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Abstract: - With the growing use of neural machine translation and LLM-based translation, translationese
detection has become important for assessing translation naturalness and source-language interference. Existing
methods often rely on explicit features or unified pretrained representations, giving limited attention to the joint
modeling of lexical deviation, syntactic transfer, and local evidence. This paper proposes a Transformer-based
dual-channel framework that separately encodes lexical and syntactic information, models their interaction
through cross-channel fusion, and introduces local auxiliary discrimination to support sentence-level prediction.
Experiments on the WMT Chinese news test set and the UNPC Chinese formal corpus show that the proposed
method improves performance over the strongest syntax-enhanced baseline on WMT and achieves comparable
results on UNPC. The framework demonstrates stable cross-domain performance and can support machine
translation filtering, post-editing assistance, and generated-text style identification.
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1 Introduction language features, such as word selection and
With the spread of neural machine translation (NMT) syntgf:tic structure. Althqugh these methods were
and large language model (LLM)-based translation, intuitive and easy to explain, they had difficulty truly
translation quality assessment is no longer limited to describing  the -relatlon.shlp between words and
adequacy and fluency [1]. Translationese detection syntax, apd thelr effectiveness was unstable when
has gradually attracted attention from scholars of applied in different fields [6]. Later, methods
language and communication worldwide [2]. gradually shlfteq to pre—tra.lned models, using overall
Translationese refers to the transfer of source- text representations for judgment. This led to a
language conventions into the target language, often significant Improvement 1n effegtlveness, but most
reflected in lexical selection tendencies and residual methods still reprqsented the entire sentence with a
syntactic structures [3]. Therefore, computational single vector, without separately modeling the

syntactic-related information [7]. Some research

identification of translationese is needed to analyse - -
employed continuous scoring and local fragment

the naturalness of machine-generated translations

and to support translation quality evaluation, post- analysis to more precisely locatg the problems. These
editing, and generated text style identification [4]. methods did not effectively Integrate t.he various
Although previous studies have shown that components, such- as wo.rd cont'rlbutlons, lopal
translationese has relatively stable and learnable fragments, and scoring, lacking a unified explanation
features, how to jointly model lexical deviation and path between them [8]. Therefore, there is still a
syntactic transfer in the Chinese context remains problem: how to deal with syntactic structure, word
insufficiently studied [5]. Existing models also re.lat{onshlps, and local evidence simultaneously
provide limited support for linking lexical cues, within a model. ) ) )
syntactic structures, and local translationese evidence To address these issues, this paper has improved
within the same training framework. the existing translation  language detection
The existing translation quality detection methods framework. Firstly, a dual-channel heterogeneous
initially relied mainly on artificially designed encoding structure is constructed to model lexical
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information and syntactic information separately;
secondly, a cross-channel interaction and fusion
mechanism is introduced to model the relationship
between lexical deviations and syntactic transfer;
thirdly, a local auxiliary discrimination module is
designed to identify high-risk local segments and
introduce local evidence into the overall prediction
process. On this basis, cross-channel consistency
constraints are also added to enable lexical
representation, syntactic representation, local
prediction, and sentence-level classification to be
jointly optimized within the same framework.

This paper proposes a translation sentence
detection model that integrates linguistic
information. To a certain extent, it compensates for
the shortcomings of traditional text classification
methods in terms of structural sensitivity and local
interpretability. This paper aims to conduct
translation quality assessment by integrating various
linguistic information. It emphasizes the interaction
between vocabulary and syntax, as well as the role of
local fragment information in the final judgment. The
experimental results show that this method has
relatively stable performance on multiple datasets
and indicate that this modeling approach, which
combines local evidence with overall prediction, is
effective. From an application perspective, it can be
used for filtering machine translation outputs,
assisting post-editing, and identifying the style of
generated text.

2 Related Work

2.1 Application Scenarios and Challenges
Translationese detection, which involves identifying
non-native features left by the source language
migration in the target language text, has become an
important topic at the intersection of translation
technology and natural language processing [9].
Besides evaluating the quality of machine translation
and the effects of post-editing, it can also be used for
evaluating the naturalness of generated text, cross-
language content review, and style control in
multilingual content production [10]. In addition,
direct assessment of translationese can broaden the
evaluation of unnatural expressions [11].

These studies typically employ synthetic texts
generated by different systems, parallel corpora of
source and target languages, as well as mixed data of
human translation and machine translation [12].
However, during the actual construction and use of
the data, there are still some shortcomings. For
example, the degree of matching between different
data is still not ideal, which is particularly evident in
the Chinese context [13]. This is mainly reflected in
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inconsistent localization processing and a lack of
annotation and analysis capabilities for fine-grained
segments, which also limits its support for local
translation phenomena to some extent [14].

As for evaluation methods, most existing studies
still use accuracy, Macro-F1, AUC, and other metrics
to evaluate classification performance. Correlation or
ranking-based metrics are often employed for
continuous prediction tasks. These metrics do not tell
us what type of language signal the model is using.
The information given is still rather indirect and has
little explanatory power for specific language
phenomena.

2.2 Overview of Mainstream Approaches
Previous research is currently mainly conducted
along the following choices.

One type of approach mainly relies on language
features or pre-trained representations for modeling
[15]. Traditional feature methods usually construct
representations from aspects such as word usage,
distribution of function words, word order sequence,
and syntactic complexity. The advantage is that they
are intuitive and highly interpretable. However, they
still have limitations in capturing the interaction
between word selection and syntactic structure, and
are also relatively sensitive to fluctuations in
different genres or data sources.

Another type of approach relies more on pre-
trained encoders, making judgments by learning the
differences between the original text and the
translated text in the representation space [16]. These
methods usually employ overall text representations,
and syntactic information is mostly incorporated
implicitly rather than being modeled separately.
Therefore, the specific role of syntactic structure in
translation quality assessment has not been fully
explored.

In addition, some studies focus on continuous
evaluation and local interpretation [17]. These
methods usually represent the degree of translation
with a continuous numerical value, and through
analysis at the paragraph or segment level, observe
which parts of the sentences are closer to the features
of the target text [ 18]. This approach has advanced in
fine-grained analysis, but different information is still
handled separately. Currently, there is no framework
that can integrate these pieces of information
simultaneously.

2.3 Closely Related Work
The most relevant work related to this study mainly
proceeds along the following lines.

The continuous evaluation method estimates the
degree of translationese through probability
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differences or distribution comparisons, and converts
the task into continuous value representation [19].
Such methods provide important references for task
modeling. This study concentrates on the modeling at
the structural level. For instance, based on sentence-
level judgment, it also takes into account the
influence of lexical deviations and syntactic changes
on the model's decision-making.

