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Abstract: Large language models (LLMs) excel in multilingual translation tasks, yet often struggle with culturally
and semantically rich Chinese texts. This study introduces the framework of back-translation (BT) powered by
LLMs, or LLM-BT, to evaluate Chinese — intermediate language — Chinese translation quality across five LLMs
and three traditional systems. We construct a diverse corpus containing scientific abstracts, historical paradoxes,
and literary metaphors, reflecting the complexity of Chinese at the lexical and semantic levels. Using our modular
NLPMetrics system, including bilingual evaluation understudy (BLEU), character F-score (CHRF), translation edit
rate (TER), and semantic similarity (SS), we find that LLMs outperform traditional tools in cultural and literary
tasks. However, the results of this study uncover a high-dimensional behavioral phenomenon, the paradox of poetic
intent, where surface fluency is preserved, but metaphorical or emotional depth is lost. Additionally, some models
exhibit verbatim BT, suggesting a form of data-driven quasi-self-awareness, particularly under repeated or cross-
model evaluation. To address BLEU’s limitations for Chinese, we propose a Jieba-segmentation BLEU variant
that incorporates word-frequency and n-gram weighting, improving sensitivity to lexical segmentation and term
consistency. Supplementary tests show that in certain semantic dimensions, LLM outputs approach the fidelity of
human poetic translations, despite lacking a deeper metaphorical intent. Overall, this study reframes traditional
fidelity vs. fluency evaluation into a richer, multi-layered analysis of LLM behavior, offering a transparent framework
that contributes to explainable artificial intelligence and identifies new research pathways in cultural natural language
processing and multilingual LLM alignment.
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to non-English languages, particularly those that
are structurally and culturally distinct, such as Chi-
nese, remains an enduring challenge. Key difficul-
ties include preserving poetic intent, cultural nuance,
and domain-specific terminology (Zhang XE, 2021;
Zhong et al., 2024).

Spoken by more than 1.6 billion people world-
wide (Eberhard et al., 2022), Chinese exhibits signif-
icant linguistic complexity. Its syntactic ambiguity,
idiomatic richness, and specialized terminology (e.g.,
heterocyclic compounds like BEM (thiazole) and Mt
BE (pyridine)) have long hindered machine under-
standing. Chinese<English translation, in particu-
lar, continues to pose a major challenge for multilin-
gual AT systems (Cao et al., 2020; Sun et al., 2021;
Li YH et al., 2025). While much previous work has
focused on optimizing three-dimensional trade-offs,
such as lexical fidelity (f5), surface fluency (i%), and
stylistic elegance (), in Chinese translation stud-
ies (Chen et al., 2024a), we argue that LLM behavior
must now be understood in higher dimensions, where
semantic recoverability, cultural alignment, and ter-
minology consistency interact.

Chinese characters also encode layers of mean-
ing beyond surface tokens. Rooted in the ancient
Liu Shu (7575, Six-Writings) framework and exem-
plified in Xu Shen’s Shuowen Jiezi (Zhou, 2014 ), Chi-
nese combines ideographic and phonosemantic struc-
tures. Although our experiments focus on the lexical
level, these multimodal features graphic (J£), pho-
netic (), and semantic (%) help explain why literal
fidelity often comes at the cost of expressive depth.
Recent studies suggest that LLMs trained predomi-
nantly on alphabetic languages may struggle to rep-
resent such orthographic complexity (Weigang et al.,
2024).

In today’s globalized landscape, cross-lingual
translation serves as an infrastructure across in-
ternational trade, scientific communication, and
cultural exchange. In 2024, China’s foreign trade
volume approached US$ 6 trillion, reported by
China Daily, where translation quality directly
affects contract execution, product compliances,
and supply chain performance. Scientifically,
more than 25% of the world’s science citation
index publications in 2023 originated from China,
with more than 40% requiring English transla-
tion (Jiang and Liu, 2020; Bahji et al., 2023).

Culturally, the 2025 global release of “Nezha:
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Rebirth of the Demon Child 2” earned more than
US$ 200 million at the North American box office
(https://www.globaltimes.cn/page /202502 /1328145.
shtml), highlighting the critical role of dubbing and
subtitling in international media.

