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Featured Application

This paper proposes a method that enhances the accuracy of entity relation extraction
through an unsupervised contrastive learning scheme involving feature words and in-
verse feature words. Additionally, it improves the connectivity of the constructed
knowledge graph and enhances the interpreting ability during feature selection.

Abstract

When extracting entities, relations, and their associated words from scientific literature, it
is imperative to consider the supporting role of feature words on the extraction results.
These feature words can provide local semantic information and be combined with the
global feature representation of the sentence, improving the accuracy of information ex-
traction. However, existing methods, when fusing local semantic feature words with
global features, due to ineffective distinction between the influence of feature words and
non-feature words, result in limited enhancement on model performance. To solve this
problem, we propose a feature words adversarial scheme (FWAS) with dual pointer
method. This method implements a dynamic filtering mechanism for feature words
through feature pointers, in order to semantically enhance the encoding of the original
text. Simultaneously, an inverse feature pointer is designed to establish a negative weight
decay mechanism, weakening interference of non-key vocabulary. During joint training,
annotation information for entity relations is introduced to supervise the dual feature se-
lection mechanism. Experimental results on three public scientific information extraction
datasets demonstrate that our method consistently outperforms strong baselines, achiev-
ing up to 4.9% improvement in F1-score. This method offers a new perspective for infor-
mation extraction tasks in scientific and technical literature and provides scalable optimi-
zation directions for subsequent research.
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1. Introduction

The task of extracting entities, relations, and their associated words from scientific
literature is of significant importance for applications such as knowledge graph construc-
tion and information retrieval [1]. Within this task, how to effectively utilize the infor-
mation of feature words in the text to enhance the extraction effectiveness of entities and
relations is a core problem receiving current research attention. Feature words are essen-
tially vocabulary closely associated with entities and relations, usually occurring within
the original text, and able to provide local semantic information. Therefore, they play a
key role in the information extraction process [2]. Because strong semantic associations
exist between feature words and target entities and relations, they can serve as self-aug-
mentation signals for samples, enabling the information extraction model to utilize inter-
nal textual information more fully, thereby reducing reliance on additional annotated
data. However, existing attention based methods [3,4], when utilizing local semantic fea-
ture words, often fail to adequately distinguish between the influence of feature words
and non-feature words, thus limiting the model’s extraction capability. Against this back-
drop, how to construct more effective feature word screening mechanisms to enhance the
accuracy and generalization capability of information extraction became the focus of this
study.

Since feature words are not explicitly annotated in the dataset, how to automatically
acquire them presents a challenge. Existing research indicates that annotation results for
entities and relations can serve as supervision signals to indirectly guide the extraction of
feature words. The supervision scheme for this process can refer to the association super-
vision strategy mentioned in the previous research section. Because feature words and
non-feature words lack obvious formal distinction in textual expression and are often in-
termingled, traditional rule based methods struggle to accurately identify these keywords.
Weakly supervised methods [5,6] also fail to address this issue in long tail and adversarial
features. Therefore, we refer to the semantic contrastive scheme in text classification tasks,
adopting contrastive learning to optimize the feature word screening process under un-
supervised conditions [7]. This approach also aligns with current work on sentence aug-
mentation in this context [8], both being association strengthening ideas [2]. To some de-
gree, these irrelevant words exert a negative influence on the final extraction results; we
further propose the concept of inverse feature words to describe them. Such words re-
quire a degree of weakening to enhance extraction reliability.

The research approach targeting feature words and inverse feature words can refer
to the semantic contrastive scheme in text classification. Existing research demonstrates
that text possesses both similarity and dissimilarity; comparing these two aspects can be
applied to text classification tasks [9]. This idea can be further extended to the quintuple
extraction task, namely, optimizing extraction performance using feature words and in-
verse feature words. Work utilizing non-self-augmenting external information inputs
may require additional annotation costs, while also necessitating consideration of re-solv-
ing conflicts between multi-dimensional features. When the extraction process relies on
entities, sequence and token-level perturbations can be introduced into samples to en-
hance adaptability to entity and contextual disturbances, and probabilistic strategies are
adopted to preserve clean token information during adversarial training [2]. When spuri-
ous associations exist between results and text vectors, to reduce the model’s sensitivity
to spurious correlations, research has attempted to use counter-factually augmented data
for causal modeling [10]. Our method does not introduce external noise or additional
counterfactual annotations, instead, it employs lexical contrastive training to perform un-
supervised optimization on unlabeled original sentence associated words, thereby ena-
bling the model to utilize more feature words for quintuple extraction and further enhance
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relation modeling capability. This process can homogenize multiple features into feature
words, thus enabling word-level advisability [11].

This paper proposes a feature word adversarial scheme (FWAS) with dual pointers,
enhancing the model’s ability to learn local textual features by dynamically screening fea-
ture words and weakening the impact of low contribution vocabulary. Dynamic filtering
employs the idea of feature fusion [12-14], utilizing methods akin to interactive network
structures [15] and semantic drift control [16] to steer the selection of feature words and
inverse feature words by the pointer. The core of the current scheme lies in using two
pointers to extract an equal number of feature words and inverse feature words, then
strengthening feature words while weakening inverse feature words to achieve maximal
contribution from the original feature words in this process of reciprocal growth. We draw
inspiration from dynamic weight adjustment [17] and multi-pointer strategies [18-20] to
achieve adaptive regulation of the influence of feature words. Since the original text, after
encoding, outputs a sentence feature vector representing global features. This content, to-
gether with the word vector features represented by feature word vectors, requires learn-
ing to enhance the model’s understanding of samples [21,22]. The dual pointer scheme
proposed comprises three core modules: feature pointer, inverse feature pointer, and joint
training. The feature pointer mechanism enables FWAS to gradually filter high-contribu-
tion feature words, strengthen the encoding of original text, and enhance the extraction
accuracy of entities, relations, and their associated words. The inverse feature pointer
mechanism allows FWAS to adopt an adversarial learning-based approach to construct a
negative weight decay strategy. By weakening the weight values of unnecessary non-fea-
ture words, the model is able to generalize. This is different from general adversarial train-
ing negative sample enhancement [23] because it involves more refined optimization at
the pointer decoding level, reducing the influence of inverse feature words through neg-
ative sampling strategies [24]. During the joint training strategy, the annotated entity re-
lationship data are used for the dual pointer mechanism in FWAS’s supervised training.
This utilizes the joint semantics between feature words to improve the training dictionary
for named entity recognition and relation extraction, thereby enhancing the model’s grasp
of contextual information. Our contributions are as follows:

