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ABSTRACT To address the decline in coherence and accuracy of college English translation caused by
insufficient contextual semantic modeling, this paper proposes a Context-Aware Semantic Reconstruction
Fine-tuning (CASR-F) method based on BART (Bidirectional and Auto-Regressive Transformers). The
method is particularly useful for translating specialized terminology and complex technical descriptions
in engineering fields such as electromagnetic wave analysis, antenna systems, and propagation scenario
documentation. CASR-F introduces a dependency syntax-guided dynamic noise masking mechanism,
which improves the encoder’s ability to identify core predicates and argument nodes through controlled
noise injection. A gated semantic anchor attention module uses the top-level hidden state of the encoder
as the semantic hub and dynamically adjusts cross-sentence information transmission weights through
a gating function, thereby improving text-level semantic relation modeling during decoding. The model
further enhances semantic recovery by jointly optimizing sequence reconstruction loss and cross-sentence
semantic consistency constraints. Experiments show that CASR-F achieves a BLEU-4 score of 36.72
and a METEOR score of 31.45 in the College English Translation task, with a referential resolution
accuracy of 78.6%. The F1 score for semantic role labeling on core argument A0 is improved to 83.9%.
These results demonstrate the effectiveness of the proposed method in improving translation quality,
reconstructing semantic structures, and enhancing semantic restoration, providing practical support for
the accurate translation of electromagnetic engineering documents, antenna design descriptions, and wave
propagation technical materials.

INDEX TERMS bart autoencoder generation framework, contextual semantic reconstruction, english
translation, antenna systems, electromagnetic wave propagation

I. INTRODUCTION

COLLEGE English translation aims to achieve equiva-
lent transformation of semantics, style, and discourse

coherence, with the core being to maintain the contextual
semantic restoration effect of the translated text, a task
especially critical when accurately conveying specialized
terminology, technical logic, and disciplinary concepts in
engineering fields. Although neural machine translation
(NMT) has improved the quality of translations, its output
still often suffers from problems such as awkward expres-
sion and poor logical coherence [1-3]. Due to the high
density of knowledge, dense referents, clear logical hier-
archy, and close semantic connections between sentences in
college English discourse, current sentence level translation
models are limited by their ability to model context, often

leading to ambiguity and disrupting semantic coherence [4-
6]. Effectively capturing and conveying contextual semantic
associations has become a core challenge faced by machine
translation [7,8]. The existing sentence level NMT models
mainly rely on local word order statistics and hidden feature
distribution. Due to the lack of long-term memory modeling
mechanisms, it is difficult to maintain consistency in cross
sentence referential and argument relationships [9,10]. The
non-linear hierarchical complexity of dependency structures
in English discourse can easily lead to semantic focus
blurring [11-13]. Although discourse level models enhance
semantic integration through module extensions, attention
dispersion and noise interference still weaken their logical
coherence performance [14-16]. In addition, frequent cross
sentence and implicit subject phenomena further increase
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the requirement for robustness in semantic restoration [17].
There are studies focusing on hierarchical structures, con-
struction of referential chains, and semantic constraints. The
hierarchical attention model enhances context awareness
through a dual layer encoder, but its structure is complex and
resource consumption is high, making it unstable on small
and medium-sized corpora [18,19]. The method based on
referential chain relies on manual annotation, which restricts
the generalization performance of the model [20]. Although
semantic consistency constraints and contrastive learning
strategies have improved the continuity of semantic space,
the granularity of constraints is relatively coarse and has
not effectively cooperated with word level reconstruction
mechanisms [21,22]. While autoencoder-generated models
such as BART have advantages in long sequence modeling,
their pre-training and fine-tuning mechanisms lack specific
inductive biases for discourse dependency structures and
cross-sentence semantic alignment, making it difficult for
them to fully realize their context modeling potential in
complex discourse translation tasks. This research gap is
precisely the key problem addressed by the dynamic noise
mask and gated attention mechanism proposed in this paper
[23-25].