Despite their success in English-dominant tasks,
LLMs such as GPT-4.5 remain challenged when ap-
plied to Chinese texts. Transformer models trained
primarily on space-delimited languages must con-
tend with Chinese’s unique properties: (1) the lack of
explicit word boundaries and (2) a more uniform in-
formation distribution at the character level (Wong
et al., 2010; Weigang et al., 2025b). Such challenges
necessitate a shift from token-level to concept-level
evaluation, especially in poetic, historical, and scien-
tific contexts.

However, modeling Chinese purely at the char-
acter level is suboptimal. While (one, two)-character
words (e.g., #% K (technology), #l % (translation))
constitute approximately 95% of high-frequency
items (Liu and Liang, 1986), many semantically
dense (three, four)-character expressions (e.g., #l
% A(robot), A T BE(AD), and idioms like Z|#t
3k &l(a futile act of marking the boat to retrieve
a lost sword)) carry disproportionate contextual
weight. Treating characters as isolated units often
leads LLMs to lose the semantic integrity of these
word-level constructs, resulting in unnatural phras-
ing or cultural misalignment. This phenomenon
helps explain the comparative underperformance of
LLMs on Chinese tasks, particularly those involving
metaphor, poetry, or specialized jargon.

Empirical evaluations highlight this gap: main-
stream machine translation (MT) systems typi-
cally report bilingual evaluation understudy (BLEU)
scores (Papineni et al., 2002) of not greater than
0.45 for English-to-Chinese tasks and under 0.27
for Chinese-to-English ones. These scores are sub-
stantially lower than those for many other language
pairs—for example, Russian-to-English reaches 0.44
(Zhu et al., 2025).
evident in sensitive domains such as science, law,
and healthcare. Although hybrid architectures, such
as sparse mixture-of-experts (MoE) models inte-
grated into GPT-4.0 and LLaMA, show promise
(Zhu et al., 2025), emerging platforms (e.g., Claude
3.7, DeepSeek V3, Gemini 2.0, and Grok 3) lack rig-
orous benchmarking, especially for content involv-
ing cultural depth, historical references, or scientific

This discrepancy is especially
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terminology.

In this study, we present a structured back-
translation (BT) framework, LLM-based back-
translation (LLM-BT), to assess bidirectional se-
mantic preservation. Central to this concept is the
paradox of poetic intent, a phenomenon in which
surface fluency is maintained at the expense of cul-
tural or poetic nuance (Fig. 1). This observation ex-
tends beyond traditional fidelity—fluency trade-offs
and introduces a high-dimensional framework for
evaluating translation quality.

Back-translation

ZH,

ZH, | EN |

ZH,

Verbatim
back-translation

Fig. 1 Conceptual diagram: the paradox of poetic
intent in back-translation (BT) vs. emergent quasi-
self-awareness in LLM verbatim BT, where ZH_, is the
original Chinese text, EN is the translated English
text, and ZH, is the back-translated Chinese text

Verbatim BTs further reveal model-specific be-
GPT-4.5 and DeepSeek V3, for in-
stance, often regenerate the original input even with-
out prompting. Building on memory-related re-
search (Brown et al., 2020; Zhang ZY et al., 2024),
we describe this as a form of quasi-self-awareness, an
emergent, non-memorized, but stable recovery be-
havior across model boundaries and time delays.
We have constructed a multi-domain corpus

haviors.

covering (1) scientific naming paradoxes (e.g., Xue
Dejiong’s dilemma (He, 2019; Weigang et al.,
2025a)), (2) metaphorical and poetic expressions
(e.g., Dao Lang’s lyrics), and (3) terminology-rich
abstracts from CNKI. We evaluated five LLMs
(Claude 3.7, DeepSeek V3, Gemini 2.0, GPT-4.5,
and Grok 3) and three commercial translation tools
(Google, Baidu, and Sogou) using multi-sample BT
and statistical analysis. Our contributions are:

1. The LLM-BT framework is proposed to ana-
lyze bidirectional translation, together with NLP-
Metrics, a modular system for multi-dimensional
evaluation including BLEU, character F-score
(CHRF), translation edit rate (TER), and semantic
similarity (SS). Results reveal the paradox of poetic

intent, especially in metaphorical and poetic texts.