e  Propose a dual pointer-based feature word screening scheme. We enable the model
to achieve a dynamic balance between feature enhancement and interference sup-
pression, thus improving the accuracy of entity-relation extraction.

e Propose an annotation-free data augmentation strategy. We optimize unannotated
original sentence-associated words through adversarial training, thereby increasing
the model’s adaptability to information extraction tasks.

e  Demonstrate the role of local feature enhancement in quintuple extraction. As a
global-sentence-encoding scheme, the current strategy can better transform word fea-
tures within original sentences while fusing them with original sentence encoding.

e  Combine adaptive word features for relation extraction. We try to explore how to
homogenize multiple features into feature words, enabling the model to more effec-
tively utilize local information for adversarial feature enhancement.

2. Materials and Methods

2.1. Scheme Ouverview

In this study, we define the quintuple extraction task as a joint framework that com-
bines original sentence associated word features with inverse feature optimization, sim-
ultaneously performing entity recognition, relation prediction, and feature word extrac-
tion. Given an input sentence S = wy,w;,...,w,, the system identifies and extracts the
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quintuple T(S) = (s,t,0),1(S), where (s,t,0) consists of the head entity s (with its en-
tity type), relation type t, and tail entity o (with its entity type); I(S) = i,i,,...,i; de-
notes the index set of feature words.

Here, the sentence contains n words (denoted by w), and I(S) contain t feature
words indexed by i. By incorporating feature words and inverse feature words during
entity recognition and relation prediction, the model effectively enhances its understand-
ing of truly meaningful feature words within complex linguistic structures and improves
the accuracy of relation determination. Therefore, we adopt a joint optimization strategy:
leveraging shared parameters to enhance model generalization capability, while integrat-
ing an attention mechanism to weight feature words, dynamically adjusting their contri-
bution during quintuple extraction. This algorithmic process is illustrated in Figure 1.
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Figure 1. Algorithm structure diagram of the Feature Words Adversarial Scheme (FWAS). In the
current structure, modifications were made to the multi-round sampling and entity generation pro-
cesses via a reinforcement learning scheme to achieve adversarial strategy modeling. We use value

1 to cover the chosen indexes, as the red parts of the masks.

2.2. Encoder

In the quintuple extraction task, the core role of the encoder lies in transforming raw
text into high dimensional vector representations, enabling subsequent computational
modules to leverage these vectors for relation determination, entity recognition, and fea-
ture word extraction. In this study, we adopt a Transformer-based encoder (e.g., BERT) as
the text representation backbone, aiming to utilize its powerful contextual modeling ca-
pabilities and rich prior knowledge to enhance the semantic representational capacity of
input text. As a pretrained model driven by bidirectional self-attention mechanisms, BERT
captures deep dependency relationships between vocabulary, thereby providing more ef-
fective semantic representations for complex sentence structures and long-range depend-
encies.
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During the encoding process, the input text is first segmented into subword units and
mapped to a fixed length subword index sequence. This sequence is subsequently embed-
ded into BERT’s word vector space and encoded through its multi-layer Transformer ar-
chitecture. BERT’s input consists of a token vector sequence V = v, Vy,..., Vp, Vsep,
where v and v, correspond to the special tokens [CLS] and [SEP], respectively, rep-
resenting global sentence information and sentence boundaries. After computation
through multiple Transformer layers, the encoder outputs a vector sequence of the same
length as the input. The hidden state vector corresponding to v serves as the global
representation of the entire sentence, ensuring the model captures comprehensive seman-
tic information during relation prediction and feature word extraction. The remaining
vectors vy,..., v, represent context-aware representations of each word in the input text
(i.e., word vectors), which construct fine grained features for the quintuple to deliver
richer entity and relation characterizations.

2.3. Feature Pointer Mechanism and Dynamic Filtering Strategy

We employ a dynamic filtering process to select feature words and inverse feature
words. This process first initializes their feature vectors, denoted as v,y and v, respec-
tively. An iterative procedure is then applied over t time steps to obtain t feature
words and inverse feature words. During the feature selection stage, inverse feature
words are filtered out and only feature words are retained to enhance the representation
of the original text. At a specific time step 7, the selected feature words strengthen the
features at the corresponding positions in the source text, whereas the selected inverse
feature words suppress the features at their corresponding positions. The validation of
the parameter 7 will be conducted on a representative dataset in the experimental section.