Regarding the analysis of explicit features in both
Chinese and English contexts, related studies have
constructed a multi-level language feature system
based on relatively standardized texts [20]. These
efforts identify the distinctive features of the
translated language and emphasize the importance of
syntactic and lexical cues, but their focus remains on
the selection and shallow combination of explicit
features.

Focusing on interpretable detection and local
attribution, post-event explanation methods identify
high-contributing terms or key segments, progressing
from whether translation orientation can be detected
to how to detect it [21]. This kind of analysis occurs
more after the prediction, and involves less
consideration of how these judgments are formed
within the model. Thus, this study proposes a dual-
channel representation and fusion framework that
integrates lexical and syntactic information and
introduces local translation signals into the training
process as auxiliary constraints.

2.4 Summary and Research Gap

In short, the existing research has achieved
considerable results in areas such as explicit feature
design, pre-training representation learning,
continuous scoring, and local interpretability
analysis. However, these methods often approach the
problem from a single perspective, such as relying on
surface  statistical  features, unified  text
representations, or local explanation signals, and the
modeling of translation deviations remains relatively
fragmented. How to simultaneously capture syntactic
changes, lexical deviations, and local translation
evidence within the same framework remains an
issue that needs further resolution.

This limitation is more evident in the Chinese
context. Syntactic information is rarely modelled
explicitly; the relationship between lexical and
structural cues remains insufficiently represented,
and local translationese phenomena are seldom
incorporated into training supervision.

This study integrates syntactic cues, lexical
signals, and local translationese states into a unified
detection framework. The proposed method
preserves lexical-syntactic heterogeneity through
dual-channel encoding, models their interaction
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through cross-channel fusion, and wuses local
auxiliary signals to support sentence-level prediction.
Accordingly, this study focuses on three linked
issues: explicit lexical-syntactic representation,
cross-level feature interaction, and local auxiliary
learning for Chinese translationese detection.

3 Methodology
3.1 Problem Formulation
We formulate translationese detection as a sentence-
level classification problem under joint lexical-
syntactic conditions and augment it with local
auxiliary prediction to support the global prediction.
Let the target-language sentence sample be denoted
by x, and both a lexical view and a syntactic view of
x are used as input:

x=(x1* XY, x1¥=(w{,...,w, ). XxY=(s1,...,8,). (1)

Here, x!** denotes the token sequence, capturing
contextual semantics and lexical stylistic
information, while x*¥" represents the corresponding
syntactic observations, such as part-of-speech tags,
dependency relations, or other structural features.
After embedding, the lexical and syntactic inputs can
be represented as E'® € R™% and ES™ € R™%
where n is the sequence length and d;, dg denote the
lexical and syntactic feature dimensions,
respectively. This form suggests that translationese is
caused not only by deviations in surface vocabulary
but also by the combined effects of lexical deviation
and syntactic transfer; therefore, the input should be
regarded as a joint dual-view representation.

The task output is defined as a joint variable
comprising global and local states:

y=(y5, Y} ,)y2EL0,1} or [0,1],y}€[0,1], =1,..,m. (2)

Here, y& denotes whether the sentence exhibits

translationese (or its intensity), and y11:m represents

the translationese intensity of each of the mlocal
segments obtained by partitioning the sentence. In
practice, local states are typically approximated using
weak supervision signals. Thus, the local labels are
not treated as independent ground-truth annotations,
but as auxiliary signals that guide the model to
capture localized translationese evidence.

We assume that samples are independently and

identically distributed according to a joint
distribution:
)~PLXOXYYEYLL), ()

and denote the training set as Dtrain:{(xi,yi)}?il.
The ideal learning objective can then be expressed as:

f*:arg[2E>]mir1§2E>]E(x,y>~p L D0y L DI 0.y ,)1 (4
)
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Here, & and f' denote the global and local output
functions, respectively; L, and L; represent the
sentence-level and local-level loss functions; and A is
a balancing coefficient. This objective keeps the main
task centred on sentence-level classification while
using local supervision to regularize the
representation learning process.

Unlike traditional sentence-level classification,
this formulation jointly considers the global
translationese label and local translationese
intensities. The global decision is therefore expected
to be supported by both lexical-syntactic evidence
and accumulated local patterns. This form provides a
general basis for the following dual-channel model,
cross-channel interaction, and local auxiliary
learning.

3.2 Overall Framework

The overall framework is shown in Figure 1 and
mainly consists of three parts: input, encoding and
interaction processing, and output. The input includes
the word sequence of the target language text and its
corresponding syntactic information; the middle part
consists of three modules, namely dual-channel
representation learning, cross-channel interaction
fusion, and a local auxiliary discrimination module;
the output includes sentence-level translation
prediction results and local segment-level translation
distributions, which are used to supplement the

overall judgment.
The framework consists of three stages:
heterogeneous input encoding, cross-channel

interaction and fusion, and joint output generation. At
the first stage, lexical and syntactic information are
treated as two related but heterogeneous inputs, and
their discriminative representations are learned
separately. At the second stage, a unified interaction
mechanism builds dependency relationships between
the two types of features and captures both lexical
deviation and syntactic transfer. Finally, the fused
representation is used to obtain sentence-level
predictions and local auxiliary outputs for global
classification and local pattern recognition.

The main advantage of the framework is that it
links representation learning, feature interaction, and
local evidence modelling within the same detection
process. The local auxiliary outputs jointly constrain
the learning of the fused representation with the main
task. At the same time, the cross-channel interaction
mechanism models the bidirectional dependency
between lexical and syntactic representations to form
joint lexical-syntactic evidence.

The first module encodes lexical sequences and
syntactic ~ observations into  two  parallel
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representations. The second module models the
dependency between the two feature channels
through cross-channel interaction and gated fusion.
The third module produces segment-level auxiliary
predictions and a sentence-level output, thereby
helping the model capture localized translationese
phenomena. Together, these three parts form the
proposed dual-channel translationese detection
framework.

Stage2: Outputs
Cross-Channel Interaction

and Fusion Madule

Stage 1: Dual-Channel
Heterogeneous
Representation Module

Stage 3:
Local Auxiliary
Discrimination Module

Heteragencous Inputs

Fig. 1: Overall framework of the proposed dual-

channel translationese detection model
Source: created by the authors

3.3 Module Descriptions
3.3.1 Dual-Channel
Representation Module
Previous methods of modelling translationese often
treat the input as a unified text sequence, with
syntactic information ignored or only implicitly
encoded. Therefore, models are more likely to
capture lexical traces but fail to adequately recognise
word-order transfer and structural residues. This
module separates lexical and syntactic cues at the
input stage, thereby addressing the imbalance
between lexical and syntactic signals.