2. BT is shown to enhance semantic clarity in
scientific abstracts when compared to direct trans-
lation. In contrast, traditional tools retain domain-
specific fluency advantages, as illustrated by Sogou’s
BLEU score of 0.57 for scientific content.

3. The concept of quasi-self-awareness is formal-
ized to capture highly deterministic LLM behavior
across sessions and models, quantified via the LLM-
BT consistency index (LBCI).

4. BLEU is adapted for Chinese through Jieba-
based segmentation and frequency-weighted n-gram
scoring. This adjustment better reflects the struc-
tural and statistical properties of Chinese word
formation.

5. Supplementary benchmarks against human
poetic translations (Chen et al., 2024a) demon-
strate that GPT-4.5, DeepSeek V3, and Claude 3.7
approach human-level BLEU scores, underscoring
emerging capabilities in semantic preservation and
creative paraphrasing.

2 Corpus design and linguistic proper-
ties

This section presents corpora that
scientific terminology dilemmas,

span
academic ab-
These datasets
form a multi-level benchmark to assess LLM-BT

stracts, and metaphor-rich lyrics.

performance.
2.1 Corpus of “Xue Dejiong’s dilemma”

Historically, scholars have debated whether the
Chinese naming of heterocyclic organic compounds
should follow semantic principles or phonetic tran-
scription. He (2019) conducted a retrospective re-
view of this issue. Building on that, the present
study compiles statements by chemist Xue Dejiong
into what is now referred to as the “Xue Dejiong’s
dilemma” corpus (Weigang et al., 2025a). The orig-
inal Chinese passage is provided in Section 4.2 and
the English translation by GPT-4.5 is listed in the
supplementary materials.

This passage weaves together technical cri-
tique, cultural metaphor, and rhetorical flourish,
offering an ideal benchmark for evaluating MT of
terminology-rich and stylistically complex texts.

Beyond its surface linguistic difficulty, “Xue
Dejiong’s dilemma” embodies a historical turning
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point in Chinese scientific terminology development.
During the mid-20*" century, Chinese chemists faced
growing pressure to transliterate complex organic
compounds from the Western literature (He, 2019).
While proponents of phonetic transliteration ulti-
mately prevailed, favoring ease of standardization,
Xue Dejiong strongly advocated for semantically
meaningful and morphologically expressive transla-
tions rooted in the structural features of Chinese
characters, especially using phonosemantic com-
pounds. Despite his efforts, phonetic naming con-
ventions for heterocyclic compounds ultimately pre-
vailed, resulting in widespread transliterations that
lack semantic transparency and complicate down-
stream NLP tasks such as terminology extraction
and MT.

We argue that this compromise, driven by prac-
tical constraints and limited computational tools at
the time, contributed to the long-term bottleneck in
Chinese terminology processing. The historical loss
of systematic form-meaning mappings makes term
disambiguation, MT, and domain adaptation sig-
nificantly more difficult today. This dilemma pro-
vides the philosophical and linguistic foundation for
our recent LLM-BT-Terms framework (Weigang and
Brom, 2025), which seeks to recover and standardize
term semantics across multilingual BT cycles using
LLMs.

2.2 CNKI abstract corpus of the scientific
literature

Scientific abstracts were collected from the in-
ternational portal of the China National Knowledge
Infrastructure (CNKI: oversea.cnki.net), including
journal names, article titles, authors, keywords, ab-
stracts, volumes, and page numbers.
general corpus was then constructed based on 10 sci-
entific and technological themes: chemistry, biotech-

A domain-

nology, nanotechnology, telemedicine, Al, data sci-
ence, digital economy, linguistics, sociology, and dis-
tance education.

