponds to the number of GAT layers used
to aggregate structural information from the knowledge graph. A 1-hop setting only
incorporates direct neighbors, whereas a larger hop allows the model to capture higher-
order semantic relations among entity types.

Graph parameter ablation

60 -
R 58 1
L
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S 56
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Neighborhood hop / GAT layer

Figure 5. Graph parameter ablation with different neighborhood hops. Both datasets reach the
best Micro-F1 with a 2-hop knowledge graph neighborhood, whereas 3-hop aggregation introduces
weaker or noisier neighbors and reduces performance.

The best performance is obtained when the neighborhood hop is set to 2 on both
datasets. On MaintIE fine-grained NER, the Micro-F1 score increases from 57.82% with one-
hop aggregation to 59.24% with two-hop aggregation. Similarly, on CFDK, the performance
improves from 54.94% to 55.61%. These results suggest that second-order neighborhood
information provides useful semantic priors for prototype correction. However, when the
hop is further increased to 3, the performance drops to 58.37% on MaintIE and 54.68% on
CFDK. This degradation may be caused by the introduction of noisy or weakly related
neighbors, which can lead to over-smoothing of type representations and reduce the
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discriminability of corrected prototypes. Therefore, a two-hop neighborhood is adopted as
the default setting.

4.9.3. Effect of Boundary Threshold in BA-SD

Figure 6 presents the effect of the boundary threshold T, in the boundary-aware span
detector. The threshold T, controls whether a candidate span is retained according to
its boundary confidence score. A smaller threshold tends to preserve more candidate
spans and improve recall, whereas a larger threshold imposes stricter filtering and may
improve precision.

The optimal value of 7, differs across the two datasets. On MaintIE fine-grained NER,
the best Micro-F1 score of 59.24% is achieved when 7, = 0.60. MaintIE contains many
relatively short and fine-grained industrial entity mentions, and a stricter threshold helps
remove noisy candidate spans before type classification. In contrast, CFDK achieves the
best performance when 1, = 0.40, with a Micro-F1 score of 55.61%. This is because CFDK
contains more long-span expressions, especially for cause and troubleshooting solution
labels. If the threshold is too high, long spans are more likely to be incorrectly filtered
out, leading to a decrease in recall. Therefore, CFDK requires a relatively lower boundary
threshold to retain sufficient long-span candidates.

These results indicate that the optimal boundary threshold is closely related to dataset-
specific span characteristics. For datasets with shorter and more regular entity mentions,
a stricter threshold can improve span precision. For datasets with longer and more hetero-
geneous spans, a lower threshold is more suitable for preserving recall.

Effect of T in BA-SD
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== CFDK

52 A

I 1 I I I
0.30 0.40 0.50 0.60 0.70
Boundary threshold T

Figure 6. Effect of the boundary threshold t;, in BA-SD. MaintIE fine-grained NER favors a stricter
threshold, while CFDK performs best with a lower threshold because its Cause and Troubleshooting
Solution entities often form longer spans.

4.9 4. Effect of Boundary-Aware Loss Weight

Figure 7 reports the effect of the boundary-aware loss weight Ap4. This hyperpa-
rameter controls the contribution of the boundary-aware objective to the overall training
loss. When Ap4 = 0, the boundary-aware loss is removed, and the model relies mainly
on prototype-based type classification. In this case, the performance drops to 56.42% on
MaintlE fine-grained NER and 52.86% on CFDK, demonstrating the importance of explicit
boundary-aware learning.

The optimal value of Ap4 is different for the two datasets. On MaintIE fine-grained
NER, the best result is obtained when Ap4 = 0.3, reaching 59.24% Micro-F1. A moderate
boundary-aware loss can improve span representation quality without overwhelming
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the type classification objective. However, when Ap4 becomes too large, the model may
overemphasize boundary discrimination and weaken fine-grained type representation
learning, resulting in performance degradation.

On CFDK, the best performance is achieved when Ap4 = 0.5, with a Micro-F1 score of
55.61%. Compared with MaintIE, CFDK contains more long and structurally diverse spans,
making boundary modeling more important for accurate entity recognition. Therefore,
CFDK benefits from a larger boundary-aware loss weight. However, further increasing
Apa to 0.7 also reduces performance, indicating that excessive boundary supervision may
still interfere with prototype learning and semantic classification.

Overall, the results show that Ap4 should not be fixed uniformly across datasets.
MaintlE fine-grained NER benefits from a moderate boundary-aware constraint, while
CFDK requires a stronger boundary-aware signal due to its longer and more heterogeneous
span structures.

Effect Of/\BA
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—~ 58 -
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o
é 56
Q
=
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1 1 I 1 I
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Boundary-aware loss weight Aga

Figure 7. Effect of the boundary-aware loss weight Ap 4. MaintIE fine-grained NER obtains the best
result with a moderate boundary-aware constraint, whereas CFDK benefits from a stronger boundary
signal due to its longer and more heterogeneous span structures.