The two components are a sequence encoder and
a structure propagator. The lexical channel models
long-range semantic and stylistic dependencies using
self-attention, while the syntactic channel propagates
structural information according to dependency
adjacency relations. Lexical deviation and syntactic
transfer occur at different linguistic levels, and early
fusion may cause structural bias to be concealed by
surface semantic patterns. The structure is shown in
Figure 2.

Let E'* and E®™ denote the lexical embeddings
and initial syntactic representations, respectively.
Here, n is the sequence length and d is the hidden
representation dimension after linear projection. The
two channels are updated as follows:

Hlex:MHA(E]ex’E]ex’E]ex),Hsyn:G(KEsanS), (5)
where A is the normalized syntactic adjacency
matrix, W, is a learnable parameter matrix, and o(+)
denotes a nonlinear activation function. The resulting
representations H'® and H®™ are used as inputs for
subsequent cross-channel interaction. The lexical

Heterogeneous
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channel captures contextual and  stylistic
dependencies, while the syntactic channel preserves
dependency-based structural propagation. The
lexical self-attention layer has a computational
complexity of O(n%d), while syntactic propagation
has a complexity of O(l E | d), where | E | denotes
the number of dependency edges.

Dual-Channel Heterogeneous
Representation Module

Lexical

. [zns ] BT T
embeddings | Lexical channel S
[ ) (1 3 6 B Multi-head self-attention D
Ejex Hiex

Syntactic channel

Structural propagation using —
s ; —> ]
normalized syntactic “!.‘

adjacency relations Hgyn

Initial syntactic [—{—f
representations
Esyn

Fig. 2: Dual-channel heterogeneous representation

module for lexical-syntactic parallel encoding
Source: created by the authors

3.3.2 Cross-Channel
Module

Although the two-channel encoding retains different
types of information, it does not automatically
associate lexical and syntactic cues. Simple
concatenation is insufficient to determine whether a
lexical anomaly is related to syntactic transfer. This
module models cross-level feature interaction
between lexical and syntactic representations.

The module follows a cross-attention and gated-
fusion design. Each representation is conditionally
reweighted by the other, and adaptive fusion is
performed through a gating unit. The modelling
motivation is that translationese can be viewed as a
cross-level inconsistency between lexical choice and
syntactic organization. Conditional interaction
therefore helps capture dependencies between lexical
deviation and syntactic transfer. This module does
not force the two representations to become identical;
instead, it preserves useful cross-channel
discrepancies. The structure is shown in Figure 3.

Given the outputs H'** and H®*" from the previous
module, the fused representation is defined as:
HI=GO Attn(H'™* H¥" HY")+(1-G) O Attn(H¥™ H'** H'**) (6)

G=o 2 ([H'";HY" W,y +by) (7)

In terms of specific implementation, Attn(:)
represents cross-attention calculation, while W, and
b, are learnable parameters. [-;-] indicates vector
concatenation, and ( represents element-wise
multiplication. The core of the overall design lies in
enabling information between different channels to
interact with each other, rather than simply
concatenating them. Therefore, the fusion process is
actually an interactive mechanism with weight

Interaction and Fusion
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adjustment, used for dynamic allocation between
lexical and syntactic information. The gate G
controls the contribution ratio of information from
different  directions, avoiding one channel
dominating the fusion process and making the
representation more balanced.

Cross-Channel Interaction and Fusion Module

iiput Cross-attention from
lexical to syntactic
H, 3 :
lex information
3 ¢ > output
L el Gated
3 Fused
. X fusion [ .
— 3¢ > ¥ representation
o ——) unit H
input Cross-attention from J
Hsyn syntactic to lexical
information

Fig. 3: Cross-channel interaction and fusion module

of the proposed method
Source: created by the authors

3.3.3 Local Auxiliary Discrimination Module
Currently, most studies mainly rely on sentence-level
classification results or post-hoc attribution analysis
after prediction. Therefore, the local translation
feature characteristics in the text usually do not
directly participate in the model training. This may
result in the model being able to recognize the overall
translation tendency, but it is difficult to capture the
specific language evidence that supports this
judgment. This module addresses this issue by
introducing local information to assist the model in
learning.

This module first assesses the translationese
intensity at the segment-level, and then completes the
sentence-level prediction by aggregating local
signals. This design takes into account that
translation phenomena often occur in specific
expressions, such as the selection of literal
translations, the use of fixed collocations, and
residual syntactic patterns. The specific structure is
shown in Figure 4.

Let Z; denote the representation of the j -th
segment derived from the fused representation. The
local and global outputs are defined as:

% pj, y® =

m
Py = o(WiPool(Z) +b,5"¢ = )
]:

oW +bo),  (8)
where p; denotes the translationese intensity of
the j-th segment, o is the segment weight, Wy, by,
w¢, and b, are learnable parameters, and Pool(+)
denotes segment-level pooling. The segment weights
«; are normalized across the m segments so that local

evidence can be aggregated into a sentence-level
signal. Compared with an independent prediction
head, this formulation makes the sentence-level
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output explicitly dependent on the weighted
aggregation of local translationese intensities.

From a probabilistic perspective, this module can
be viewed as a lightweight local-global coupling
model:

P(y,p | x) x exp (q"g(y' Hp) + X2 W (py, Zy) —

yzj=1 o (y — pj)2>r )

where Y and ; are global and local potentials.

The last term penalizes inconsistency between the
global label and local intensities. Therefore, Eq. (8)
can be regarded as a tractable mean-field-style
approximation of local-global coupling rather than
full CRF inference.

The purpose of this module is not simply to add
another prediction head, but to process local
translationese information and use it as auxiliary
supervision during training. Thus, local predictions
provide segment-level evidence, while their weighted
aggregation supports the final global decision.