During each feature word extraction step, two input vectors vge,s and v,,.r are
fused through a weighting scheme to generate a new vector v,,. This vector is then fused
with the source text vector V to select the feature word for the current timestep. The in-
verse feature word selection method follows the same process but relies on vectors de-
noted as Ve, and vprer-

Differentiating initial inputs for feature words and inverse feature words uses a self-
weighting scheme based on the global sentence representation vector v, implemented
via a binary activation mechanism. v is transformed by a gating mechanism into a
weight value between 0 and 1. This weight is multiplied by v to initialize the feature
word input, while the inverse feature word input uses 1 minus this weight. The formulas
are defined as:

Vs (0) = tanh(ng(sigmoid(Wzvcls +b,) *v) + bf) (1)
Umr (0) = tanh(%r((l - Singid(VVzvcls + bz )) * 1'7(:15) + br) (2)
Fort = 1:
vmf (t) = tanh(ngvgenf(t) + chvpref (t) + bf) (3)
Umr (t) = tanh(%rvgenr (t) + VVcrvprer (t) + br) (4)

Here Wyr, Wr, Wy, W, denote linear transformation weights, and by, b, are
bias terms. After obtaining v,,; and v,,,, they undergo dimensional expanded linear fu-
sion with vector V for the next extraction step. Taking v,,, as an example, it is first ex-
panded to v, to match the second dimension of V, allowing concatenation at the word
vector level. Probabilities are then computed to identify the word vector position with
maximum probability as the selected feature word vector, while retaining probability val-
ues for gradient back propagation stability. The selection formula is:
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Cmp (6) = Wi[Ving, V] + by )
p(t) = Softmax(M(t) + Wy (tanh(cyr(t))) + by) (6)
hp(t) = maxidx(p(t)) )

where W;, Wy denote trainable linear transformation matrices, b;, by are bias terms,
and all parameters are optimized jointly during training. maxidx(-) denotes an operator
that returns the index of the word vector with the maximum selection probability at the
current timestep. This mask M(t) must evolve throughout the feature word extraction
process. Because no explicit annotations exist for quintuple associated words in this sce-
nario (equivalent to unsupervised learning), the mask requires adjustment at each
timestep. The core principle is that words selected in previous timesteps (either feature or
inverse feature words) are excluded from consideration at the current timestep. Therefore,
this mask M(t) must have the same length as the original sentence, be initialized with all
zeros to indicate initial availability of all words, and be updated at each timestep by setting
positions corresponding to selected feature or inverse feature words to 1 for exclusion
from future consideration. The index hp(t) (indicating the word with maximum proba-
bility at step t) updates the mask as:

Mt +1)=hp(t)+ M(t) (8)

When updating v, it is necessary to incorporate the updated result of the source
text influenced by the selected feature word. It means the source text enhanced at timestep
t contributes to selecting the next feature word. For updating v,,.r, the computation re-
sult of v, from the previous timestep is directly assigned to it. The updates for the in-
verse feature words’ corresponding vectors Ve, and vy, along with their dependent
vector v,,,, follow the exact same scheme. The formulas are defined as:

vpref(t + 1) = me(t) (9)

vgenf(t + 1) = Maxpool((hp(t) + p(t)) * V) (10)

After all feature words are selected, we exclusively utilize the aggregated probability
values from these selections to update the original vector V, achieving feature word en-
hancement. The weakening effect of inverse feature words is realized indirectly via a loss
constraint during training, influencing the feature word sampling process without direct
intervention. This procedure is formally expressed as:

=ve)  p an

2.4. From Relation Templates to Entity Matching

This component primarily outputs entity and relation results for the quintuple. After
incorporating feature word influence into the source text, relation templates are employed
as input to match potential relations in the text. Subsequently, the head entity is identified
based on this result, bound to the relation template, and finally encoded to locate the tail
entity. During template matching, the encoded relation template representation R, con-
taining both relation types and entity types, determines possible joint relations in the sam-
ple. The relation feature representation V, is generated through linear transformation of
the feature enhanced text representation V, which is represented as V. = WiVy + bg. This
V. then interacts with R via an interactive attention operator where both inputs first un-
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dergo self-attention computation, followed by cross-attention calculation, ultimately pro-
ducing an output through a fully connected network, yielding the potential joint relation
representation RY.

For entities, we consider representations spanning all word vectors across the text.
That is, the entity representations derived after span computation. When consecutive
words form an entity, their computation content is represented using entity boundaries
and internal max-pooling, denoted as:

0@ = [0, (), v5e, (1), maxpool (v (D)), 6€ (w)| (start < j < end) ~ (12)

vs(fgrt(i) and véz)d (i) denote the start and end boundary vectors of entity i, while
8 (v;) represents its length information. This indexed representation constructs a new
sequence serving as the preliminary vector for generating the entity feature representation
V.. A linear transformation is then applied, which is V, = W,V; + b,. This considers the
vector obtained after the first transformation as the hidden representation for head entity
dependency, while the tail entity utilizes V, for a second transformation. To distinguish

from the head entity, a fixed value vector ¢ is added. This process can be described as:
Ve = We[Ve; €] + by (13)

where W, denote trainable linear transformation matrices, b, are bias terms. When ex-
tracting entities, R%, V, and V¢ require dimension expansion to resolve inter stage de-
pendencies. Since R°’s second dimension encodes template relation counts per sample,
while V,’s second dimension tracks all possible entities (dimensional incompatible), both
tensors undergo mutual dimension expansion. Boundary values are constrained via
tanh(.), followed by binding probability estimation through o(.) (sigmoid activation) at
corresponding positions. For tail entities, the bound head template result E#° serves as
input to replicate the same process, yielding the head-to-tail entity binding ET°.

EHO = sigmoid (W), (attention(expand(R?) + expand(V,))) + bp,) (14)

ET0 = sigmoid (W,, (attention(expand (E"%) + expand (V))) + by,) (15)

Here Wy, W;, are trainable weight parameters, and by,, b;, are bias terms within
the joint training process.