5. Discussion

The main finding of this study is that few-shot industrial NER benefits from treat-
ing boundary detection and type representation as coupled problems rather than as two
independent sources of error. In industrial maintenance texts, an entity mention is of-
ten short, domain-specific, and embedded in compact action-object or fault-description
expressions. If the candidate span is incomplete, the following type classifier receives a
distorted semantic unit; if the class prototype is constructed only from one or a few support
mentions, the classifier can be biased by accidental lexical or contextual features. KG-APC
addresses these two problems by combining boundary-aware span detection with adaptive
prototype correction. The consistent improvements on MaintIE and CFDK indicate that the
framework is especially useful when span boundaries are ambiguous and type semantics
are strongly connected to external domain knowledge.

The results also clarify how KG-APC relates to existing few-shot NER research.
Prototype-based and metric-learning methods provide an efficient foundation for low-
resource recognition, but their class representations can become unstable when the support
set is extremely small [20,22]. Decomposed and span-based methods reduce this difficulty
by separating span detection from type classification, which is helpful for NER tasks where
boundary errors dominate final performance [25-27]. KG-APC follows this decomposed
philosophy but further introduces a Wikidata-derived graph prior to correct class proto-
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types. The comparison with KCL and KGen further shows that the gains are not obtained
simply by adding a knowledge graph to a few-shot NER model. KCL uses KG information
together with contrastive learning to improve representation discrimination, and KGen uses
KG-derived class features from both the input-sentence side and the label-semantic side to
strengthen semantic matching. These methods confirm the usefulness of external knowl-
edge, but their main role is still representation enrichment. By contrast, KG-APC uses the
KG prior after boundary-aware span filtering to correct unstable episode-level prototypes
through a K-aware gate. This design is more directly aligned with the two dominant error
sources in industrial few-shot NER: incomplete candidate spans and unreliable prototypes
under extremely limited support evidence. Compared with LLM-assisted boundary-aware
methods such as BANER [43], KG-APC remains lightweight and trainable, while still using
external semantic knowledge through graph encoding. The Few-NERD results show a bal-
anced picture: KG-APC is strongest in several one-shot settings, whereas BANER remains
highly competitive in some five-shot settings. This suggests that the proposed correction
mechanism is most valuable when support evidence is sparse, while larger support sets or
additional LLM checking can narrow the gap on general-domain benchmarks.

The general-benchmark results should therefore be interpreted carefully. Across the
11 reported Few-NERD and CoNLL-2003 configurations, KG-APC obtains the numerically
highest score in only three settings, all on Few-NERD; moreover, its 0.07-point advantage
in Few-NERD INTRA 5-way 1-shot is not claimed to be statistically significant. BANER
is numerically strongest in the other eight settings, including all three CoNLL-2003 con-
figurations and all four Few-NERD 5-shot configurations. These results rule out a claim
of universal superiority over LLM-assisted boundary checking. Two factors may explain
the setting-dependent pattern. First, as the support size increases, textual prototypes be-
come more reliable and the marginal value of KG correction decreases. Second, broad
open-domain labels, especially the four CoNLL-2003 types, require less fine-grained type-
semantic correction, whereas BANER can exploit broad LLM knowledge for candidate
verification. KG-APC’s main advantage is instead observed in the target industrial main-
tenance scenarios, where sparse supervision, specialized label semantics, and difficult
maintenance spans align more closely with its design. This interpretation is also bounded
by baseline provenance: the Few-NERD values follow the published BANER protocol and
are not treated as locally paired-seed significance comparisons.

The dataset-specific trends further support the design choices of the framework.
On MaintlE coarse-grained NER, the gains are stable because the five top-level classes still
require reliable span selection and semantic separation. On MaintIE fine-grained NER,
the improvements are larger, which is consistent with the fact that episodes are sampled
from 32 semantically close intermediate types. In this setting, Wikidata aliases, descriptions,
superclass relations, and related concepts provide useful type-level anchors for correcting
noisy prototypes [3,4]. CFDK shows a different but complementary challenge. Although it
contains only five categories, the difficulty varies greatly across labels: Equipment is usually
easier to recognize, whereas Cause and Troubleshooting Solution often appear as long and
heterogeneous sequences [5]. This explains why the boundary threshold and boundary-
aware loss weight have different optimal values on CFDK and MaintIE fine-grained NER.
The graph-hop analysis also shows that a two-hop neighborhood provides the best trade-
off: one-hop aggregation may be too local, while three-hop aggregation can introduce
weakly related neighbors and reduce prototype discriminability.

These findings have practical implications for industrial maintenance information
systems. In real deployments, annotated maintenance data are often scarce, and entity
schemas may be updated as equipment, fault modes, or maintenance procedures change.
A framework that can combine a small support set with structured external knowledge is
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therefore attractive for reducing annotation cost while preserving adaptability. However,
the method also has clear limitations. Its effectiveness depends on the quality of label-
to-Wikidata alignment and on whether the retrieved aliases, descriptions, and graph
neighborhoods are semantically appropriate for the target schema. When an industrial
entity type is highly specialized or poorly covered by Wikidata, the KG prior may become
weak or noisy. Future work should therefore focus on two directions: incorporating
hierarchical entity structures into prototype construction, and developing more adaptive
mechanisms for assessing KG confidence and filtering noisy graph relations.

