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Abstract. Scientific text RE is essential for constructing high-quality
scientific knowledge graphs. However, existing methods mainly rely on
generic semantic representations and often fail to explicitly model domain-
specific scientific reasoning patterns, making it difficult to identify im-
plicit relations expressed through causal reasoning, parameter associa-
tion, experimental verification, and innovation evaluation. To address
this issue, we propose FAST-RE, a Feature-Augmented Scientific Text
RE model with logic-aware representation injection. FAST-RE first en-
codes scientific sentences with RoOBERTa to obtain contextual semantic
representations. A scientific feature augmentation and injection mod-
ule is then designed to capture multi-dimensional logic cues and inject
them into contextual representations. The enhanced representations are
further refined by an iterated dilated convolutional network to model
global contextual interactions, followed by a subject-first decoding strat-
egy for extracting subject-relation-object triples. By coupling contextual
semantic understanding with explicit scientific logic modeling, FAST-RE
improves the extraction of implicit relations in complex scientific texts.
In addition, we construct a fine-grained scientific RE dataset contain-
ing 4,000 sentence-level samples and 6,120 annotated triples across 10
relation types. Experimental results show that FAST-RE outperforms
competitive baselines in terms of precision and F'1 score, while ablation
studies confirm the effectiveness of the proposed feature augmentation
and logic-aware injection mechanisms.

Keywords: Scientific Knowledge Graph - Subject-Relation-Object Triple
Extraction - Logic-Aware Representation Injection - Feature Augmenta-
tion
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1 Introduction

Scientific literature contains a large amount of structured knowledge about re-
search methods, technical problems, experimental evidence, and scientific find-
ings, among others|[13|. Automatically extracting semantic relations from un-
structured scientific texts is fundamental to constructing high-quality scientific
knowledge graphs, which support applications such as technology trend analy-
sis and scientific decision-making. Therefore, scientific text RE has become an
important task in natural language processing and scientific knowledge manage-
ment.

In recent years, the RE methods have achieved promising performance on
general-domain RE tasks through contextual semantic representation learning
and improved decoding strategies [2]. However, scientific texts differ from general-
domain texts in that relations between scientific entities are often not expressed
through surface co-occurrence, but are embedded in scientific logic patterns[15].
These characteristics pose significant challenges for scientific RE. Although pre-
trained language models provide powerful contextual representations, they mainly
rely on implicit semantic association learning and lack explicit modeling of scien-
tific logic. Subject-first extraction frameworks are suitable for scientific text RE,
as scientific discourse often centers on core methods, models, or concepts[21].
However, existing subject-first models still largely depend on generic semantic
representations for relation and object decoding, limiting their ability to identify
implicit relations in complex scientific argumentation.

To address these issues, we propose FAST-RE, a Feature-Augmented Scien-
tific Text RE model with logic-aware representation injection. FAST-RE inte-
grates contextual semantic representations from RoBERTa with explicit scientific
logic cues, including causal reasoning, parameter association, experimental ver-
ification, and innovation evaluation. These logic-aware features are dynamically
injected into semantic representations and further used for global contextual
interaction modeling and subject-relation-object triple extraction. In this way,
FAST-RE enhances the recognition of implicit relations in complex scientific
texts while maintaining an end-to-end extraction. The main contributions of
this paper are summarized as follows:

e We propose FAST-RE, a feature-augmented RE model for scientific texts,
which integrates contextual semantic representation learning with explicit
scientific logic modeling through logic-aware representation injection.

e We design a scientific feature augmentation and injection module that cap-
tures causal reasoning, parameter association, experimental verification, and
innovation evaluation cues, and dynamically injects them into contextual
representations to improve implicit RE.

e We construct a fine-grained scientific text RE dataset containing 4,000 sentence-
level samples and 6,120 annotated triples across 10 scientific relation types,
and conduct extensive experiments to verify the effectiveness of FAST-RE.
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2 Related Work

Existing resources and systems, such as AI-KG [3|, and SciERC [13], have pro-
moted the organization and utilization of scholarly knowledge by representing
research contributions, domain entities, relations, and coreference structures in
a machine-actionable form. However, most existing scientific information extrac-
tion resources mainly focus on entity categories, research topics, methods, tasks,
and general semantic associations. They remain insufficient for characterizing
fine-grained scientific logic relations, such as causal reasoning, parameter associ-
ation, experimental verification, and innovation evaluation. Therefore, scientific
text RE requires not only contextual semantic understanding, but also explicit
modeling of domain-specific logic cues.