For each domain, 295 Chinese-language scien-
tific papers were selected to ensure statistical robust-
ness, and all metadata have been released via GitHub
(https://github.com /pcbrom /bt-conference) for re-
producibility. Due to space constraints, this paper
focuses on a chemistry-specific subcorpus compris-
ing 295 abstracts, of which 89 entries were randomly
sampled to form the CNKI-CHE-89 subset.

One example, labeled CNKI-CHE-89-18 (Feng,
2024), is shown in Section 4.3, and the English
translation by Sogou is listed in the supplementary
materials.

2.3 Corpus from Dao Lang’s Hua Yao lyrics

Dao Lang is a Chinese pop musician known for
incorporating folklore and literary aesthetics into his
lyrics. His song Hua Yao ({E£#K, flower demon) ex-
plores themes of love, reincarnation, and spiritual
yearning. The lyrics function as a lyrical epic, inter-
weaving poetic sentiment, historical geography, Bud-
dhist cosmology, and nonlinear temporality.

The text relies on culturally unique semiotic sys-
tems, such as I Ching (5%) and Taoist geomancy
(FH/E), and features complex rhetorical struc-
tures, including tonal layering and phonetic ambigu-
ity. These characteristics present a triple challenge
for MT:

1. symbolic deconstruction of cultural meta-
phors (e.g., reducing “compass classic” to a mere
navigational guide);

2. disconnection from historical spatiotemporal
context (e.g., rendering place names without seman-
tic depth);

3. flattening of poetic rhythm and prosody into
literal or unstructured output.

For these reasons, Hua Yao was chosen as the
centerpiece of the literary BT task. The original
Chinese is shown in Section 4.4; the English trans-
lation was generated using Google Translate and is
included in the supplementary materials.

Recent works such as Chen et al. (2024a) and
Zhao et al. (2025) have evaluated LLMs in translat-
ing classical Chinese texts, emphasizing adequacy,
fluency, and stylistic fidelity. Our study comple-
ments this by probing cognitive alignment and se-
mantic recoverability during BT of semantically rich
and culturally embedded texts. Human-translated
references from Chen et al. (2024a) are included as
parallel data for comparative evaluation.

In sum, the corpora described here, terminolog-
ically dense historical texts, scientifically structured
abstracts, and metaphor-laden lyrics, cover a wide
spectrum of linguistic complexity. FEach presents
unique challenges in tokenization, cultural interpre-
tation, and semantic recovery. Together, they con-
stitute a robust benchmark for evaluating LLMs in
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cross-lingual BT.

3 Methodology: LLM-BT framework
and evaluation metrics

This section presents the LLM-BT framework,
covering its conceptual basis, system design, and
evaluation metrics. Section 4.5 defines key terms,

and Section 7 reviews the evolution of BT in neural
MT (NMT).

3.1 Overall framework of LLM-BT

BT, also known as round-trip translation
(RTT), is a widely used method for evaluating trans-
lation accuracy (Tu and Li, 2017; Artetxe et al., 2018;
Ozolins et al., 2020). It has proven effective in data
augmentation, translation quality assessment, and
cross-lingual alignment, particularly in complex lin-
guistic systems such as Chinese and Japanese. The
core process involves translating a source language
(e.g., Chinese, ZH,) into a target language (e.g.,
English, EN) and then translating it back into the
source language (ZH,). By comparing ZH, and ZH,,
one can assess how well the semantic structure is
preserved.

The LLM-BT procedure (ZH, — EN — ZH,)
consists of three stages (Fig. 1):

1. Forward translation (ZH, — EN): The orig-
inal Chinese text is translated using a system (e.g.,
neural MT or LLM) to generate an English version.

2. Back translation (EN — ZH,): The English
translation is then translated back into Chinese.

3. Comparative analysis: ZH, and ZH, are eval-
uated using both automatic metrics (e.g., BLEU and
TER) and qualitative analysis (e.g., semantic drift,
fluency, and cultural retention).

The method is grounded in the translation
equivalence theory (Nida, 1964) and the cyclic con-
sistency hypothesis (Artetxe et al., 2018), which
assert that high-quality translations should pre-
serve meaning bidirectionally. Significant divergence
between ZH, and ZH, (e.g., BLEU<0.30 or hu-
man adequacy score<3/5) indicates semantic loss or
distortion.