2.5. Loss Functions

The current task’s loss function design focuses on three aspects: feature words, in-
verse feature words, relations, and entities. Although inverse feature words do not di-
rectly modify source text word vectors, they must be significantly distinct from feature
words, enforced through loss supervision. Differences between inverse and standard fea-
ture words are maximized using reinforcement learning principles, where supervision
targets gap amplification rather than individual words. At step t (when the hp mask
stabilizes), all feature/inverse words are identified. A primary loss of the features is con-
structed to maximize dissimilarity through reciprocal terms:

Leature = hp(D)+ ) (1/Cexpp® = 1)) (16)

where p(i) and rp(i) denote the probability distributions of feature words and inverse
feature words at step t, respectively. Maximizing the divergence between rp(i) and
p(i) enlarges the distinction between feature and inverse feature words. For relations and
entities, cross-entropy loss functions are applied:
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1 m
Loniicy = =52 . (4" 108(E"®) + 5 10g(E™)) (17)
Lo o LN () 10RO 18
relation * i (yi Og( )) ( )
m i=1
Ltotal = Lfeature + Lentity + Lrelation (19)

Here m denotes the maximum count of entity-relation tuples in a sample. These three
loss functions combine as the model’s optimization objective. Because each tuple contains
two entities, the entity loss component carries a halved weight parameter to balance con-
tributions among them.

3. Results
3.1. Datasets

In relation extraction tasks, datasets are required to cover both entity types and rela-
tion types to support information combinations that conform to the quintuple structure.
To meet this requirement, we selected multiple standard datasets spanning scientific re-
search, news, and encyclopedic domains, allowing the evaluation of the model’s perfor-
mance across diverse scenarios. For experiments focusing solely on relation triplet extrac-
tion, we included datasets from non-scientific contexts to analyze the model’s generaliza-
tion ability.

In the scientific domain, we used SciERC [25], SemEval 2017 Task 10 [26], and
SemEval 2022 Task 12 (Symlink) [27]. SciERC contains 500 scientific paper abstracts with
4648 annotated entity-relation pairs, encompassing paper abstracts across multiple scien-
tific disciplines, annotated with entities, relations, and coreference chains, enabling eval-
uation of model capability in high specialization texts. SemEval 2017 Task 10 includes 676
paper excerpts and 1073 entity-relation pairs from multiple disciplines, which focuses on
research findings and conclusion-oriented texts with high knowledge density, testing
model performance in processing highly summarized sentences. SemEval 2022 Task 12
features 7815 mathematical symbols with 20,987 annotated relations, retaining the char-
acteristics of the former while supplementing document-level relations and scientific-no-
tation-related entities. This experiment adopts strict entity-relation quintuple matching
(Rel+) to ensure extraction precision. Simultaneously, original sentence associated words
were quantitatively analyzed to further investigate feature words’ contribution to relation
determination. We compared our experimental results with the latest baselines, the names
of which are listed in Tables 1 and 2.

To verify generalization capability, two open domain datasets, NYT [28] and
WebNLG [29], were introduced. Originating from news and encyclopedia domains, re-
spectively, these datasets exhibit significant stylistic and structural differences from the
scientific literature. NYT10, derived from The New York Times, contains 67,312 sentences
with 84,832 relations, focusing on main entities and their relationships in news articles.
WebNLG, from encyclopedic texts, includes 13,420 sentences with 6946 relations, cover-
ing various knowledge descriptions. Given the absence of explicit entity-type annotations
in NYT and WebNLG, evaluation employed standard relation triple matching. To exam-
ine robustness across data partitioning strategies, both original (NYT, WebNLG) and pre-
processed extended versions (NYT*, WebNLG*) were utilized. The original versions in-
clude supplementary coreference resolution information to mitigate noise interference.
This partitioning design facilitates analysis of the adversarial mechanism’s stability across
varying data distributions and textual styles, further assessing its applicability to multi-
domain relation extraction tasks.
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Table 1. Experimental results on SciERC and SemEval 2017 Task 10 datasets. P, R, and F denote

Precision (%), Recall (%), and F1-score (%), respectively, (using “Rel+” with strict entity-type con-

straints).
Dataset Baseline P R F
SpERT.PL [30] 39.94 38.98 39.41
SpERT.PL + OVO [31] - - 41.5
SpERT [32] 36.25 40.04 38.05
Trimf [33] 42.27 39.01 40.58
MCER [34] - - 42.8
MTL [35] 44.33 35.46 39.66
HGERE [36] - - 43.6
ATG [37] - - 38.6
UIE [38] - - 36.53
GraphER [39] - - 394
SciERC PGA [40] 43.19 35.52 39.27
TRUE-UIE [41] - - 374
UIE-MPSR [42] - - 35.77
IEPile [43] - - 45.89
Set [44] - - 35.9
UTC-IE [45] - - 38.77
SKIE [46] - - 46.9
TIE [47] - - 34.41
CARE [48] - - 40.9
FSN [49] - - 42.3
FWAS 53.61 51.13 52.34
SCIIE [25] 40.4 21.2 27.8
Semeval DyGIE [50] 35.11 24.23 28.7
2017 task 10 SpERT 45.22 24.88 32.1
Trimf 47.25 25.62 33.2
FWAS 42.05 39.23 40.59
SpERT 34.72 26.22 29.88
Semeval ATFB [51] 36.52 27.25 31.2
2022 task 12 JBNU [52] 40.34 34.09 36.96
FWAS 44.36 39.7 41.9

Table 2. Dataset length analysis. This section displays information on the length of the original text,

entities, and entity spans for three scientific literature datasets.

Dataset Avg Sentence Length Avg Head Entity Avg Tail Entity Length Avg Entity Gap
Length Length
Semeval 2017 task 10 37.28 3.02 2.93 5.87
Semeval 2022 task 12 109.29 3.25 4.95 18.34
SciERC 27.17 2.69 2.74 5.72

3.2. Evaluation Metrics

For experimental implementation details, we employ BERT-base-cased and SciBERT-
base as text encoders to evaluate general-domain versus scientific-literature-specialized
pre-trained models. BERT-base-cased provides broad cross-domain knowledge and is
used for two Semeval dataset, while SciBERT-base optimizes for scientific contexts and is
used for SciERC, capturing relational patterns in academic discourse more effectively.
Batch size is set to 16 with 150 training epochs. Initial learning rate is fixed at 1 x 107>
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using warmup strategy (gradually increasing learning rate initially followed by progres-
sive decay) to enhance convergence stability. AdamW optimizer with gradient clipping
prevents local optima and training oscillation.