This paper innovatively proposes a context-aware CASR-
F method based on the BART autoencoder architecture,
where semantic reconstruction is defined as recovering con-
sistent semantic representations across sentences under noise
interference, rather than regenerating surface grammatical
forms. This method designs a dynamic noise masking mech-
anism based on dependency syntax to introduce controlled
perturbations during the encoding stage and enhance the
discriminative representation of key semantic units. This
process achieves explicit modeling of the semantic recovery
task through the embedding and replacement of mask posi-
tions. Building upon this, semantic anchors are constructed
using the encoder’s toplevel hidden states, and a gated atten-
tion mechanism is used to regulate information flow during
the decoding stage to maintain semantic stability at the
discourse level. During training, the sequence reconstruction
loss and cross-sentence semantic consistency constraints are
jointly optimized, enabling the model to complete the map-
ping from noisy input to coherent semantic representation
within an end-to-end framework, thus achieving context-
aware semantic recovery for college English translation
scenarios and improving the overall quality of the translation
in terms of logical coherence and semantic integrity.

II. DESIGN OF CONTEXT SEMANTIC ENHANCEMENT
METHOD BASED ON BART
A. DYNAMIC NOISE MASKING MECHANISM GUIDED BY
DEPENDENCY SYNTAX
To improve the encoder’s ability to focus on key semantic
nodes in the text, a dynamic noise masking mechanism
guided by dependency syntax is designed. The input layer
applies learnable weights and probabilistically applies noise
to guide the encoder to enhance semantic dependency path

representation [26,27]. Dependency syntactic analysis can
be performed on the original sentence pairs, constructing an
intra sentence dependency adjacency matrix A, and defining
the structural weight of each word as the weighted sum of
node degrees. Calculate the importance score si of a word
based on its lexical information and sentence level positional
features:

si = α · IDF(ti) + β · di + γ · ϕ(posi) (1)

In formula (1), IDF(ti) is the inverse document frequency
value of the i-th word, ϕ(posi) is the scalar representation
obtained by position encoding through a small feedforward
network, and α, β, γ are trainable scalar weights. Map the
importance score to mask sampling probability and use a
smooth sigmoid threshold function to achieve dynamism:

pi = σ(λ(si − τ)) (2)

In formula (2), pi represents the probability of the i-th word
being masked, σ(·) is the sigmoid function, λ controls the
slope, and τ is the threshold bias term. Implement random
noise replacement for input embedding based on probability
pi. The noise source is a trainable set of masked vectors
Z = {zk}, masked random variables mi ∼ Bernoulli(pi),
and the masked input is represented as:

x̃i = (1−mi)xi +mizk(i) (3)

In formula (3), xi is the original word embedding, zk(i)
is the vector sampled from the noise vector set according
to the distribution, and x̃i is the final input sent to the
encoder. Figure 1 shows the processing flow and key data
flow of the encoder input. In Figure 1, the input sentence
pairs are processed by the dependency structure analysis
module to form a dependency adjacency matrix, and word-
level structure weights are calculated based on this ma-
trix. These structure weights, along with lexical features
and positional information, are used to generate semantic
importance scores. The importance scores are mapped to
mask probabilities using a threshold function. These mask
probabilities drive random variable sampling to form ex-
plicit mask decisions, thereby defining the locations where
embedding replacement is required. Random noise vectors
are sampled from a trainable noise set and used to replace
the original input embeddings at mask activation locations,
forming a masked input representation. This representation
serves as the sole input to the BART encoder during the
encoding stage, and under the combined influence of the
sequence reconstruction objective and mask position recon-
struction constraints, a high-fidelity semantic representation
with discourse consistency is generated.

B. GATED SEMANTIC ANCHOR ATTENTION
MECHANISM
To enhance the focus of the decoding stage on the discourse
level semantic core, semantic anchors based on the encoder’s
final hidden state are implanted across attention layers, and
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FIGURE 1. Framework diagram of dynamic noise mask module guided by
dependency syntax

their contribution to attention weights is adjusted through
gating functions [28-30]. The semantic anchor is obtained
by weighting and aggregating the hidden states of the
encoder’s final layer according to dependency syntax. In
step t of the decoder, a gate coefficient based on the anchor
is constructed.