Local Auxiliary Discrimination Module

Sentence-level

aciod Local translationese
X Divide into Segment- PRI - i
Hy = pooling prediction py local signals (098]
= G =
- b 2 —> £ fo = Fam)—
/ g : i/
= < [l e  — )
= Lol ) = softmax(score;) r»{:[] [0.15]
Jocal
Segment  [Segmentd : E—Tosy
representations pooling intensity Local segment-level
zl' prediction p; translationese
distributions py

Fig. 4: Local auxiliary discrimination module of the

proposed method
Source: created by the authors

3.4 Obijective Function and Optimization
To enable joint optimization of the dual-channel
heterogeneous representation, cross-channel
interaction and fusion, and local auxiliary
discrimination modules under a unified objective, we
define the overall loss as a weighted combination of
a sentence-level supervision term, a local auxiliary
term, a cross-channel consistency regularizer, and a
local-global consistency term:
L=Lg M Lith, L. (10)

Here, Lg denotes the sentence-level translationese
detection loss, Ljthe local auxiliary loss, L. the cross-
channel consistency regularization term, and Lo the
consistency loss between local aggregation and
global prediction. The coefficients A;, A,, and A3
control the weights of the auxiliary objectives. They
are selected by grid search on the validation set, with
A =054, =0.1,and A3 = 0.2.

The sentence-level term optimizes the primary
classification task. Let N denote the number of
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samples, yig € {0,1} the ground-truth label, and 9ig €
(0,1) the predicted probability. The binary cross-
entropy loss is:
= I, [yElog e +(1-y*)logii(1-9%)]. (11)
As shown in Eq. (11), this term enforces
consistency between predictions and ground-truth
labels and serves as the core optimization objective.
The local auxiliary loss introduces the word-level
translation signal into the training process. For the i-
th sample, the sentence is divided into m segments.
Let pijE(O,l) represent the predicted translation

strength value of the j-th segment, and z;€[0,1]
represent the corresponding weakly supervised label.
Then, the loss function is defined as follows:

N
Li=gn ). T (g7’ (12)
Among them, z; is generated through heuristic
rules and is used to approximately represent the local
translationese intensity. This auxiliary term merely
provides additional local learning signals for the
model, enabling it to focus on the translationese
features in specific segments while making overall
predictions. In the experiment, the number of
segments was fixed at m=4 to achieve a balance
between the detail of local information and the
stability of training.
To further integrate the segment-level prediction
results with the sentence-level judgment, the local
aggregation prediction is defined as follows:

1 m
S\,iOC = Z 1(Xi]' pijl (13)
]=

Among them, «;; represents the segmented
weights after normalization. On this basis, the local
and global consistency losses are further defined:

Lig = x D (98 — 9192, (14)

This term encourages the sentence-level
prediction to be supported by accumulated local
evidence and makes the relationship between local
outputs and global supervision explicit in the
objective function.

The cross-channel term constrains lexical and
syntactic representations to maintain moderate
alignment prior to fusion, without collapsing into
identical representations. Let HI*eR™Y and
HisynERnXGl denote the lexical and syntactic
representations of the i-th sample, respectively, and
let Pool(-) denote mean pooling. The regularization
term is defined as:

L2 ST (1-cosiiPool (). Pool (" (15)
ciﬁzizl( -cos/0{(Pool(H;™),Pool(H; ))).

Among them, cos () represents cosine
similarity, and p € (0,1) represents the expected
cross-channel similarity level. In this study, p is set
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to 0.5 based on the performance of the validation set.
This parameter can prevent them from being
independent of each other or completely redundant.
Through Eq. (15), the model can combine the two
types of information and retain the characteristics of
the lexical and syntactic representations,
respectively. We choose cosine similarity as the
measurement method because it focuses on the
directional relationship between vectors and is not
affected by vector scale; thus, eliminating the need to
limit the vector norms of lexical representations and
syntactic representations to be the same.

We adopt AdamW with an initial learning rate of
2x107° and a weight decay coefficient of 1 X
10~2. The batch size is 32, and the model is trained
for 20 epochs. Linear warm-up and cosine decay are
used, with warm-up accounting for 10% of total
training steps. Dropout with a rate of 0.1 is applied
after the fusion layer. Model selection is based on
validation Macro-F1, and early stopping is applied if
validation performance does not improve for three
consecutive epochs. The complete objective in Eq.
(10) also provides the basis for the following analysis
of objective boundedness, optimization stability, and
parameter sensitivity.

3.5 Model Properties, Optimization Stability,
and Sensitivity Analysis

The objective in Eq. (10) provides a constrained
optimization form for the proposed dual-channel
model. Since $F, pjj, and §1°¢ are generated by
sigmoid outputs, they are bounded within (0/1).
With probability clipping [€,1 — €], the sentence-
level loss is bounded. The local auxiliary and local-
global consistency losses are also bounded, while the
cosine similarity in L. lies in [—1,1]. Therefore,
0<L<-loge+A; +2,(1+p)?+2s. (16)

This indicates that the total objective remains
finite when A4, A,, and Azare finite, so the auxiliary
terms do not introduce unbounded penalties.

The update of model parameters is simultaneously
influenced by sentence-level supervision, local
auxiliary supervision, cross-channel constraints, and
local and global consistency constraints. If the four
loss terms are smooth with constants B, By, B¢, and
Big, then the total objective is B-smooth, where f =
Bg+}\161+}\26c+}\361g For 0<11<1/B >
standard smooth non-convex optimization gives

min_ || VL(0,) f13< 28G5
0<t<T ~ n(1-pn/2)T

As T increases, the optimization process gradually
approaches the first-order stable region. This
indicates that although a larger auxiliary weight can
enhance the local constraint effect, it may also
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increase the sensitivity of the optimization process.
Thus, it is necessary to reasonably set the learning
rate.

The local and global consistency terms further
connect the local prediction results and the sentence-
level judgment, enabling local information to
participate in model training through both the local
auxiliary loss and the consistency loss. From a
generalization perspective, this bounded objective
function establishes the relationship between
empirical risk, expected risk, sample size, and the
complexity of the dual-channel assumption,
providing a statistical learning theory-based
explanation for model optimization; however, it does
not mean that it has universal advantages in all
scenarios.

To analyze the model stability with respect to
input variations, let pO(x) represent the sentence-level
prediction result. If the Lipschitz constants of the
vocabulary encoder, syntactic propagator, fusion
layer, and classifier are Kjeyx, Kgsyn, Kf, and K,
respectively, then:

Il po(x + Ax) — po(x) 2= KoK¢(Kjex + Ksyn) Il Ax ll2. (18)

This shows that prediction variation is impacted
by the effective Lipschitz constant of the composed
model. The consistency term can reduce the unstable
changes between different representations, ensuring
a certain degree of coordination of Iexical
information, syntactic information, and local
evidence during the training process.

Among them, the coefficients A;, A,, and A5 are
respectively used to adjust the degree of influence of
local weak supervision, the consistency of lexical and
syntactic information, and the local prediction and
overall judgment. If these parameters are set too
large, the model may overly focus on local
information and neglect the respective roles of lexical
and syntactic information. The target similarity p is
used to control the degree of information consistency
maintained between the two channels. These
parameters are selected through the validation set to
achieve a balance between model performance,
representation stability, and the training process.