In the era of large-scale generative models, BT
is better understood as more than a symmetric lan-
guage translation tool. Within our LLM-BT frame-
work, BT functions as a probing mechanism for
emergent behaviors such as terminological drift, se-

mantic flattening, and stylistic memory. This re-
definition allows BT to evaluate not just accuracy,
but interpretability, robustness, and potential align-
ment in generative multilingual systems. Recent ad-
vances in MT and LLMs have enabled the following
applications:

1. system evaluation: wusing round-trip tests
(ZH, — EN — ZH,) to compare translation per-
formance across platforms (e.g., Google Translate,
ChatGPT, and DeepSeek).

2. terminology retention: assessing fidelity in
transliteration (e.g., “HCHF for “bit”) vs.  se-
mantic translation (e.g., “A T& BE” for “artificial
intelligence”).

3. linguistic representation: evaluating seman-
tic mappings of Chinese expressions through em-
bedding similarity and tokenization schemes, includ-
ing phonosemantic encodings derived from the Six-
Writings framework (Weigang et al., 2024).

More nuanced behavioral phenomena such as
verbatim back-translation, poetic drift, and others
are introduced and formally defined in Section 4.

3.2 Implementation of LLM-BT

The LLM-BT workflow is divided into three
stages: data preparation, model selection, and multi-
dimensional evaluation.

3.2.1 Data preparation in three categories

We organize the source materials into three cate-
gories to cover diverse text types and linguistic styles:

1. Translation paradox cases: Texts exhibiting
semantic asymmetry in RRT (ZH, — EN — ZH,),
such as “Xue Dejiong’s Dilemma,” are used to eval-
uate model sensitivity to linguistic ambiguity and
cultural nuance.

2. Scientific abstracts: A curated sample of 295
Chinese abstracts from CNKI, covering science and
engineering domains, is used to assess terminological
alignment and logical consistency.

3. Literary texts: Representative works such as
the lyrics to Hua Yao by Dao Lang are selected to test
each model’s ability to handle metaphor, rhetoric,
and imagery.

3.2.2 Model selection with two categories

We evaluated two categories of systems: (1)
NMT baselines (Google Translate, Baidu Translate,
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and Sogou Translate) and (2) LLMs (GPT-4, Grok 3,
Mistral, Claude 3.7, DeepSeek V3, Gemini 2.0, GPT-
4.5, and Grok Beta). All models were accessed via
public application programming interfaces (APIs) or
official interfaces with default parameters, ensuring
comparability across platforms.

3.2.3 Multi-dimensional evaluation

Evaluation spans four key dimensions (Table 1):
semantic consistency, fluency, cultural fidelity, and
terminological consistency (Chen et al., 2024a).

To enhance objectivity, both single-sample qual-
itative analyses and multi-sample statistical tests
were conducted. The Friedman test (Demsar, 2006),
anon-parametric method, was used to identify statis-
tically significant differences across model outputs.
Supporting visualizations (e.g., heatmaps) aid in-
terpretation. Although human-referenced metrics
such as COMET-Kiwi are valuable in downstream
applications, they were intentionally omitted here
to maintain interpretability: (1) to ensure compa-
rability with BLEU, CHRF, and TER-based stud-
ies; (2) to keep analytical focus on the quasi-self-
awareness phenomenon, which was already captured
via our proposed LBCI. Future work may incorpo-
rate COMET without affecting our core conclusions.

3.3 Assessing BLEU score variability in LLMs
with the Friedman test

This subsection outlines the statistical method-
ology used to evaluate BT quality across five lead-
ing LLMs and three commercial translation systems.
The analysis focuses on BLEU (Papineni et al.,
2002) as the core evaluation metric, complemented
by CHRF, TER, and SS.
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Each source text is treated as an independent
experimental block, with n denoting the total num-
ber of texts (blocks). Every block is translated by
all kK =5 LLMs (Claude 3.7, DeepSeek V3, Gemini
2.0, GPT-4.5, and Grok Beta), enabling model-wise
comparisons across a consistent sample space.