Attention score: Adding anchor guidance term to standard
scaled dot product attention to form a joint score with
gating:

ẽt,i =
s⊤t ki√

d
+ gt ·

s⊤t a√
da

(4)

In formula (4), ẽt,i represents the joint attention unnormal-
ized score of the decoder time step t on the i-th position
of the encoder, ki is the i-th key vector, d is the key
value dimension, and da is the scaling dimension correction
factor of the anchor vector. The normalized context vector
is fused with regular attention context and anchor projection
through gate controlled weighted fusion, resulting in the
final decoded context representation:

ct = (1− gt)
∑
i

αt,ivi + gt · Ua (5)

In formula (5), ct is the final context vector for time step t,
αt,i is the Softmax attention weight based on ẽt,i, vi is the
i-th value vector, and U is the linear projection matrix from
the anchor point to the context space. Table 1 shows the
comparative results of various schemes in terms of BLEU-
4, METEOR, and referential resolution accuracy.

The results indicate that adaptive gating fusion signif-
icantly improves both translation quality and cross sen-
tence referential consistency. The improvement comes from
the dynamic adjustment of the contribution of gating to
anchor points, which strengthens discourse level semantic
references during long-distance dependency or referential
resolution scenarios in the decoding stage, and preserves

fine-grained positional alignment information during short
distance alignment. The anchor weight wi is calculated
based on the strength of dependent edges and position
sensitivity, and normalized by Softmax. The gating module
uses a feedforward network and applies Dropout to suppress
excessive dependencies. In training, the gating coefficients
are included in the joint loss to enable the decoder to
maintain trade-offs in different contexts [31-33]. The anchor
weight wi is represented as:

wi = Softmax(a · si + b · pi) (6)

In formula (6), si is the strength of the dependent edge, pi
is the position sensitivity factor, and a and b are learnable
parameters.

C. JOINT SEMANTIC CONSISTENCY TRAINING
OBJECTIVES
To achieve precise semantic restoration at the discourse
level, the training objective integrates sequence reconstruc-
tion and cross sentence semantic consistency into the fine-
tuning process in a weighted joint form, so that the model
can simultaneously bear the constraints of word level recon-
struction and sentence level semantic convergence [34,35].
Sequence reconstruction uses negative logarithmic likeli-
hood to measure the prediction quality of dynamically
masked positions, and the reconstruction loss is defined as:

Lrec = − 1

T

T∑
t=1

logP (xt | x̃) (7)

In formula (7), Lrec represents the sequence reconstruction
loss, T is the length of the target sequence, xt is the t-
th target word element, and x̃ is the encoder conditional
representation after dynamic masking. The sentence vector
is obtained by the encoder’s final hidden state through
average pooling. Comparative learning based on sentence
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TABLE 1. Comparison of the Effects of Gate Control and Fusion Methods on Translation Quality and Reference Retention

Fusion Method BLEU-4 METEOR Coreference Resolution Accuracy (%)

No Anchor (Baseline) 32.15 28.47 69.4
Anchor Connection Concatenation 33.40 29.12 71.8
Anchor Additive Bias 34.05 29.75 73.6
Fixed Gating Multiplicative Fusion 34.78 30.21 75.1
Adaptive Gating Fusion (Proposed in This Paper) 36.72 31.45 78.6

vectors implements cross sentence semantic consistency
constraints in the form of InfoNCE loss. The vector is
defined as:

Lcons = − 1

M

M∑
m=1

log
exp(sim(zsm, zpm)/τ)∑K
k=1 exp(sim(zsm, zk)/τ)

(8)

In formula (8), Lcons represents cross sentence semantic
consistency loss, M is the number of positive example pairs,
zsm and zpm are the mth main sentence vector and cor-
responding positive example sentence vector, respectively.
{zk}Kk=1 is the set of negative example sentence vectors
within the batch, sim(·, ·) represents the cosine similarity
function, and τ is the temperature hyperparameter to adjust
the smoothness of the similarity distribution.