The perturbation results in Section 4.7 make this dependency more concrete. Under a
50% neighbor-replacement probability, KG-APC remains above the w/o KG variant by
0.26 F1 on MaintlE fine-grained NER and 0.45 F1 on CFDK. At a 50% type-alignment
masking probability, it retains 58.05 and 54.42 F1 on the two datasets, respectively. These
trends indicate graceful degradation under the evaluated conditions rather than complete
dependence on a perfect KG. They also confirm that KG quality and coverage remain
performance factors: both perturbation series decline monotonically as corruption increases.
At the same 50% masking probability, KG-APC Full is numerically higher than w/o Gate by
0.69 F1 on MaintlIE fine-grained NER and 0.64 F1 on CFDK. This controlled comparison links
the adaptive gate to the observed performance at one representative incomplete-coverage
point, while leaving its contribution across other perturbation levels unresolved.

The computational comparison adds a deployment-oriented dimension to the recogni-
tion results. As shown in Figures 2 and 3, KG-APC achieves 40.6-54.5-fold lower latency,
27.6-36.6-fold fewer FLOPs, and 6.8-7.8-fold lower peak memory than BANER across the
three industrial settings. This advantage is mainly attributable to replacing the LLaMA-
2-7B-scale inference backbone with RoBERTa-base and moving Wikidata neighborhood
retrieval to an offline cache. Table 9 shows that even the 32-type MaintIE fine-grained
schema requires only 22.7 s of one-time retrieval and a 17.9 MB cache. These measure-
ments support the time- and space-efficiency claim under the reported RTX 6000 Ada FP16
environment, but they should not be interpreted as hardware-independent guarantees.

The remaining deployment limitation is narrower than simple random incompleteness.
The new experiments perturb a static cached graph independently across neighbors or
entity types; they do not test temporal graph drift, correlated errors across an equipment
family, or repeated online cache updates. In practical maintenance environments, these
structured changes may be more difficult than random missingness because several related
type priors can become stale simultaneously. Future deployment studies should therefore
evaluate concurrent workloads, dynamic cache refresh, confidence-calibrated KG fallback,
and relation filtering under temporally evolving industrial schemas.

6. Conclusions

This paper investigates few-shot named entity recognition in industrial operation
and maintenance scenarios, where annotated data are limited, entity boundaries are often
ambiguous, and entity types are strongly connected to domain knowledge. To address these
challenges, we propose KG-APC, a knowledge-graph-guided adaptive prototype correction
framework. The framework first performs boundary-aware span detection to obtain more
reliable candidate mentions, then uses external knowledge graph priors to enrich label
semantics and correct class prototypes, and finally conducts metric-based classification
with corrected prototypes. In this way, KG-APC jointly considers span boundary quality,
support-set evidence, and structured domain knowledge, which are all important for
few-shot industrial NER.

The experimental results demonstrate the effectiveness of the proposed framework.
On the industrial maintenance datasets MaintIE and CFDK, KG-APC consistently achieves
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the best performance under different N-way K-shot settings. The gains are especially
meaningful for MaintIE fine-grained NER and CFDK, where entity types are semantically
close or expressed as long diagnostic sequences. Compared with the knowledge-enhanced
baselines KCL and KGen, KG-APC obtains more stable improvements on the industrial
datasets, indicating that adaptive prototype correction and boundary-aware span modeling
provide benefits beyond KG-based representation enrichment alone. The general-domain
evidence is more limited: KG-APC is numerically best in three of the eleven Few-NERD
and CoNLL-2003 configurations, while BANER leads in the remaining eight. We therefore
conclude that KG-APC is competitive rather than uniformly superior outside its target
industrial domain. The ablation studies verify that the KG prior, adaptive prototype
correction gate, and boundary-aware span detection all contribute to the final performance.
The hyperparameter analysis also shows that KG-APC is relatively stable under different
support sizes, graph aggregation depths, boundary thresholds, and boundary-aware loss
weights. The KG perturbation experiments further show gradual rather than abrupt
degradation under random neighbor noise and missing type alignments, while delimiting
temporal and systematically correlated KG changes as unresolved deployment conditions.

There are still two directions worth exploring in future work. First, many industrial
entity schemas have explicit hierarchical structures, such as coarse categories, intermedi-
ate types, and fine-grained entity labels. Future models could directly incorporate such
hierarchical entity structures into prototype construction and decision making, so that
predictions at different granularity levels can mutually constrain and support each other.
Second, the quality, coverage, and update frequency of external knowledge graphs may
affect the reliability of KG-enhanced prototypes. A more adaptive mechanism for assessing
KG confidence and filtering noisy relations would make the framework more robust in real
industrial applications.
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