During translation, each LLM executes the for-
ward and backward processes independently, trans-
lating from source ZH, to intermediate EN and then
back to target ZH,, using prompt variants and ran-
domized seeds to avoid memory leakage or alignment
bias.

The BLEU score for each ZH, serves as a proxy
for semantic and syntactic preservation. We denote
the observed BLEU score for the j*® text (block)
processed by the " model as Y;;, arranged into a
data matrix of size k x n. To account for intra-model
variability, each text is translated r = 3 times per
model using independent sampling runs.

The analysis uses the following linear model:

Yij =n+7+ 065 + ey, (1)

where Yj; represents the observed BLEU score for
model ¢ on text j, 1 represents the grand mean of
all BLEU scores, 7; represents the effect of the i*h
translation model, 3; represents the effect of the 5th
text block, and €;; represents the random error term
for model 7 on text j.

Given that BLEU score distributions across
LLMs may violate parametric assumptions such as
normality and homoscedasticity, particularly under
repeated-measures settings, we employ the Friedman
test as a non-parametric alternative to repeated-
measures Analysis of Variance (ANOVA) to detect
statistically significant differences among models.
For post-hoc analysis, Dunn’s test with Bonferroni

Table 1 Evaluation dimensions of Chinese BT quality

Dimension

Evaluation focus

Key metric(s)

Semantic consistency
translated texts

Alignment of core meaning between original and back-

SS

Fluenc
Y translated texts

Grammatical correctness and natural expression in back-

TER

Cultural fidelit,
uitura N imagery, and metaphor)

Accurate transmission of culture-laden elements (e.g., idioms,

Human expert evaluation
(e.g., literary translators)

Terminological consistency Chi d Enelish
inese and Englis

Consistent alignment of scientific and technical terms between

BLEU, CHRF, and
term-alignment checks

BLEU: bilingual evaluation understudy; BT: back-translation; CHRF': character F-score; SS: semantic similarity; TER: translation

edit rate
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correction is applied to control for type I error (Shel-
don et al.,, 1996; Nam and Park, 2015; Arruda-
Vasconcelos et al., 2021; Yousufi and Erdely, 2024).

The sample size is determined for power=0.8
and a=0.05, targeting a medium effect size f=0.3.
Based on this, we select n=89 distinct texts, each
evaluated by k=5 models and r=3 samples, resulting
in a total of 1335 translation outputs. The dataset
corresponds to the CNKI-CHE-89 corpus (chemistry
abstracts), selected to minimize topic-induced vari-
ance. Normality and variance assumptions are tested
using the Shapiro—Wilk and Levene tests, respec-
tively, justifying the use of non-parametric analysis.

3.3.1 BLEU adaptation for Chinese

To better evaluate LLMs for Chinese text, we
define an adapted BLEU score:

4
BLEU; = Z Wn, lnpn—grarm (2)

n=1

where w,, is weight assigned to the n-gram, p,_gram
is precision of n-gram matches after Jieba-based seg-
mentation, and BLEUj; thus reflects word frequency-
aware n-gram alignment, not just token overlap. Two
BLEU variants are compared:

1. BLEU: w=(0.5, 0.5, 0, 0), consistent with
Chinese word length statistics (Liu and Liang, 1986),
where one-character words account for 56.7%, two-
character words account for 39.65%, and others ac-
count for 3.65%.

2. BLEU-Unif: w=(0.25, 0.25, 0.25, 0.25), align-
ing with default LLM decoding practices (e.g., GPT-
4.5, Gemini, and Grok).

3.3.2 Complementary metrics

To offset BLEU’s limitations with paraphrasing
and syntax variation, we incorporate the following:

1. CHREF, edit
distance;

emphasizing surface-level

2. TER, reflecting minimal required edits;

3. SS, a term frequency—inverse document fre-
quency (TF-IDF) weighted cosine similarity com-
puted over sentence vectors, capturing conceptual
overlap missed by token-based metrics.