III. EXPERIMENTAL SETUP AND DATA CONSTRUCTION
A. CONSTRUCTION OF COLLEGE ENGLISH
TRANSLATION CORPUS
The experimental corpus is constructed based on parallel
text resources in college English teaching and examina-
tion scenarios, covering three genres: textbook selections,
academic paper excerpts, and English writing samples, to
fully reflect the diversity of semantic structures and dis-
course coherence features. The corpus is sourced from the
Ministry of Education’s open corpus platform for foreign
languages in universities and the public English to Chinese
parallel corpus. After screening and cleaning, high-quality
training samples are formed. In the preprocessing stage, the
text is divided into sentence boundaries and GIZA++ is
introduced for bidirectional word alignment. This process
is not used as direct input for training the neural model,
but is used to help identify cross-linguistic correspondences.
By constraining lexical consistency and sentence length
ratio, potentially semantically mismatched sentence pairs
are eliminated, thereby improving the alignment reliability
of parallel corpora at the discourse level. In the corpus
construction stage, the text is first annotated to integrate
continuous sentences into complete semantic units, and then
further divided into nested structures and subordinate clause
components. In response to the differences in language
characteristics between Chinese and English, segmentation
and morphological restoration were performed separately,
and BPE (Byte Pair Encoding) algorithm was used to
divide sub words. The vocabulary scale is set to 50000.
The above processing flow aims to provide semantically
consistent and noise-controlled input distributions for end-
to-end Transformer translation models, rather than intro-

ducing explicit alignment supervision, thereby enhancing
the semantic stability of the data layer without changing
the model training paradigm. To improve the quality of
annotation, this article introduces semantic role annotation
based on PropBank standard and referential chain annotation
based on OntoNotes system in the corpus.

B. MODEL TRAINING AND HYPERPARAMETER
CONFIGURATION
The training is based on pre-trained BART for context aware
CASR-F. The encoder input is processed by dynamic noise
masking and sent to the model for semantic restoration
through a gated semantic anchor attention mechanism. The
training target adopts a weighted joint form of sequence
reconstruction loss and cross sentence semantic consistency
loss to achieve end-to-end semantic consistency. The Py-
Torch framework is used for training, with AdamW opti-
mizer and a weight decay coefficient of 0.01. The learning
rate adopts a linear preheating and cosine annealing strategy,
with heating completed in the top 10%. The batch size
is set to 32 and the gradient clipping threshold is 1.0.
To improve generalization performance, a Dropout rate
of 0.1 regularization strategy is adopted and LayerNorm
is introduced at the decoder end. The mask noise distri-
bution parameters are updated through dynamic sampling
and reconstruction loss, and the mask ratio is adaptively
adjusted between 0.25 and 0.35. The initial weights of the
gated semantic anchor points are normalized according to
the dependency distribution. The total number of training
epochs is set to 20. After each round, the optimal model
is selected based on the weighted scores of BLEU-4 and
SRL-F1 (Semantic Role Labeling F1) from the validation
set. The weight ratio of the sequence reconstruction term,
semantic consistency term, and mask regularization term
in the joint loss is set to 0.6:0.3:0.1. This configuration
maintains the dominant role of the reconstruction objective
on the convergence path in the early stages of training, while
gradually enhancing the influence of semantic consistency
constraints and limiting the interference of the regularization
term on gradient updates, thereby maintaining the stability
and convergence efficiency of the optimization process; and
the temperature parameter τ is set to 0.07. The model is
trained in a distributed manner on a 4xA100 GPU (Graphics
Processing Unit) environment, with gradient synchroniza-
tion using a mixed precision strategy and parameter initial-
ization following the BART original distribution standard.
The key hyperparameters and implementation settings for
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TABLE 2. Parameter Table for Training and Optimization Configuration of
CASR-F Model

Parameter Category Parameter Name Value Setting Description

Optimization Strategy Optimizer Type AdamW Weight decay is adopted to improve stability.
Training Scheduling Initial Learning Rate 3e-5 Cosine annealing is applied after linear warm-up.
Batch Processing Set-
ting

Batch Size 32 Maintains the stability of gradient estimation.

Regularization
Strategy

Dropout Rate 0.1 Prevents overfitting and excessive dependence on
anchors.

Loss Configuration Loss Weight Ratio 0.6:0.3:0.1 Controls the balance between reconstruction,
consistency, and regularization.