RE methods have evolved from rule-based and feature-engineered approaches
to neural models and pre-trained language model frameworks. Early methods re-
lied on manually designed patterns, syntactic features, or dependency structures.
Neural models later improved RE performance through data-driven representa-
tion learning [19,18,11]. More recently, pre-trained language models such as
BERT [4] and RoBERTa [12] have provided strong contextual semantic repre-
sentations for RE, while SpanBERT further enhances span-level representation
learning for entity and relation modeling [8]. Although these methods achieve
promising performance on general-domain RE tasks, they mainly rely on implicit
semantic association learning and lack explicit modeling of scientific logic, which
limits their effectiveness in complex scientific texts.

To improve RE performance, end-to-end joint extraction methods have re-
ceived increasing attention. CasRel formulates RE as a subject-first cascade tag-
ging problem, first identifying subject entities and then predicting their corre-
sponding relations and objects [17]. PRGC reduces redundant entity-pair match-
ing through potential relation prediction and global correspondence learning [20].
REBEL reformulates RE as an end-to-end sequence generation task [5]. How-
ever, these methods mainly improve extraction through encoder or decoder de-
sign, while still relying on generic semantic representations and lacking explicit
injection of scientific logic cues.

Scientific texts differ from general-domain texts in that entity relations are
often embedded in argumentation structures rather than expressed through sur-
face co-occurrence. Prior studies [10, 15] on scientific discourse have shown that
scientific papers contain recognizable rhetorical and conceptual structures, such
as background, methods, results, and conclusions. In such contexts, relations
may be implied by causal reasoning, parameter association, experimental veri-
fication, or innovation evaluation. Without explicit logic-aware representation,
models may confuse fine-grained scientific relations such as influence, support,
verification, and evolution. Therefore, a key challenge in scientific text RE is how
to inject domain-specific logic cues into contextual semantic representations. To
address this challenge, FAST-RE introduces feature augmentation and logic-
aware representation injection to enhance the extraction of implicit relations
from complex scientific texts.
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3 FAST-RE

As shown in Fig. 1, FAST-RE consists of six core modules.
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Fig. 1. The architecture of FAST-RE model

Given an input scientific sentence, the sequence encoding module first em-
ploys RoBERTa to generate contextual semantic representations. The scientific
feature augmentation and injection module then captures explicit logic cues from
four dimensions, namely causal reasoning, parameter association, experimental
verification, and innovation evaluation, and dynamically injects them into the
contextual representations to obtain feature-enhanced semantic vectors. Based
on these enhanced representations, the global context interaction module in-
troduces an iterated dilated convolutional network to model long-range contex-
tual interactions and generate context-aware representations. Finally, FAST-RE
adopts a subject-first decoding strategy for RE. The subject decoding mod-
ule identifies subject entity boundaries, the subject-aware semantic perception
module constructs subject-centered semantic representations, and the relation-
object decoding module jointly predicts relation types and corresponding object
entities.

3.1 Sequence Encoding Module

The sequence encoding module employs RoBERTa as the encoder to obtain
contextual semantic representations of the input scientific text.

Given an input scientific text sequence S = {wj,ws, ..., w,}, where n rep-
resents the length of the input sequence, padding or truncation is applied to
ensure a fixed input length. The sequence semantic vector H is obtained as:
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H = {hi,ho,...,h,} = RoOBERTa(S) (1)

where H = {hy,ha,...,hn}, hi € R%, h; represents the contextual representa-
tion of the i-th token sequence, and d is the embedding dimension of RoBERTa.
Unlike static word embeddings, RoOBERTa dynamically models token semantics
according to the surrounding context, which helps capture domain-specific ter-
minology and complex contextual dependencies in texts.

3.2 Scientific Feature Augmentation and Injection Module

Scientific relations in technical texts are often not expressed by surface co-
occurrence, but are implied by structured scientific logic. Relying only on generic
contextual representations makes it difficult to explicitly capture such logic cues.
To address this issue, FAST-RE introduces a scientific feature augmentation and
injection module to extract multi-dimensional scientific logic features and inject
them into token-level semantic representations.