4 Experiments and Results

4.1 Experimental Setup

This paper executes experiments based on the main
dataset and the auxiliary verification dataset. The
data division is shown in Table 1. Among them, the
WMT Chinese news test set is used as the main
evaluation data, and the remaining data is used for the
overall performance analysis of the model and some
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ablation experiments. The auxiliary dataset is the
Chinese part of the UN Parallel Corpus (UNPC); it
will be used for cross-genre validation and to test how
well explicit syntactic models work on formal texts.
The former is general news-style written Chinese and
is suitable for investigating lexical correspondence
tendencies and local structural deviations in
translated texts. The latter is based on official United
Nations documents and thus contains more formal
and legalistic expressions, longer sentences,
nominalized constructions, and standardized
syntactic patterns; it is therefore more suitable for
testing sensitivity to syntactic transfer.

The WMT Chinese news test set is based on the
WMT 2021 News Translation Task and includes the
WMT18, WMT19, and WMT20 subsets; there are a
total of 3,960 Chinese-English parallel sentences.
The UN Parallel Corpus v1.0 is a collection of
publicly available official UN records and meeting
documents, containing human-translated content
from 1990 to 2014, and is aligned at the sentence
level. The Chinese-English part has about 91,028
aligned files and 15,886,041 bilingual sentence pairs.
Instead of using these resources as pre-packaged
datasets for translationese detection directly, we
create sentence-level binary classification samples.
Translated texts refer to Chinese translations that
explicitly show their sources, and original texts refer
to native Chinese texts. We have controlled for genre,
length, and granularity in the construction of the
dataset as much as possible and used a consistent
splitting rule to reduce source bias and minimise
near-duplicate leakage.

A common pipeline is used to pre-process both
datasets for text cleaning, sentence division,
character normalization, length filtering and
duplicate removal. The lexical channel is generated
by a pre-trained Chinese tokenizer in the form of
token sequences, and at the same time, the syntactic
channel constructs normalized syntactic adjacency
matrices through dependency parsing of this text to
ensure strict alignment between the two inputs. As
UNPC has many long sentences and paragraph-level
sections, sentence segmentation will be performed
prior to model training.

Table 1. Overview of Experimental Datasets

Dataset Purpose Scale Description
WMT (130“? 3,960 From WMT 2021
Chinese eva ua.tlon, parallel News Translation
News Test maim sentence Task (WMT18-
Set comparison, pairs 20)
ablation
UNPC ~91,028 UN official
Chinese Cross-genre files; 15.9M documents
Formal validation sentence (1990-2014),
Text pairs sentence-aligned

Source: created by the authors
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Experiments are conducted on a single NVIDIA
GeForce RTX 4090 GPU, with Python 3.10, PyTorch
2.1, and CUDA 12.1. All neural baselines are trained
under comparable settings: hidden size of 768,
maximum sequence length of 256, batch size of 32,
and AdamW optimizer with an initial learning rate of

2x107 and weight decay of 1x102. The maximum
number of training epochs is set to 20, with early
stopping based on validation performance. The
overall loss follows Eq. (10), with A; = 0.5, A, =
0.1, and A3 = 0.2. The target similarity level in Lis
set to p = 0.5according to validation performance.
All neural baselines are trained under the same data
split, training budget, optimizer, and early-stopping
rule to ensure fair comparison.

The evaluation metrics include Accuracy, Macro-
F1, Expected Calibration Error (ECE), and Fusion
Gain. Accuracy and Macro-F1 evaluate classification
performance, ECE measures calibration quality, and
Fusion Gain quantifies the additional error reduction
obtained by dual-channel fusion over single-channel
variants. The subsequent analysis mainly uses macro
F1 as the core evaluation metric and further examines
model prediction stability and the impact of the dual-
channel design by combining ECE and fusion gain.

4.2 Baselines

To provide an all-around assessment of the proposed
method, we compare the proposed method with four
representative baselines, such as traditional feature-
based methods, classical neural models, pretrained
models, and syntax-enhanced architectures.

First, an SVM is used with hand-crafted linguistic
features as the traditional baseline [22]. This
approach uses explicit linguistic features such as
function words, part-of-speech sequences, and
lexical richness for classification with an SVM
classifier; this is the traditional feature-engineering
model for translationese detection. Second, a
BiLSTM-based text classification model is used as
the classical neural baseline [23]. A bidirectional
LSTM is employed to encode the input sequence,
followed by pooling and a classification layer; it
performs as well as other typical deep sequential
models on this task. Third, a fine-tuned RoBERTa
model is used as the pre-trained baseline [24]. Based
on a pre-trained encoder for Chinese, this model is
used to perform end-to-end fine-tuning of sentence-
level classification and adopts the widely used
unified representation paradigm in Chinese text
classification. Finally, a syntax-aware Transformer is
added as a syntax-enhanced baseline [25]. This
model explicitly adds syntactic structural information
to the Transformer and serves as the strongest syntax-
enhanced comparison method in the model.
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The four representative paradigms of baselines for
translationese detection are: explicit feature-based
methods, classical deep sequence models, unified
pretrained representations, and syntax-enhanced
models. All neural networks in the baseline should be
trained with the same computational budget and
evaluated using the same methods for fair
comparison, and the traditional baseline should
follow a standard feature construction process. The
following experiments will compare the overall
classification  performance, robustness, and
improvements after adding dual-channel fusion.

4.3 Quantitative Results

To assess the effect of the proposed method, it is
compared with the four categories of baseline
approaches on the WMT Chinese news test set and
the UNPC Chinese formal text corpus. The results are
as follows (Table 2 (Appendix)). All experiments are
conducted with five independent runs, and the mean
+ standard deviation is reported.

As shown in Table 2 (Appendix), the proposed
method achieves the best performance on WMT.
Compared with the Syntax-Aware Transformer, it
improves Accuracy from 89.4 to 90.0 and Macro-F1
from 88.8 to 89.6, while reducing ECE from 0.037 to
0.034. The improvement in Macro-F1 is statistically
significant, and the Accuracy gain reaches the 0.05
significance level; the ECE reduction shows the same
direction but does not reach statistical significance.
These results indicate that the proposed method
improves news-domain translationese detection and
produces more balanced classification performance.