Gradient Control Gradient Clipping
Threshold

1.0 Prevents gradient explosion and ensures stable
optimization.

Masking Strategy Mask Ratio 0.25–0.35 (adap-
tive)

Adjusts the proportion of masked tokens during
training to enhance robustness.

Training Configuration Total Epochs 20 Defines the total number of training iterations for
model convergence.

Contrastive Learning Temperature Parame-
ter

0.07 Controls the sharpness of similarity distribution in
contrastive objectives.

Model Scale BART Baseline Pa-
rameters

406M Total trainable parameters of the pretrained BART
Large model.

Model Scale CASR-F Parameters 421M Parameter size after introducing dynamic mask
and semantic anchors based on BART baseline.

model training are shown in Table 2.
Table 2 shows the design orientation of training configu-

ration between optimizing stability and semantic restoration
performance. The weight ratio exhibits a coordinated effect
on discourse level consistency and word level accuracy in
multiple rounds of validation. Dropout and weight decay
jointly maintain the parameter balance of the model, en-
abling dynamic masking, anchor attention, and joint loss
to converge stably under the same optimization framework,
thereby achieving deep contextual semantic restoration.

IV. RESULT ANALYSIS
A. OVERALL TRANSLATION QUALITY ASSESSMENT:
COMPARATIVE ANALYSIS WITH BASELINE MODEL
To verify the overall effectiveness of the method at a macro
level, this paper compares CASF-F with the original anchor
free BART baseline and Transformer baseline models using
commonly used translation quality indicators. BLEU-4 and
METEOR are used as characterization indicators to mea-
sure vocabulary matching, phrase reproduction, and local
fluency. Experiments have shown that based on the same
corpus and hyperparameter settings, CASR-F significantly
outperforms baseline in BLEU-4 and METEOR metrics
across different sentence length intervals. In scenarios with
more than 30 words, CASR-F has a minimum BLEU-4
value of only 34.5 and a minimum METEOR value of
only 29.3. When the BART baseline is greater than 30
words, BLEU-4 reaches its highest value of 31.43, and
its highest METEOR value does not exceed the lowest
value of CASR-F. Compared with Transformer, CASR-F
also maintains a robust advantage, further demonstrating
the contribution of the designed dependency guided mask
and gate anchor attention to macro translation quality Under
finer grained sentence length conditions, this article divides
sentences into several length intervals and compares the
BLEU-4 and METEOR score trends of three types of
models in each length interval. The experimental results
showed that as the sentence length increased, the score of the
traditional baseline model decreased significantly, while the
score of CASR-F fluctuated more smoothly and remained
at a higher level overall. This indicates that dynamic noise

masks and gated semantic anchors help maintain more
stable vocabulary alignment and phrase reproduction ability
in long sentences or complex dependency structures. The
comparison of curves in Figure 2 shows that CASR-F decays
more smoothly and scores higher, indicating its context
driven optimization effect in vocabulary matching and word
order generation. The dynamic masking mechanism and an-
chor attention complement each other in improving surface
fluency. The effectiveness of the proposed model in terms of
overall translation quality has been verified, laying a solid
foundation for subsequent discourse level and semantic level
analysis.