Multi-dimensional Scientific Logic Modeling FAST-RE employs four sci-
entific logic extractors to locate text fragments that carry domain-specific reason-
ing cues. Inspired by studies on scientific discourse [10, 15] and scientific knowl-
edge organization [13, 1, 6], we model four types of scientific logic: causal reason-
ing, parameter association, experimental verification, and innovation evaluation.
Let m € {¢,p,e,i} denote the four dimensions, corresponding to causality, pa-
rameter, experiment, and innovation, respectively. The fragments activated by
the m-th extractor are denoted as:

st = {s{™, s, ..., Sy (2)

where K, is the number of activated fragments under dimension m.

Logic-aware Feature Extraction For the j-th fragment S](m), its start and

end positions are represented as s§-m) and e;m). Given the contextual repre-
sentation H = {hq,ha,...,hy,}, the corresponding fragment representation is
extracted as H]" = [hs(vm) e he<_m)]. A dimension-specific BIGRU is then used

to encode the contextual semantics within each fragment:
u{™ = BiGRU™ (hy) (3)
where u§-m) represents the semantic representation of the j-th fragment in the
m-th scientific logic dimension.
Since different fragments contribute unequally to relation prediction, an attention-
based aggregation mechanism is adopted to obtain the dimension-level logic fea-

ture:
exp (ng) u;m))

m)T (m
ZkK:’"l exp (W; ) ugc ))

(m)
a; =

(4)
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Km
£ =3 o )
j=1

(mr
J
j-th fragment, and f(™ represents the logic-aware feature of dimension m.

where w(™) is a trainable attention vector, o Y indicates the importance of the

Logic-aware Representation Injection The four-dimensional scientific logic
features are concatenated to form the sentence-level scientific logic representa-
tion: F = [f(c)7f(p)7f(e)7f(i)}.

Then, a two-layer nonlinear transformation is applied to map the logic fea-
tures into a unified representation space:

Z:U(W1F+b1) (6)

T = WQZ + b2 (7)

where W7 and W5 are weight matrices, b; and by are bias, and o is the activa-
tion function. The vector T integrates causal reasoning, parameter association,
experimental verification, and innovation evaluation cues into a unified scientific
logic representation.

To inject scientific logic into token-level semantic representations, FAST-RE
employs scaled dot-product attention. For the i-th token representation h;, the
query, key, and value are computed as:

T = [t(c);t(?);t(e);t(i)] e R4Xd, (8)

g =Woh;, K=WgT, V=WyT, 9)

The logic-aware attention weight and supplementary feature vector are cal-
culated as:

KT
a; = softmax (q\/@ ) (10)
gi = a;v, (11)

where dj, is the dimension of the key vector, and g; denotes the scientific logic
feature injected into the i-th token.

Finally, residual fusion and layer normalization are applied to obtain the
feature-enhanced token representation:

h; = LayerNorm (h; + Wo[hi; g:]) , (12)

The output sequence of this module is H = [hy, hg, ..., hy,]. Through this
design, FAST-RE injects explicit scientific logic into contextual semantic rep-

resentations, enabling token representations to capture both general semantics
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and domain-specific reasoning cues. If no scientific logic fragment is activated,
the injected feature is weakened, allowing H to remain close to the original rep-
resentation H, which improves robustness on conventional descriptive sentences.

3.3 Global Context Interaction Module

To further model long-range dependencies in scientific texts, FAST-RE intro-
duces a global context interaction module based on the Iterated Dilated Con-
volutional Neural Network (IDCNN) [14]. Given the feature-enhanced sequence
H = {i~L1, ha, ..., ﬁn}, IDCNN enlarges the receptive field through stacked di-
lated convolutions while maintaining computational efficiency.

Inspired by Hybrid Dilated Convolution (HDC) [16], we adopt dilation rates
r € {1,2,5} to reduce gridding effects and improve multi-range contextual cov-
erage. For the [-th layer, the representation is computed as:

HO =& (Conv” (H(l_l))> , (13)

where H®) = H, Convy, () denotes a one-dimensional dilated convolution with
dilation rate r;, and o is the ReLU activation function. The final context-aware
representation is:

Hew = HO. (14)

The obtained H.;, captures global contextual interactions while preserving
logic-aware features, providing more informative representations for subject and
relation-object decoding.

3.4 Subject Decoding Module

The subject decoding module takes the context-aware representation H., as
input and predicts subject entity boundaries in an end-to-end manner. Let hey
denote the representation of the i-th token. Two independent linear classifiers
are used to estimate the probabilities that each token serves as the start or end
position of a subject entity:

PiS’Start — O_(Wsstart hctw,i + bzta’rt), (15)

Py = g (W ey i + b, (16)

where W59t and Wend are trainable weight matrices, b5t and "¢ are bias,
and P7**"" and Pf’e"d denote the probabilities that the i-th token is the start
and end position of a subject entity, respectively.