All experiments ran on NVIDIA RTX 3090 Ti GPUs to ensure computational effi-
ciency and large-scale data processing capability. To enhance result reliability, model per-
formance was evaluated on the validation set after each epoch, with optimal parameters
saved for final benchmarking. We implemented an early stopping strategy, terminating
training when no performance gain was observed over consecutive epochs, to optimize
computational resource utilization while mitigating overfitting risks. For robustness veri-
fication, multiple random initialization trials were conducted, with statistical analysis of
model performance across different random seeds assessing stability and generalization
capability. These configurations ensure comparative experiment fairness and establish a
reliable foundation for model evaluation.

3.3. Basic Experiment Results

The results of baseline methods reported in Tables 1 and 2 are taken from their orig-
inal papers under the same evaluation protocols whenever available. For methods that do
not report full Precision and Recall values under the Rel+ setting, only the F1-score is pre-
sented, following common practice in the literature. The baselines included in Table 1 are
modeled using joint extraction mode and graph optimization mode, and the F-values of
all or part of the scientific literature dataset are provided. The specific method names are
detailed in the table. The baselines included in Table 2 are modeled in a relationship opti-
mization mode, mainly targeting general datasets.

Table 1 presents experimental results of the proposed FWAS on three scientific liter-
ature datasets: SCiERC, SemEval 2017 Task 10, and SemEval 2022 Task 12. Under the Rel+
evaluation protocol, the scheme outperforms all baseline models, validating the effective-
ness of the feature inverse feature adversarial mechanism in joint entity-relation extraction.
The F1 scores of 52.34%, 40.59%, and 41.9% were obtained on SciERC, SemEval 2017 Task
10, and SemEval 2022 Task 12 datasets, respectively, demonstrating significant improve-
ments over other baselines. These results confirm the robustness of the feature word con-
trastive mechanism, indicating that introducing inverse feature words enhances feature
word screening accuracy while optimizing global sentence level representations. Com-
pared to traditional single directional feature selection methods, the dual pointer mecha-
nism stabilizes feature word selection through unsupervised adversarial training, thereby
strengthening semantic representation capabilities.

From a finer-grained analysis, the core function of the feature inverse feature adver-
sarial mechanism lies in enhancing model sensitivity to critical feature words while sup-
pressing interference from low contribution vocabulary in relation modeling. This effec-
tiveness is evidenced by F1-score improvements. The dual-pointer mechanism dynami-
cally regulates feature word screening weights in an unsupervised environment, main-
taining robust adaptability across diverse data distributions. This further attests to its gen-
eralization capability in multi-domain texts. Gradual convergence of feature word screen-
ing accuracy during training indicates increasingly effective discrimination between key
features and irrelevant vocabulary, driving enhanced overall relation extraction perfor-
mance through adversarial optimization. This conclusion applies to the SemEval 2022
Task 12 dataset, which contains a large number of cross-sentence relationships and rela-
tively long mathematical descriptions According to Table 2, the Semeval 2022 task 12 da-
taset is significantly longer than other datasets, but our SWAF method still manages to
improve performance. This indicates that the current method is suitable for long texts, but
its effect is more significant for shorter texts.
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Table 3 presents the proposed scheme’s performance on NYT and WebNLG datasets,
where Fl-score improvements are less pronounced compared to SciERC and SemEval
2017 Task 10. Given the high baseline F1-scores (#95%) on NYT and WebNLG, the limited
optimization headroom constrained enhancement magnitude relative to the scientific lit-
erature benchmarks. Nevertheless, this marginal gain confirms that the feature inverse
feature adversarial mechanism retains optimization efficacy even against high perfor-
mance baselines. Analysis reveals distinct contributions: for NYT, the mechanism primar-
ily improves relation matching accuracy in long sentences; for WebNLG, it enhances
adaptability to diverse syntactic structures. This suggests that refined feature word
screening reduces interference from irrelevant information during relation extraction,
even in scenarios where existing methods excel.

Table 3. Experimental results of the FWAS on NYT, NYT*, WebNLG, and WebNLG* Datasets.

Baseli NYT* WebNLG* NYT WebNLG
asetne P R F P R F P R F P R F
EmRel [53] 917 925 921 927 93 929 926 927 926 902 874 887
GRTE [54] 929 931 93 937 942 939 934 935 934 923 879 90
ConCasRTE [55] 929 923 926 938 925 931 929 921 925 906 881 893
BiRTE [56] 922 938 93 932 94 936 919 937 928 89 895 893
CasRel [57] 89.7 895 896 934 901 918 - - ; ;
TP-Linker [58] 913 925 919 91.8 92 919 914 926 92 889 845 867
PRGC [59] 933 919 926 94 921 93 935 919 927 899 872 885
RFBEN [60] 934 932 933 939 941 94 937 93.6 93.6 915 894 904
RPSS [29] 935 932 933 947 951 949 - - - ; ;
PRE-Span [50] 90 853 88 955 929 942 886 847 866 834 827 83
BTDM [30] 93 925 927 941 935 938 931 925 927 909 90.1 905
SPN [61] 933 917 925 931 936 94 - - ; ;
NEDORT [62] 91.8 897 907 922 915 919 - - ] ]
DERP [63] 921 9 91 928 929 99 - - ; ;
ODRTE [64] 935 939 937 946 951 949 942 93.6 939 928 921 925
PRE-Span [65] 90.9 853 880 955 929 942 886 847 866 834 827 830
UIE [38] ] - ] - ; ] - 935 - ; ;
DS [66] ; - ; ; . 865 732 793 853 831 842
GLM-TripleGen [67] 942 936 939 942 936 939 - - ; ;
SGEP [68] ; - ; - - 915 744 8.1 855 845 852
Set [44] ; - 35 - - ] ; - 92 - ; ]
CARE [48] ] - 96 - - 939 - - ] ;
IT [69] 942 934 93 936 937 932 948 938 932 92 912 915
FWAS (Ours) 947 945 946 963 964 963 948 951 949 922 921 921