FIGURE 2. Curve of BLEU-4 and METEOR scores under different sentence
lengths

B. TEXT LEVEL SEMANTIC COHERENCE ANALYSIS
The semantic coherence of a translation at the discourse
level largely depends on the ability to maintain the predi-
cate argument structure during the translation process. This
article selects the semantic role annotation F1 value as
the evaluation index, compares the CASR-F model output
with the standard translation for semantic role comparison,
and systematically evaluates the performance of dynamic
masking mechanism and gated semantic anchor attention
mechanism in deep semantic restoration from two dimen-
sions: structural consistency and semantic coherence. Exper-
imental data shows that the CASR-F model outperforms the
BART baseline model in F1 values for the main semantic
role types. On the core argument A0, the F1 value of CASR-
F reached 83.9%, an increase of 3.8% from the baseline. It
reaches 82.1% on the objective argument A1, an increase
of 4.3%; The performance is particularly outstanding on
the additional argument AM, with the F1 value increasing
from 73.5% of the baseline to 80.8%, an increase of 7.3%.
In the encoder section, the dynamic masking mechanism
effectively enhances the recognition ability of core pred-
icates and their related arguments. In the decoder section,
the gated semantic anchor attention mechanism dynamically
adjusts the attention intensity to the discourse structure
during cross sentence generation, effectively maintaining the
integrity of the predicate argument structure. In addition, by
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introducing inter sentence contrastive learning constraints
in the joint training objectives, the model can maintain the
continuity of adjacent sentence distributions in the semantic
space, thereby achieving more natural semantic coherence
in logical transitions and event progression processes. The
consistency improvement of CASR-F in various semantic
roles, especially in AM class arguments, validates the strong
semantic coherence and structural preservation ability of the
model at the discourse level. Figure 3 shows the comparison
of F1 values for different models in semantic role annotation
tasks.

From Figure 3, it can be seen that the CASR-F model has
a more significant improvement in consistency among the
main semantic role categories, especially in the processing
scenarios of cross sentence arguments and implicit predi-
cates, where the error distribution is relatively concentrated.
This phenomenon indicates that the model has strong se-
mantic coherence and structural preservation ability at the
discourse level.

C. LONG RANGE CONTEXT DEPENDENT MODELING
CAPABILITY
In college English translation, the ability to maintain long-
distance semantic dependency relationships directly affects
the coherence of the translation. The CASR-F model en-
hances the perception of implicit semantics in the previous
text through the synergistic effect of dynamic masking and
gated semantic anchors. The experiment used a combina-
tion of referential resolution accuracy and attention weight
distribution to examine its semantic memory and logical
coherence ability within the discourse scope, in order to
verify the role of gated attention mechanism in information
transmission and referential resolution. Experimental data
shows that in decoding step 8, the attention weights of
CASR-F remain at 0.52, 0.66, and 0.72 for remote positions
5-7, significantly higher than the BART baseline of 0.3,
0.48, and 0.55 at the same position. This indicates that the
joint training and anchor mechanism effectively expands the
semantic memory capacity of the model and enhances its
ability to model long-range semantic dependencies. Figure
4 compares the attention distribution characteristics of two
types of models through heat maps.

In Figure 4, it can be seen that CASR-F is more con-
centrated at the discourse connections, indicating that the
model maintains a high level of attention to inter sentence
connections and semantic transitions. This phenomenon is
consistent with the design goals of dynamic masking strat-
egy and semantic anchor mechanism, indicating that the two
have synergistically improved the cross semantic coherence
modeling ability to a certain extent, thereby enhancing the
overall coherence of the translation.

D. SEMANTIC RESTORATION CONSISTENCY ANALYSIS
UNDER DIFFERENT TEXT TYPES
Different genres of discourse present diverse constraints
on semantic modeling: expository texts emphasize logical

progression relationships, argumentative texts focus on the
coherence of argumentation chains, while narrative texts
emphasize the continuity of event development and refer-
ential consistency. To verify the cross genre adaptability
of the CASR-F model, this paper compared BLEU-4, ME-
TEOR, semantic role annotation F1 values, and referential
resolution accuracy on three genre corpora, and combined
the strength of cross sentence semantic constraints and
attention distribution patterns to analyze the generalization
performance of the model in depth. It should be noted
that during the model training process, cross genre adapt-
ability verification is achieved through implicit alignment
of discourse structural features. In the encoding process,
the dynamic masking mechanism dynamically adjusts the
noise application strategy based on the dependency path.
In the decoding stage, the gated semantic anchor adjusts
its participation in the attention mechanism through a se-
mantic memory function, ensuring that the evidence in the
argumentative essay is logically coherent with the events in
the narrative during the generation process. Figure 5 shows
the comparison of various indicators between two models
in three genres.

From Figure 5, it can be clearly observed that CASR-F
outperforms the baseline model significantly in all genres.
The model shows stable performance in explanatory and
argumentative texts, with a particularly prominent improve-
ment in narrative texts, verifying the enhanced role of the
gate anchor mechanism in event coherence and reference
tracking.