On UNPC, the proposed method remains
comparable to the Syntax-Aware Transformer. Its
Accuracy is 90.8, slightly lower than the 91.0 of the
Syntax-Aware Transformer; its Macro-F1 is 90.8,
marginally higher than 90.7; and its ECE decreases
from 0.040 to 0.038. None of these differences are
statistically significant. This result suggests that the
advantage of dual-channel interaction is weaker in
formal-text  settings, where syntax-enhanced
baselines already show strong performance. Overall,
the proposed method shows clearer improvement on
the main WMT dataset and comparable performance
on the auxiliary UNPC dataset. The effect of dual-
channel modelling and cross-channel interaction is
therefore more pronounced in news-style text than in
formal text.

Fusion Gain is introduced to quantify how
effectively the fusion model reduces errors relative to
the two single-channel variants. Fusion Gain is 6.4%
+ 0.8% for WMT and 3.5% + 0.7% for UNPC,
indicating that lexical and syntactic cues are more
complementary in news text, while their
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complementary effect is weaker in formal text. In
addition to classification performance, model size
and computational efficiency are also analyzed, as
shown in Table 3.

Table 3. Efficiency Comparison

Training Inference
Paramete | FLOP Time Time
Method s (M) s(G) | (min/epoc | (ms/sampl
h) e)
BIiLSTM 18.6 6.2 2.9 1.8
RoBERTa
(fine- 102.3 224 6.5 3.9
tuned)
Syntax-
Aware 1287 | 316 8.8 53
Transform
er
Proposed
Moethod 121.5 28.9 7.9 4.7

Source: created by the authors

As shown in Table 3, the proposed method does
not primarily aim at computational efficiency.
BiLSTM and RoBERTa are lighter than the proposed
method, but they also show lower classification
performance. Compared with the Syntax-Aware
Transformer, the proposed method uses fewer
parameters and FLOPs and achieves shorter training
and inference time. Together with Table 2
(Appendix), this indicates that the proposed method
improves WMT performance while remaining less
costly than the strongest syntax-enhanced baseline.

Figure 5 shows the evolution of Macro-F1 across
training epochs on the WMT validation set for two
strong baselines and the proposed method. The
proposed method does not show an early lead in the
initial training phase, but begins to build a clearer
advantage in the middle of training and then remains
relatively stable. This trend suggests that cross-
channel interaction and local auxiliary learning
mainly improve representation refinement during the
later stages of optimization.

90

Macro-F1 (%)

T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12
Epoch
—&— RoBERTx (fine-tuned)

Fig. 5: Macro-F1 Curves of Different Models on the

WMT Validation Set
Source: created by the authors

Syntax-Aware Transformer === Proposed Method
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4.4 Case Study

To analyze the basis for the model's decisions, this
paper selects a correctly predicted sample and an
incorrectly classified sample for presentation. After
visualizing the input sentences, the prediction results,
and the local high-response segments, the role of
different language segments in the prediction process
could be observed (Figure 6).

In the cases of correct predictions, the samples
were taken from the WMT Chinese news test set, and
their true labels were the translated texts. The model
also correctly identified their categories. The
example sentence was
“ULIBCRE ARXUT RREVESUE HeA, IFEZ A
S R FEEE/ERH . » The visualization results
showed that segments including “£% & 3 Al (lay the
foundation), “&X{FHEEA/EH” (play an important
role), and “Z/ 44> (multiple domains) received
high response scores. The model also noticed the
parallel structure in the sentence. This result indicates
that even if the overall expression of the translation
is relatively smooth, the model can still identify the
translation phenomena present through local
expression methods and syntactic organization
features.

In the erroneous cases, the samples were taken
from the UNPC Chinese formal text corpus. The
ground-truth label is the original text, but the model
incorrectly classifies it as translated text. The
example sentence is:
A IRAS T N L S A AH LR R R — S 2R Al
EHEHEFASC T AE. » The visualization indicates
high responses for segments such as “f 45
(relevant parties), “fHAELE” (mutual respect),

“PrRF—20  (consensus), and “HEFEAHIE TAE”
(advance related work). This suggests that

standardized formal expressions may be confused
with translationese-like signals in formal written
contexts.

In short, this case analysis is consistent with the
quantitative results. The proposed method can use
local expression patterns and syntactic structures
effectively in news-style text. In formal texts,
standardized expressions may overlap with
translationese-like patterns, making the boundary
between formal register and translationese less clear.
Therefore, more fine-grained modelling of register
variation is still needed for formal-domain
translationese detection.
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(a) Correct Prediction on WMT Chinese
lews Dataset

(b) Misclassification on UNPC
Chinese Formal Text Corpus
~

Chinese Sentence:
HREFEESTHENENDE—ROEN
EHERHAX T,

[ Chinese Sentence:
EUEANARRS FHERR, #ES MRS
LREEER.

e nslated
Prediction: Translated
Iranslationese Score: (191

Trans]
Translationese Score: (.74

(¢} Lacal Attribution Scores of Highlighted Spans

0.0 02 04 06 08
Local Atribution Score

W Correct prediction

Fig. 6: Case Visualization of the Proposed Method
Source: created by the authors

Misclassification

4.5 Robustness Analysis

To assess model robustness under non-ideal input
conditions, we construct perturbed test sets using the
WMT Chinese news dataset and the UNPC Chinese
formal text corpus. This study applied random
perturbations at 0%, 5%, 10%, and 15% proportions
to the input text, introducing word-level
perturbations such as substitution, deletion, and slight
reordering, and used macro F1 as the main evaluation
metric. This experiment was designed to simulate
possible local errors or expression changes in the
text, such as word omission, word order variations,
and part-of-speech deviations, and to observe
performance changes across different models when
input quality deteriorates. According to the stability
analysis in Section 3.5, input variations may affect
lexical representations, syntactic information
extraction, and subsequent classification processes.
Therefore, this experiment focuses on evaluating
whether the proposed model can maintain relatively
stable prediction capabilities under perturbation
conditions.

As shown in Figure 7, as the perturbation ratio
increases, the performance of all models declines to
varying degrees, but the decline ranges significantly.
On the WMT dataset, the SVM and BiLSTM based
on manually designed features show a faster decline
in performance, indicating that these methods are
more sensitive to local word-order changes and
word-segmentation perturbations; in contrast,
RoBERTa and  Syntax-Aware  Transformer
demonstrate better stability. The proposed method
maintains a high macro F1 value under different
perturbation levels and still shows good stability at
10% and 15% perturbation conditions. This result
indicates that cross-channel consistency and local-
global consistency design can help the model
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maintain more stable representations, thereby
reducing the performance decline caused by input
perturbations.