3.4. Evaluation Results Without Enhancement Mechanism

To further validate the impact of the enhancement mechanism on feature word
screening, we removed either p(t) or hp(t) from computations while retaining the
other component, comparing performance changes before and after removal. As shown
in Table 4, removing p(t) caused Fl-score declines of 2.2% and 2.5% on SciERC and
SemEval 2017 Task 10 datasets, respectively, while removing hp(t) resulted in 1.5% and
1.8% reductions. This confirms the scheme’s critical role in transmitting supervisory sig-
nals between feature and inverse feature words. Eliminating p(t) induced nondifferen-
tiable conditions during backpropagation, explaining its more severe performance degra-
dation. Theoretically, adversarial learning alone can drive feature word screening without
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enhancement mechanisms. However, convergence slows due to insufficient global super-
visory signals during backpropagation, ultimately compromising extraction efficacy.
These results validate the enhancement scheme’s function in optimizing supervisory sig-
nal transmission and ensuring stable feature inversed screening.

Table 4. Ablation study of the enhancement.

Dataset Baseline P R F
Origin results 53.61 51.13 52.34
SciERC Remove p(t) 49.52 50.33 49.92
Remove hp(t) 51.85 49.97 50.89
Origin results 42.05 39.23 40.59
Semeval 2017 task 10 Remove p(t) 40.18 36.09 38.03
Remove hp(t) 39.73 37.76 38.72
Origin results 44.36 39.7 419
Semeval 2022 task 12 Remove p(t) 42.85 37.79 40.16
Remove hp(t) 42.19 38.72 40.38

From a finer-grained analysis, removing the enhancement mechanism significantly
degrades feature word selection capability in complex syntactic structures, particularly
for texts with multi-relation cooccurrence and long-range dependencies. This is because
the heightened semantic ambiguity in feature/inverse feature distributions. The critical
role of supplementary supervisory signals in optimizing feature screening is thus under-
scored, as the enhancement mechanism extends the reach of backpropagation signals
across broader textual contexts. This strengthens continuous modeling of feature screen-
ing and enhances feature inverse feature discriminability, concurrently mitigating infor-
mation dispersion in complex texts for more targeted screening. Theoretically aligned
with our methodological derivations, the mechanism bolsters global feature alignment
during backpropagation, reducing training volatility from instance specific biases. Absent
this mechanism, models become overly dependent on local information while failing to
leverage global context, increasing vulnerability to noise interference and critical feature
omission, ultimately compromising extraction efficacy.

3.5. Ablation Studies on Inverse Feature Words

To further investigate the efficacy and optimization potential of our proposed con-
trastive strategy between feature words and inverse feature words, we conducted ablation
experiments focusing on two aspects: loss function modifications for feature words and
the direct impact of inverse feature words on original sentences. These studies enable in-
depth analysis of how different strategies affect model performance and clarify the mech-
anistic roles of feature and inverse feature words in the task.

We first modified the loss function used in the reinforcement learning process be-
tween feature and inverse feature words, implementing two adjustments: (1) Removing
the natural logarithm e, using squared difference directly as the denominator; (2) Elimi-
nating multiplication with hp, retaining all feature/inverse feature word positions for su-
pervision. Results after these modifications are shown in Table 5. Experimental data reveal
performance degradation under both adjustments due to:

First Modification (Natural Logarithm Removal): The natural logarithm serves as a
smoothing mechanism in the loss function, preventing minor differences from dispropor-
tionately affecting gradients during computation. For instance, when differences are small
(e.g.,€0.01 = 1.01), the log function amplifies subtle differences during backpropagation,
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mitigating vanishing gradient issues. Removing it simplifies computation but causes mi-
nor differences to be ignored during training, degrading gradient update effectiveness. It
is the primary reason for performance degradation.

Second Modification (hp Multiplication Elimination): Multiplying with hp confined
supervision to position specific impacts for feature/inverse feature words at each timestep.
Removing this restriction applies identical supervision signals to all positions, diluting
supervisory focus away from high impact words. Consequently, optimization direction
becomes ambiguous, preventing effective learning of optimal feature/inverse feature
words and reducing performance.

Table 5. Ablation experiments on inverse feature words.

Dataset Baseline P R F
Origin results 53.61 51.13 52.34
Delete the natural logarithm e 47.13 50.42 48.72
SciERC Not multiplied by hp(t) 42.57 44.88 43.69
Insert inverse .feature words into 51.75 50.88 5131
the original sentence
Origin results 42.05 39.23 40.59
Delete the natural logarithm e 38.43 38.02 38.22
Semeval .
Not multiplied by hp(t) 36.79 34.62 35.67
2017 task 10 Insert i featu ds int
nsert inverse feature words into g 39.97 39.47
the original sentence
Origin results 44.36 39.7 41.9
Delete the natural logarithm e 42.73 35.46 38.76
Semeval .
Not multiplied by hp(t) 40.82 32.6 36.25
2022 task 12 Insert i featu ds int
nsert inverse feature wordsinto o 36.45 39.30

the original sentence

In another experiment, we directly incorporated inverse feature words into the orig-
inal text computation to examine their impact on textual information. This modification
also degraded performance, attributable to two primary factors:

Entity Information Conflict: Word vectors in the original text simultaneously facili-
tate feature word screening and entity recognition. When inverse feature words weaken
vector representations, they interfere with boundary identification. Weakened entity in-
formation reduces entity recognition accuracy by 8~12% (SciERC ablation tests), cascading
to relation extraction failures.