E. CONTRIBUTION ANALYSIS OF ABLATION
EXPERIMENT TO CORE COMPONENTS
To evaluate the independent and synergistic effects of dy-
namic masking, semantic anchor, and joint training in the
CASR-F framework, this paper designed ablation experi-
ments. The experiment observes the degradation pattern of
model performance and the trend of semantic restoration
ability by sequentially removing or replacing each core mod-
ule while keeping other parameters unchanged. The experi-
ment selected BLEU-4, METEOR, semantic role annotation
F1 value, and Coreference Resolution Accuracy (Coref-Acc)
as core evaluation indicators to comprehensively measure
the performance of the model from multiple dimensions
such as vocabulary matching, syntactic structure, and se-
mantic coherence. When using random masks instead of
dependency syntax guided masking strategies, there is a
significant decline in vocabulary matching metrics, which
confirms the enhancing effect of masking mechanisms on
semantic path representation. Removing the semantic anchor
component significantly reduces the accuracy of referential
resolution, indicating that this module has critical value
in maintaining the continuity of entities and arguments
within the text. After canceling the joint consistency train-
ing, the decrease in F1 value of semantic role annota-
tion confirms the important contribution of sentence level
contrastive constraints in maintaining semantic structural
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FIGURE 3. Comparison of F1 values of different models on semantic role
types

FIGURE 4. Heat distribution map of cross sentence attention: (a) BART
baseline model; (b) CASR-F model

integrity. Compared to the complete model, when both dy-
namic masks and gate anchors are removed simultaneously,
all indicators of the model show significant degradation:
The BLEU-4 and METEOR scores decreased by 5.8 and
4.9 respectively, and the accuracy of referential resolution
decreased by about 10.2 percentage points, verifying the
complementary characteristics of the two modules in local
vocabulary reconstruction and global semantic aggregation.
For the convenience of unified display, the F1 value has been
increased by 100 times. Figure 6 shows the performance
comparison of various evaluation indicators under different
ablation configurations.

The data in Figure 6 indicates that the complete model
performs the best in all four indicators. Among them,
removing both dynamic masks and semantic anchors has

the most significant impact; In the case of removing a
single module, removing the dynamic mask has the greatest
impact on BLEU-4 and METEOR, removing the semantic
anchor has the greatest impact on the accuracy of referential
resolution, and canceling joint training destroys the overall
balance of the model. This indicates that the three core
components form a hierarchical complementary mechanism
within the BART autoencoder framework, jointly promoting
the deep semantic restoration capability of context.

V. CONCLUSION AND PROSPECT
On the basis of the BART architecture, this study introduces
a dynamic noise mask guided by dependency syntax to
enhance the encoder’s ability to capture the core semantic
path, and designs a gated semantic anchor attention mech-
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FIGURE 5. Performance Comparison of CASR-F and BART Models under
Different Text Types: (a) BLEU-4 comparison; (b) METEOR comparison; (c)
Comparison of SRL-F1;(d) refers to the comparison of digestion accuracy

FIGURE 6. Impact of Core Component Ablation on Translation Quality and
Semantic Consistency

anism to establish cross-sentence semantic associations,
improving the model’s robustness for handling the complex
technical vocabulary and long-range semantic dependencies
often found in engineering standards. By jointly optimiz-
ing sequence reconstruction and achieving cross sentence

semantic consistency goals, the synchronous improvement
of vocabulary accuracy and discourse coherence has been
achieved. The experimental results show that the CASR-
F model performs better than the BART baseline in college
English translation tasks: BLEU-4 reached 36.72, METEOR
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was 31.45, and the accuracy of referential resolution was
improved to 78.6%. The F1 value exceeded 80% on both
the core and additional arguments of semantic annotation.
These results demonstrate that the proposed method im-
proves translation fluency, semantic structure recovery, and
long-distance dependency modeling performance in college
English translation scenarios, providing effective validation
for text-level machine translation research. This study offers
a methodological reference for translation quality assess-
ment and automatic writing tasks in educational settings,
but its application value in professional and technical text
processing still needs further testing in more targeted task
settings.
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