On the UNPC dataset, the performance decline of
each model is relatively slow, and the gap between
Syntax-Aware Transformer and the proposed method
also narrows further. This shows that in formal text
scenarios, grammar-enhanced methods already have
good stability, while this method mainly
demonstrates its role in mitigating performance
decline under medium-to-high  perturbation
conditions. Therefore, improvements in model
robustness are related to the characteristics of the data
domain, and when the text itself has a relatively
stable syntactic structure, the improvement space is
relatively limited.

Overall, the experimental results are consistent
with the stability analysis in Section 3.5. The
proposed method demonstrates stronger robustness
to perturbations in news-type texts, while the
improvement in formal texts is relatively limited. The
experimental results indicate that the consistency
fusion mechanism can enhance the model's
adaptability to input variations to a certain extent, but
its effect is still influenced by the type of perturbation
and the text domain.

() WMT Chinese news dataset (b) UNPC Chinese formal text corpus

/
J

Macro-F1 (%

5 10
Perturbation Rate (%)

5 10
Perturhation Rate (%)

—#— SVM + Hand

Z BiLST™

Fig. 7: Macro F1 under Different Disturbance Rates
Source: created by the authors

ures —%— RoBERT:
—8— Syniax-A

=—d— Propased Method

4.6 Ablation Study
To analyze the impact of different modules on the
model's performance, this paper conducted ablation
experiments on the WMT Chinese news test set and
the UNPC Chinese official text corpus. The
experiments used the complete model as the control
group, and successively removed the dual-channel
heterogeneous representation, cross-channel
interaction and fusion module, local auxiliary
discrimination module, cross-channel consistency
term L., and local and global consistency term L.
As shown in Table 4, after removing different
components, model performance showed a certain
degree of decline, indicating that each module played
a role in the overall framework. Among them, the
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performance decline caused by removing the dual-
channel representation was the most obvious. The
accuracy and macro F1 on the WMT dataset
decreased by 1.2 and 1.5 percentage points,
respectively. This indicates that modeling lexical and
syntactic information separately is highly significant
for translation quality detection. In contrast, using
simple concatenation instead of cross-channel
interaction also causes performance degradation,
indicating that simply inputting the two types of
information in parallel is not sufficient to fully
exploit their interrelationships.

These  components therefore serve as
complementary constraints. After removing the local
auxiliary module L. or the local-global consistency
term LLjg, the model performance all showed a
certain decline. After removing Lc, the macro F1
score on the WMT dataset decreased from 89.6 to
89.0; after removing Llg, the macro F1 scores on the
WMT and UNPC datasets dropped to 89.1 and 90.5,
respectively. Although the decline was smaller than
that caused by the dual-channel representation and
interaction module, the results still indicate that local
information and the connection between local
predictions and overall judgments can help the model
perform more accurate translation detection.

Table 4. Ablation Results

WMT UNPC
Model Variant WMT Macro- UNPC Macro-
Accuracy F1 Accuracy F1
90.0 +|89.6 £|908 +|908 =
Full Model 0.5 0.5 0.8 0.7
w/o dual- 88.1 + 89.8 +
channel 386'8(_1 ;)E 0.6 (- (9)08'0(_0 ; 08 (-
(lexical only) ) ) 1.5) ) ) 1.0)
w/0 interaction 88.6 + 90.1 =+
(concatenation (8)95'2(_0 Sj)[ 0.6 (- 308'3(_0 Sj)[ 0.7 (-
) ) ) 1.0) ) ) 0.7)
w/o local 89.0 + 90.3 +
auxiliary 396'6( 0 :)E 05 (- 308'4( 0 :)E 08 (-
module S 0.6) e 0.5)
wlo 89.5 x| 300 =lgys 4| 904 £
consistency 0.5 (-0.5) 0.6 (- 0.8 (-0.3) 0.7 (-
term (L,) =20 0.6) © U201 0.9
w/o local-
global 897 =+ 3961 (i 904 307'5 (i
consistency 0.6 (-0.3) 0'5 0.9 (-0.4) 0'3
term (Ly,) ) 3)
w/o dual- 87.8 + 89.6 +
channel  + 387'4(_1 ;)E 0.7 (- 399'8(_1 Oj)t 08 (-
interaction ) ) 1.8) ) ) 1.2)

Source: created by the authors

When the dual-channel representation and the
interaction module are removed simultaneously, the
model performance declines most significantly. The
WMT Macro-F1 drops by 1.8 percentage points. This
indicates that the two modules have complementary
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roles in the model: the dual-channel representation
can separately model lexical and syntactic
information, while the interaction module further
promotes the integration of the two types of
information. When lexical and syntactic information
can be fully combined, the model can achieve better
detection results.

In summary, the improvement in model
performance mainly comes from the dual-channel
representation and cross-channel interaction module.
The local auxiliary mechanisms, L, and Lyg further
utilize local information and strengthen the
connection between local prediction results and
sentence-level judgments.

4.7 Parameter Sensitivity Analysis

To analyze the impact of auxiliary target weights on
the model performance, this paper further conducted
a parameter sensitivity analysis on A4, A,, A3, and p.
These parameters are respectively used to regulate
local  auxiliary  supervision,  cross-channel
consistency, local and global consistency, and the
similarity ~ between lexical and  syntactic
representations. During the experiment, only one
parameter was adjusted at a time, while the other
parameters remained unchanged. The specific results
are shown in Table 5.

As shown in Table 5, the selected setting A; =
0.5, A4, =01, A3 = 0.2, and p = 0.5 obtains the
highest Macro-F1 among the tested settings on both
datasets. The experimental results show that different
auxiliary weights can have a certain impact on the
model performance, but the overall change range is
relatively limited. For A;, a lower value weakens the
information supplementation provided by local
auxiliary supervision, while a higher value may cause
the model to overly focus on local patterns in weak
labels, increasing noise interference.

The changes of A, and A; follow a similar pattern.
When the cross-channel consistency weight is too
low, the connection between lexical and syntactic
information is weakened; when the weight is too
high, the two channels may tend to be overly
consistent. Changes in local and global consistency
weights also affect the extent to which the model uses
local information. When it is too low, it is difficult to
exert the auxiliary role of local predictions, and when
it is too high, the model may tend to rely on local
evidence.

From the experimental results, it can be seen that
when the target similarity p = 0.5, the model
performs the best. At this point, the Iexical
representation and syntactic representation have a
certain correlation while retaining their respective
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characteristics. Overall, these results support the
parameter setting used in the main experiments,
while also indicating that the auxiliary constraints
should remain supportive rather than dominant in the
overall objective.