Contextual Interference: Introducing inverse feature words alters semantic contexts,
amplifying ambiguity for polysemous words or context dependent relations. For example,
in the phrase “cell growth inhibition”, weakening “inhibition” shifted relational interpre-
tation probabilities by 25% (Semeval 2022 Task 12 analysis), inducing erroneous relation
extractions.

Modifying the feature word loss function may simplify model training in certain sce-
narios. But in this task, removing the natural logarithm or altering position based super-
vision degrades optimization effectiveness. Without appropriate supervisory constraints,
the model struggles to focus learning on specific word positions. Introducing inverse fea-
ture words directly into original text demonstrates that while they enhance feature word
screening, they concurrently introduce noise, particularly detrimental in entity recogni-
tion tasks where interference disrupts precise boundary detection, causing performance
decline. Ablation results empirically validate our original design’s efficacy, confirming
that rational loss function engineering and precise supervision of feature/inverse feature
words are critical to preserving model efficacy.

https://doi.org/10.3390/app16052187



Appl. Sci. 2026, 16, 2187

14 of 21

3.6. Analysis of the Hyperparameter t

Since the hyperparameter 7 is fixed to 5 in our model, meaning that five feature
words are selected during the dynamic filtering process, we further investigate the impact
of different 7 values on prediction performance. In this subsection, we conduct a series
of experiments on the SciERC dataset, where 7 ranges from 1 to 10. Figure 2 illustrates
the performance comparison under different numbers of selected feature words.

52.34
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o |
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w 50 A
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Figure 2. The trend of F-value changing with the hyperparameter 7. This resultis used to verify our

chosen value.

As shown in the results, the F-score gradually increases as v grows from 1 to 5 and
reaches its peak at 7 = 5. When 7 exceeds 5, the performance begins to decline and ex-
hibits certain fluctuations. The number of selected feature words reflects the extent of se-
mantic features that need to be enhanced for a given sample. Since our extraction frame-
work first enhances the sentence representation and then sequentially performs relation
and entity extraction, selecting an excessive number of feature words may introduce re-
dundant information, leading to semantic dispersion or even altering the original sentence
meaning. Therefore, considering both performance and stability, 7 is finally set to 5 in
our experiments.

3.7. Error Analysis

To more intuitively illustrate the potential error patterns of FWAS and other base-
lines, we further present several representative prediction cases in Figure 3. In some sci-
entific texts, the base model is susceptible to interference from background terminology
or descriptive elements. In sentences describing experimental settings or related work,
when multiple entities appear simultaneously but only a few are involved in the target
relation, the base model tends to incorrectly match frequently occurring but semantically
weak entities with relation trigger words, resulting in misjudgments. This error corre-
sponds to the blue part in Figure 3.
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Text The anomalies are drawn uniformly from the hyper-cube defined by the range (—4,4) in each dimension.
Entity Pair therange BE (-44) | ‘ range 55 (-4,4)
Feature Words defined [ by each ‘ dimension ‘ drawn
"range" and "the range" form nested entities; they have identical semantics but different boundaries. This

Error reason | situation represents a high-risk boundary error scenario for FWAS and other baselines. So the first one
failed to get "PRIMARY/Direct/SYMBOL" result.
For each data point x 1, the Random Forest computes an estimate of P(\\hat{y 1}=k[x 1) , the predicted
probability that x_i belongs to class $k$ . We construct a confusion matrix $C$ in which cell C_{j.k}

Text contains the sum of P(\\hat{y i}=k[x i) for all x_i whose true class y i=j. We then define a graph in
which each node is a class and each edge ( between two classes $j$ and $k$ ) has a weight equal to
C[j,k]+Clk,j] -
Entity Pair $k$ 225 9kS [ [ \
Feature Words each | edge | weight equal ‘ contains
When the type of the annotated joint entity relation is "SYMBOL/Corefer-Symbo/SYMBOL", it is
Error reason impossible to find the feature information representing coreference in the original text through the

semantics of Corefer-Symbol.

Figure 3. Error case analysis. This diagram illustrates two error cases, demonstrating the potential
error scenarios that FWAS and baselines can generate. The case in the blue area demonstrates the
problem of matching relationships and entities; The case in the purple area demonstrates the prob-

lem of highly implicit semantics and lack of obvious trigger words.

FWAS can mitigate the impact of such interference through an inverse feature word
suppression mechanism, favoring entity combinations highly relevant to relation seman-
tics. However, in scenarios where relation semantics are highly implicit and explicit trig-
ger words are lacking, FWAS may still produce incorrect predictions. This error corre-
sponds to the purple part in Figure 3. When relations require judgment based on cross-
sentence reasoning or implicit semantic associations, even with effective noise suppres-
sion, the model may still fail to accurately identify the target relation due to a lack of ex-
plicit cues. These cases demonstrate that FWAS has a significant advantage in suppressing
noise interference, but there is still room for improvement in complex scenarios requiring
deep semantic reasoning.

3.8. Feature Word Statistical Analysis

To investigate the distribution properties of feature and inverse feature words, we
conducted quantitative analysis of original sentence associated words, with results shown
in Figure 4. This experiment statistically analyzed part-of-speech distributions for both
word types, revealing their categorical preferences. Results demonstrate nouns dominate
both feature and inverse feature words, exhibiting strong alignment with quintuple ex-
traction tasks’ inherent requirements.