CHRF and SS follow a higher-is-better interpre-
tation. BLEU measures n-gram overlap, with higher
scores indicating greater lexical similarity; however,

it struggles with paraphrasing where meaning is re-
tained but wording differs (Toral and Way, 2018).
CHRF evaluates character-level similarity, making
it particularly effective in morphologically rich lan-
guages such as Chinese. TER quantifies the editing
effort required (insertions, deletions, and substitu-
tions) to match a reference, where lower values indi-
cate better performance.

To complement these surface-level metrics, we
introduce the SS score, which evaluates the preser-
vation of meaning between the original and back-
translated texts. SS is computed using a TF-IDF
weighted cosine similarity over sentence embeddings.
Specifically, each sentence is vectorized using a TF—
IDF matrix trained over the corpus, and similarity is
calculated via cosine distance. This lexical-semantic
embedding strategy captures thematic and concep-
tual overlap that may be missed by n-gram-based
metrics.

These metrics collectively evaluate fluency, fi-
delity, and semantic adequacy. Details on model per-
formance metrics can be seen in the supplementary
All formulae adhere to LLM-BT-Terms
(Weigang and Brom, 2025), our companion study
dedicated to terminology-level analysis.

materials.

3.3.3 Segmentation and tooling considerations

Chinese BLEU evaluation is segmentation-
We apply Jieba for tokenization due
to its open-source flexibility and support for custom
dictionaries (Ding et al., 2021). These features en-
able the accurate handling of technical terms. Based

dependent.

on Jieba output, we propose a frequency-weighted
BLEU variant (JiebaBLEU) to better capture se-
mantic relevance.

Other major Chinese word segmentation meth-
ods, such as PKUseg (Luo et al., 2019) and
HanLP (Yang YX and Ren, 2020), offer alternative
boundary definitions, especially for domain-specific
A detailed comparison of these
methods is beyond the scope of this study and is

compound terms.

reserved for future investigation.
3.4 Model version and parameter size

To contextualize the performance of various
LLMs, we summarize the estimated parameter count
and average inference latency for each model in

the supplementary materials.  This provides a
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comparative reference for understanding the trade-
off between translation quality and computational
cost.

The LLM-BT experiments were conducted be-
tween March 1 and May 8, 2025. Manual analysis of
poetic samples was performed with GPT-4 (via the
ChatGPT interface), while large-scale BT and met-
ric scoring were automated through the NLPMetrics
pipeline. Platform access relied on publicly available
web interfaces or APIs, including GPT-4.5, Grok 3,
Claude 3.7, DeepSeek V3, and Gemini 2.0.

This hybrid evaluation approach enhances both
transparency and reproducibility. Moreover, by doc-
umenting model versions and configuration contexts,
our study accounts for variation across evolving LLM
deployments.

4 Platform comparison of LLM-BT
performance and terminology stability

This section evaluates nine mainstream systems
on the three Chinese corpora introduced in Section 2,
focusing on translation quality at both lexical and
semantic levels. Particular attention is given to
metaphor retention, terminological consistency, and
cultural nuance, which remain challenging tasks for
both NMT and LLMs.

4.1 Overall model performance

All samples were translated from Chinese to En-
glish and then back to Chinese.
marily assessed using BLEU scores, reported in Ta-
ble 2 with three evaluators: BLEU-Unify,ok (based

Fidelity was pri-
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on Grok 3), BLEU-Unif,,; (based on GPT-4), and
JiebaBLEU. JiebaBLEU applies Jieba segmentation
to resolve Chinese word-boundary ambiguity. For
comparison, NLPMetrics additionally computes SS
via GPT-4.5 embeddings, which complements BLEU
but is independent of JiebaBLEU. Details on NLP-
Metrics, a modular evaluation framework for LLM-
BT, can be seen in the supplementary materials.