During inference, tokens whose start or end probabilities exceed a predefined
threshold 7 are selected as candidate boundaries. A span (i, 7) is identified as a
subject entity if P > 7, Pjs’e"d > 7, and ¢ < j. All valid spans are collected
to form the subject entity set:

S ={(i,j) | """ > 7, Py > 1 i < g}, (17)
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3.5 Subject-aware Semantic Perception Module

After subject decoding, FAST-RE constructs a subject-aware semantic percep-
tion for each recognized subject. This module conditions token representations
on the current subject, enabling subsequent relation-object decoding to focus on
the relations associated with this specific subject.

For a recognized subject entity s, its start and end positions in H., are
denoted as psiart and peng, respectively. We first convert pgiqr+ and penq into one-
hot vectors Sheqq and Siqi1, whose lengths are equal to the maximum sequence
length. The subject representation is then computed by averaging the contextual
representations of its boundary tokens:

MatMul(Shead, Hctw) + MatMul(Smil, Hct:z:)
2 )
where MatMul(-) selects the corresponding boundary representations from H ..
In this way, Hg,, captures the contextual semantics of the current subject.
To inject subject information into the sentence-level representation, Hg,; is
broadcast to each token position and fused with H.,:

H, = H, + Broadcast(Hys), (19)

Hop = (18)

where Broadcast(-) expands the subject representation to the same sequence
length as H.s,. The resulting representation H, incorporates both global con-
textual information and subject-specific semantic bias, providing subject-aware
features for relation-object decoding.

3.6 Relation-Object Decoding Module

The relation-object decoding module predicts relation types and object entities
conditioned on each recognized subject. Since a subject may correspond to mul-
tiple relations and objects, FAST-RE performs relation-specific object boundary
prediction based on the subject-aware representation H,. For each relation type
r, two linear classifiers predict the start and end probabilities of object entities:

37,70,sta7-t _ O'(W,?’smrthp,i + bg,start)7 (20)
P,T’O’end _ U(Wf’endhp,i 4 bg,end)’ (21)

1
where h,,; is the representation of the i-th token in H,, and W2strt W;)’e"d,
bo-start - and b2 are trainable parameters.
During inference, for each subject s and relation type r, candidate object
spans are selected by:

Op = {(i,4) | PP > my PPO > i < (22)

Each valid span is mapped to an object entity oy, and the final triples are
obtained as:

T ={(s,r,01) | o € Oy, 7 € R}, (23)
where R is the predefined relation set. This subject-conditioned decoding strat-
egy enables FAST-RE to extract multiple relation-object pairs for the same
subject.
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3.7 Loss Function

The total loss of FAST-RE consists of the subject decoding loss and the relation-
object decoding loss:
Etotal = Esub + Erel—obj- (24)

The subject decoding loss is defined as:

n
Lav=— > > [mylog P + (1 -y ")log(1— B)],  (25)

te{start,end} i=1

where 7 is the sequence length, y7* and P' denote the ground-truth label and
predicted probability for the i-th token being a subject boundary of type ¢,
respectively. y; and g weight positive and negative samples to alleviate class
imbalance.

The relation-object decoding loss is computed over all relation types:

R n
Leaoni ==, > > [my" log P +50(1 - y;"") log(1 — P/*)]
r=1 te{start,end} i=1
(26)
where R is the number of relation types, and y,"*" and P> denote the label
and predicted probability for the i-th token being an object boundary of type ¢
under relation r. This objective jointly optimizes subject extraction and relation-
specific object decoding.

4 Experiments

4.1 Experimental Setup

Dataset Existing scientific-domain RE datasets mainly focus on entity cate-
gories, static attributes, and shallow semantic associations, with limited cov-
erage of fine-grained scientific logic. To better evaluate RE models in complex
scientific scenarios, we construct a fine-grained scientific text RE dataset based
on a scientific knowledge ontology.

The corpus is collected from the abstracts and conclusions of computer
science papers and processed through text cleaning, invalid sentence filtering,
and long-sentence splitting. We select 10 high-frequency relation types covering
method application, problem solving, parameter-performance interaction, exper-
imental verification, and technical evolution. Preliminary annotations are gener-
ated by a large language model and then reviewed by three trained annotators
in Label Studio, achieving a Fleiss’ Kappa of 89.56% and a Kendall coefficient
of 90.15%.