POS of Feature Words(Counted by Percentage)
2017110 2022112

scierc

2.45%

3.67%
0-86% 3 08%1.a%
pemsp

1.86%
WebNLG 0.70% 5.77% WebNLG*
418%  5.84%

094%

3.69% 16.54%

412% 0.80%

”
0.72% 5 67%

105% 1.91%
NYT

277%

conj
others
0.72%1.47%

Figure 4. Part-of-speech distribution of original sentence-associated words (feature words). Data
derived from all four datasets. Nouns constitute a significantly higher proportion than other parts

of speech across all datasets.
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Further analysis confirms nouns dominate both feature and inverse feature words
significantly more than other parts of speech. This phenomenon fundamentally arises
from our scheme’s core objective: optimizing quintuple extraction through feature/inverse
word enhancement. Since head/tail entities and relations primarily rely on noun infor-
mation, feature/inverse words progressively shift toward noun dominance under en-
tity/relation supervision signals during training. This adaptation strategically supports
entity recognition and relation prediction, making nouns the predominant category. Crit-
ical relationship expressions (e.g., “author”, “institution”, “method”, “experiment”) rep-
resent quintuple essential elements typically expressed as nouns. Our model increasingly
emphasizes such nouns as feature/inverse words during training, enabling precise cap-
ture of textual semantics.

Beyond nouns, experimental results reveal prepositions and other part-of-speech cat-
egories also occupy notable proportions. This indicates that, while nouns dominate fea-
ture and inverse feature words, other lexical classes still influence quintuple extraction,
such as prepositions, punctuation marks, and numerals. The high proportion of preposi-
tions is attributable to their critical role in relational expressions. For instance, preposi-
tional phrases like “based on”, “derived from”, and “applied to” frequently signal entity
relationships in scientific texts, directly impacting relation type determination in quintu-
ples. What is more, the model autonomously learns these prepositions’ functions in rela-
tion extraction, marking them as feature or inverse feature words to assist relational mod-
eling.

We observe that numerical values, special symbols, punctuation marks, and other
semantically incomplete elements also occupy notable proportions in feature and inverse
feature word distributions. This occurs because certain relational information relies on
numerical expressions (e.g., years, experimental parameters, probability values) or punc-
tuation marks (e.g., colons, dashes). For instance, in academic texts like “experimental re-
sults: 95% confidence interval”, the model must focus on content following the colon to
accurately extract quintuple information. Thus, despite lacking full semantic integrity as
standalone entities or relations, these elements remain functionally significant for relation
extraction tasks.

These experimental results demonstrate that the distributions of feature and inverse
feature words are intrinsically aligned with the model’s learning objectives. Under super-
vision from quintuple annotations during training, the model progressively prioritizes
word categories closely associated with entities and relations, ultimately forming a distri-
bution hierarchy: nouns dominate, followed by prepositions and other categories. This
confirms the scheme’s capability to capture diverse semantic information types for en-
hanced joint entity-relation extraction. The feature inverse feature contrast strategy ena-
bles autonomous identification of relation critical word classes, leveraging this knowledge
to strengthen quintuple extraction. Quantitative results validate that the selection mecha-
nism effectively aligns with semantic requirements of entities and relations, providing ro-
bust support for the overall task.

4. Discussion
4.1. Computational Complexity Analysis

This section demonstrates the time feasibility of FWAS. Compared to the baseline
joint entity relation extraction model, our proposed FWAS introduces an additional two-
pointer computation component. It uses a concatenation iteration and projection mapping
method during computation, resulting in a minimal increase in trainable parameters. In
our implementation, the total number of parameters increases by only about 5% compared
to the backbone model. Regarding training efficiency, FWAS incurs some overhead due
to the pointer-based iterative feature selection process, increasing training time per epoch
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by approximately 10-15%. However, this is largely unaffected during the inference phase.
The pointer process during inference is executed only once per sentence, resulting in sig-
nificantly lower overhead compared to training processes involving multiple parameter
adjustments. Therefore, FWAS achieves higher extraction accuracy while maintaining
similar inference efficiency.

4.2. Convergence and Scalability Analysis

In the FWAS framework, the number of pointers is fixed to two, corresponding to the
feature word pointer and the inverse feature word pointer. Our empirical observations
indicate that further increasing the number of pointers tends to introduce redundant mod-
elling rather than significantly improving the model’s convergence speed. In practice, the
improvement in convergence efficiency of FWAS mainly originates from the competitive
optimization mechanism itself. By explicitly identifying and suppressing inverse feature
words, the model can more stably recognize the key information it truly relies on. This
reduces the interference of noisy features during training and enables the model to reach
a stable state more quickly.

Regarding scalability, FWAS is designed to operate at the sentence level and does not
depend on document-level graph construction or global structural modelling. The pro-
posed method can be efficiently applied to large-scale scientific corpora through sentence-
level batch processing. For longer documents, sliding-window or paragraph-level seg-
mentation strategies can be adopted without modifying the core model architecture. As
sentence length increases, FWAS can instead exploit richer contextual information to ob-
tain potential inverse feature word candidates, thereby more effectively distinguishing
truly discriminative feature words from noise that should be suppressed. This mechanism
alleviates, to some extent, the common issue of semantic dispersion and insufficient prom-
inence of key information in long-sentence scenarios.

5. Conclusions

This study proposed a dual pointer mechanism based feature word screening
method to address limitations in feature recognition and global semantic fusion within
existing information extraction approaches. We designed a feature pointer for dynami-
cally screening local feature words to enhance sentence semantic representations, while
introducing an inverse feature pointer to impose negative weight decay that suppresses
interference from non-feature words. Experimental evaluations demonstrate superior
performance across multiple scientific literature datasets, particularly under the Rel+ sce-
nario where significant improvements over baseline methods were achieved. Further
quantitative analysis reveals that feature and inverse feature word distributions align with
semantic requirements for entity-relation modeling, validating the dual pointer mecha-
nism’s effectiveness in information extraction tasks. Ablation experiments confirm the ne-
cessity of feature enhancement and interference suppression, indicating that joint super-
vision strategies improve model sensitivity to feature words and optimize global semantic
representations. This method achieves notable improvements in both accuracy and ro-
bustness for information extraction, offering new perspectives for structuring scientific
literature information.

In future work, we plan to extend the proposed framework to document-level scien-
tific information extraction and explore its integration with large language models. In ad-
dition, we aim to investigate more efficient feature-pointer optimization strategies to fur-
ther improve scalability and robustness.
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