Table 5. Parameter Sensitivity Analysis

Settin WMT UNPC
£ Macro-F1 | Macro-F1
=037 =01L4=020 | go5.07 | 905208
Al=05,12=01,l3=02,p 89.6+0.5 908+07
M =072=014=02p | ¢5 1106 | 9042009
Al = 0.5,12 = 005,).3
=02,p |893+06 | 90407
=0.5
Al=05,12=02,13=02,p 89.0 + 0.8 903+0.8
Al=05,12=01,13=01,p 892 +0.5 90.6+0.7
Al=05,12=01,13=04,p 88.8 +0.7 902+0.9
11:05,12:01,13:02,p 89.1+0.6 90.5+0.8
11:05,12:01,13:02,p 88.9+0.7 903+0.8

Source: created by the authors

5 Discussion

The results in Table 2 (Appendix), Table 4, Figure 5,
and Figure 6 suggest that the proposed method
benefits from the joint use of lexical and syntactic
cues. The WMT news domain is a typical case where
dual-channel representation and cross-channel
interaction produce clearer gains. These results
indicate that translationese is associated with
syntactic transfer as well as lexical traces. Compared
with models based on unified textual representations,
the explicit separation and interaction of the two
signals improve discrimination in the present
experimental setting, which is consistent with recent
studies that have proposed the role of structural
evidence in translated-text analysis [14], [20].

Based on the ablation results and training curves,
the dual-channel representation and interaction
modules are mainly responsible for the performance
improvement. The local auxiliary mechanism, local-
global consistency constraint, and cross-channel
consistency constraint also provide relatively small
but stable gains. These auxiliary constraints appear to
refine the representation space during optimization
by linking local evidence, global prediction, and
lexical-syntactic alignment. These findings suggest
that translationese signals vary across lexical,
syntactic, and local levels [6].
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At the same time, the results show that one
challenge in translationese detection is the fuzzy
boundary between translationese and formal written
language. The proposed method shows limited
improvement over the strong syntax-enhanced
baseline on the UNPC dataset. Based on the error
analysis, the model may mistakenly identify some
standardized formal expressions as translationese
features. Therefore, when conducting translationese
detection in formal text scenarios, it is necessary to
further consider the expression differences between
different language domains. Existing studies have
also pointed out that the degree of manifestation of
translationese phenomena is influenced by the
system, text type, and language level [16], [19].

The robustness experiments show that the
proposed method maintains stable performance on
unperturbed data and only experiences a certain
degree of performance decline after adding input
perturbations. When some lexical or syntactic
information is affected, the other channel and the
fusion module can still provide auxiliary information.
However, this method mainly mitigates performance
loss caused by noise and cannot completely eliminate
the impact of input changes.

This study still has certain limitations. The
existing experiments rely on public language
corpora, and different datasets vary in terms of text
sources, writing styles, and category distribution.
These factors may affect the comparison of model
performance and the interpretation of results. The
local auxiliary module has not yet been further
verified through the segment-level data annotated by
humans. Additionally, in formal texts, there may still
be confusion between the features of translationese
and the standardized expressions. Differences in text
structure at different levels may also affect the model
performance analysis.

The current efficiency assessment has not fully
considered the additional computational cost brought
about by the preprocessing of syntactic information.
Future research can further expand the data range of
different types of texts, introduce more granular local
annotations, and explore more suitable detection
methods for formal language domains.

6 Conclusion

This paper focuses on the detection problem of
Chinese translationese. It focuses on identifying the
expression features left during the translation process
by using different language information in the text.
In response to the problem that existing methods have
difficulty in simultaneously utilizing lexical,
syntactic, and local expression information, this
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paper constructs a dual-channel Transformer model,
enabling different types of language features to work
together in the detection process.

Experiments are conducted on the WMT Chinese
news test set and the UNPC Chinese formal text
corpus. The results show that the proposed method
achieves better performance on the main WMT
dataset, outperforming the strongest syntax-enhanced
baseline in Accuracy, Macro-F1, and ECE. In the
UNPC official text data, the model's performance
was close to existing better methods, but the
improvement was not significant. It may be because
official texts are usually processed with stricter
language norms, and some expressions are similar to
those in translated texts, increasing the difficulty of
judgment. In contrast, differences in word choice and
sentence expression are more obvious in news texts,
making it easier for the model to detect translation
features.

Further analysis revealed that considering both
word usage and sentence structure information
simultaneously is an important reason for the model's
better performance. The model also incorporates
local expression features within sentences for
judgment, making the prediction results more stable.
However, experiments also showed that when
official texts use relatively fixed and standardized
expressions, the model may still misidentify them as
translated texts. This indicates that differences
between different writing styles remain an important
factor affecting the detection results.

This paper verifies the feasibility of detecting
translationese by integrating lexical, sentence
structure, and local expression information. The
experimental results show that considering different
levels of language characteristics comprehensively
can provide more basis for the identification of
translationese. This method has certain application
value in tasks such as screening machine translation
results, assisting post-editing, and generating text
style analysis.

Future research can further expand the data scope
to cover more fields and text types, and enhance the
annotation of local language features. At the same
time, it is necessary to optimize the processing
method of syntactic information and reduce
additional computational costs during model
operation.
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APPENDIX
Table 2. Main Performance Comparison
Method WMT Accuracy | T Macro- | wn i peg) UNPC UNPC Macro- | ;\pe gCE|
F1 Accuracy F1
SVM +
Handcrafted 79.8+1.0 79.0+1.2 0.088+0.008 | 82.1+1.1 813+1.0 0.096 + 0.007
Features
BIiLSTM 83.6+0.9 829<1.0 0.070 £0.006 | 84.8+ 1.0 842+1.1 0.075 £ 0.006
E(I’E(];‘)RT“ (fine- | ¢33 0.6 87.9+0.7 0.044+0.004 | 89.4+0.8 88.9+0.8 0.048 = 0.004
Syntax-Aware | g 4 | () 7 88.8+0.6 0.037+0.003 | 91.0+0.8 90.7+0.8 0.040 = 0.004
Transformer
Proposed 90.0 £0.5 89.6£0.5 0.034+0.003 | 90.8+0.8 90.8 0.7 0.038 + 0.004
Method

Note: Lower ECE indicates better calibration. The p-values (two-tailed t-test) comparing the proposed method with the Syntax-Aware
Transformer are as follows: WMT Accuracy 0.041, WMT Macro-F1 0.014, WMT ECE 0.052; UNPC Accuracy 0.184, UNPC Macro-F1
0.087, UNPC ECE 0.061.

Source: created by the authors
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