As shown in Table 1, the dataset contains 4,000 sentence-level samples and
6,120 annotated triples across 10 relation types, with a relatively balanced distri-
bution. It includes 1,513 logically complex sentences involving causal reasoning,
parameter association, and other explicit scientific logic, and 2,487 regular de-
scriptive sentences. The dataset is split into training, validation, and test sets
with a ratio of 8:1:1.
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Table 1. Relation categories and data sample distribution.

Relation Type|Triples|Proportion (%)
Containment 665 10.87
Application 572 9.35

Solution 684 11.17
Output 585 9.56
Measurement 642 10.49
Influence 615 10.05
Verification 638 10.42
Support 575 9.40
Comparison 556 9.08
Evolution 588 9.61

Evaluation Metrics We evaluate all models using precision, recall, and F'1
score, which are widely used metrics for relation extraction. A predicted triple
is regarded as correct only when its subject, relation type, and object exactly
match the ground-truth annotation. Precision, recall, and F'1 score are defined
as follows:

TP
) o — 2
TP+ FP’ (27)
TP
_ o 2
R TP+ FN’ (28)
2PR
Fl1=-—"" 29
P+ R’ (29)

where TP, FP, and FN denote the numbers of true positive, false positive, and
false negative triples, respectively.

Implementation Details FAST-RE is implemented with PyTorch 1.13.1 and
trained on an NVIDIA GeForce RTX 3090 GPU with 24GB memory. RoOBERTa-
wwm-ext (https://huggingface.co/hfl/chinese-roberta-wwm-ext) is used
as the backbone encoder, with a hidden dimension of 768. The model is trained
for 50 epochs using the Adafactor optimizer. The learning rate is set to 1 x 1074,
and the dropout rate is 0.1. The training and testing batch sizes are 28 and
12, respectively. For the weighted binary cross-entropy loss, the positive and
negative sample weights are set to y; = 1.0 and 9 = 0.3.

4.2 Baseline Comparison

Baseline Models The baseline models are as follows:

NovelTagging [21]| formulates joint entity and relation extraction as a se-
quence labeling task by designing a unified tagging scheme.

SpanBERT |[8] enhances span-level representation learning through span-
based pre-training objectives, making it suitable for entity-span-centered relation
extraction.
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PRGC [20] introduces potential relation prediction and global correspon-
dence learning to reduce redundant entity-pair matching.

REBEL [5] reformulates RE as a sequence-to-sequence generation task and
directly generates relation triples.

RA-CasRel [9] extends the CasRel framework with relation attention and
relation coverage mechanisms to improve extraction under overlapping relation
scenarios.

MICB [7] adopts a multi-layer indexing and cascaded binary classification
framework to enhance nested entity recognition and complete triple extraction
in a cascaded subject-relation-object manner.

Comparison Results As shown in Table 2, FAST-RE achieves the best preci-
sion and F'1 score, reaching 81.053% and 78.062%, respectively.

Table 2. Performance Comparison of RE Results of Different Models

Model |Precision/%|Recall/%|F1 Score/%
NovelTagging 57.468 54.629 56.013
Spanbert, 61.023 59.185 60.093
PRGC 69.829 66.726 68.242
REBEL 71.713 70.026 70.859
RA-CasRel 76.365 72.059 74.145
MICB 79.257 76.035 77.614
FAST-RE 81.053 75.284 78.062

Compared with the strongest baseline MICB, FAST-RE improves precision
by 1.796% and F1 score by 0.448%. Although MICB obtains the highest re-
call, FAST-RE achieves better overall performance, indicating that logic-aware
representation injection helps reduce incorrect relation predictions while main-
taining competitive coverage. NovelTagging and SpanBERT perform relatively
poorly, suggesting that simple sequence labeling or span-level semantic modeling
is insufficient for complex scientific text RE. PRGC, REBEL, and RA-CasRel
improve triple extraction through relation prediction, generative modeling, or
subject-first decoding, but they still mainly rely on generic semantic represen-
tations and lack explicit scientific logic modeling. MICB achieves strong recall
through cascaded binary classification and multi-layer indexing, but its broader
candidate coverage may introduce additional false positives, resulting in lower
precision than FAST-RE.

The advantage of FAST-RE mainly comes from its scientific feature aug-
mentation and injection module. By modeling scientific logic cues such as causal
reasoning, parameter association, experimental verification, and innovation eval-
uation, FAST-RE injects logic-aware features into contextual representations
and guides the model to focus on relation clues consistent with scientific ex-
pression patterns. Meanwhile, the global context interaction module further
enhances long-range semantic interaction over the augmented representations.
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These results demonstrate that combining logic-aware representation injection
with global context interaction improves the reliability and overall effectiveness
of scientific text RE.

4.3 Ablation Study

We conduct component-level and subset-level ablation experiments to evaluate
the contributions of Scientific Feature Augmentation and Injection (SFAI) mod-
ule and the Global Context Interaction (GCI) module, and further analyze the
effect of SFAI across different sentence expression patterns.

Component Ablation As shown in Table 3, removing either module leads
to clear performance degradation, indicating that both SFAI and GCI con-
tribute to the overall extraction capability of FAST-RE. When the GCI module
is removed, the F'1 score drops from 78.062% to 67.496%, with a decrease of
10.566%. This shows that global contextual interaction is important for captur-
ing long-distance dependencies and supporting both subject boundary detection
and relation-object decoding.

Table 3. Component ablation results.

Model Precision (%)|Recall (%)|F1 (%)
FAST-RE w/o GCI 70.391 64.827 67.496
FAST-RE w/o SFAI 73.902 68.471 71.083
FAST-RE 81.053 75.284 | 78.062

When the SFAI module is removed, the F'1 score decreases from 78.062% to
71.083%, with a drop of 6.979%. This result confirms that explicit scientific logic
cues provide effective domain guidance for relation extraction. Without SFAI, the
model can still rely on contextual encoding and global interaction, but its ability
to recognize logic-sensitive relations is weakened, especially for expressions in-
volving causal reasoning, parameter association, experimental verification, and
innovation evaluation. Overall, GCI mainly enhances global semantic interac-
tion, while SFAT introduces domain-specific logic guidance. Their combination
enables FAST-RE to achieve more reliable extraction in complex scientific texts.

Fine-grained Subset Analysis To further examine SFAI, we divide the test
set into a general descriptive subset and an explicit logic subset, accounting for
62.2% and 37.8%, respectively. The former contains method applications and
factual statements, while the latter involves logic-intensive expressions such as
causal reasoning and parameter association. The results are shown in Table 4.
As shown in Table 4, the contribution of SFAI varies across different text

types. On the general descriptive subset, removing SFAI reduces the F'1 score
from 79.307% to 77.013%, with a decrease of 2.294%. This indicates that SFAI
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Table 4. Fine-grained subset ablation results.

Model Variant Subset Type Precision (%)|Recall (%)|F1 (%)
FAST-RE General Descriptive 82.306 76.518 79.307
FAST-RE w/o SFAI|General Descriptive 80.371 73.924 77.013
FAST-RE Explicit Logic 79.358 73.192 76.150
FAST-RE w/o SFAI|Explicit Logic 63.509 59.784 61.590

provides auxiliary benefits for regular scientific descriptions by enriching seman-
tic representations with scientific logic cues.

In contrast, on the explicit logic subset, removing SFAT causes a much larger
F1 drop, from 76.150% to 61.590%, with a decrease of 14.560%. This result sug-
gests that generic semantic representations and contextual interaction alone are
insufficient for extracting implicit relations from logic-intensive scientific texts.
By explicitly modeling causal reasoning, parameter association, experimental
verification, and innovation evaluation, SFATI substantially improves the model’s
ability to identify complex scientific relations.

These fine-grained results further demonstrate that SFAI does not merely in-
crease model capacity, but provides targeted logic-aware enhancement for scien-
tific texts with complex reasoning patterns. This verifies the necessity of explicit
scientific logic modeling in FAST-RE.

5 Conclusion

In this paper, we propose FAST-RE, a Feature-Augmented Scientific Text RE
model with logic-aware representation injection. FAST-RE explicitly captures
four types of scientific logic, namely causal reasoning, parameter association,
experimental verification, and innovation evaluation, and injects the resulting
logic-aware features into semantic representations to enhance RE in scientific
texts. The experimental results show that FAST-RE achieves the highest pre-
cision and F'1 score compared to baselines. Further ablation studies confirm
the effectiveness of the scientific feature augmentation and injection module,
especially in handling complex scientific argumentation structures and implicit
semantic relations. The performance gains are particularly evident for sentences
involving complex reasoning patterns and long-distance dependencies. In future
work, we will explore syntactic awareness and cross-domain transfer to improve
generalization across complex and multi-domain scientific texts.
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