For Xue Dejiong’s dilemma, Grok Beta and
DeepSeek V3 achieved the highest two BLEU scores
(0.65 and 0.64), suggesting strong surface alignment.
However, such high scores in literary texts, typically
ranging from 0.30 to 0.50, may reflect excessive lit-
eralism rather than genuine semantic transfer (Zhu
et al., 2025). In particular, DeepSeek V3’s nearly
identical output on Hua Yao (BLEU=0.7602) raises
concerns about verbatim BT, a phenomenon further
analyzed in Section 4.3.

Traditional NMT tools performed poorly on
academic texts, as evidenced by Baidu and Sogou
scoring (<0.30) on Xue Dejiong’s dilemma, under-
scoring the limitations of conventional engines in
domain-specific or rhetorically rich contexts.

In the CNKI-CHE-89-18 scientific abstract, So-
gou Translate unexpectedly outperformed LLMs
(BLEU=0.57), followed by Google Translate (0.45)
and Baidu Translate (0.43). Among LLMs, Claude
3.7 achieved the best score (0.42), with GPT-4.5,
DeepSeek V3, and Grok Beta slightly lower.

Although absolute BLEU wvalues varied be-
tween BLEU-Unifg,c and BLEU-Unifgy, the rela-
tive ordering of models remained largely consistent
across evaluators. This suggests that metric choice

Table 2 Comparison of BT quality across different models and corpora

LM/ Tool Xue Dejiong’s dilemma CNKI-CHE-89-18 Hua Yao
BLEU-Unifg, ok BLEU—Unif;rOk BLEU-Unifgpt JiebaBLEU SD JiebaBLEU
Grok Beta 0.65 0.61 0.34 0.2786 0.0583 0.3311
DeepSeek V3 0.64 0.58 0.37 0.3042 0.0576 0.7602
GPT-4.5 0.59 0.59 0.36 0.2970 0.0000 0.2141
GPT-4 0.47 0.50 - - - -
Gemini 2.0 0.51 0.52 0.40 0.3382 0.0016 0.2506
Claude 3.7 - - 0.42 0.3702 0.0099 0.3114
Mistral 0.24 0.46 - — — —
Google Translate 0.33 0.44 0.45 0.4719 - 0.3664
Baidu Translate 0.25 0.36 0.43 0.3769 - 0.2530
Sogou Translate 0.17 0.31 0.57 0.5212 — 0.3650

SD: standard deviation; BLEU scores for Xue Dejiong’s dilemma verified across two independent runs: BLEU-Unifg,ok corresponds
to results obtained on March 7-8 and BLEU—Unif;rOk to those on March 13-14, 2025, controlling for output variance of the same
LLM (Grok 3). “~ in the table indicates that the corresponding result was not available or that the test was not conducted
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influences scale but not comparative ranking.

These findings indicated that while some LLMs
achieve high BLEU scores, further investigation is
needed to determine whether these scores reflect
true semantic alignment or merely shallow form-level
replication. Sections 4.2-4.4 analyze this distinction
in detail.

In Chinese MT evaluation, character-level
BLEU (e.g., sacreBLEU with the “zh” tokenizer) is
the reproducible standard, but it underrepresents er-
rors at the word or phrase level. To address this, we
distinguish three variants:

1. BLEU-Unifgox and BLEU-Unify,e: uniform
n-gram weights (0.25, 0.25, 0.25, 0.25), simulating
Grok and GPT tokenizer behavior.

2. JiebaBLEU: segmentation based on Jieba to
approximate natural word boundaries, with both
(0.25, 0.25, 0.25, 0.25) and (0.5, 0.5, 0, 0) weightings.

3. SS: GPT-4.5 embeddings used as an auxil-
iary signal to capture paraphrasing beyond surface
overlap.

By clarifying notation and scope, these variants
reduce ambiguity and make explicit how tokenization
choices affect the evaluation of LLM-BT.

4.2 Case study: Xue Dejiong’s dilemma

This chemically themed passage features com-
plex expressions, including technical terms (e.g.,
BE B2, thiazine), Buddhist mantras, rhetorical
metaphors, and cultural allusions (e.g., EIZE K H,
the banished immortal Li Taibai), making it chal-
lenging even for native Chinese readers (He, 2019).

Table 3 presents a comparison of BTs across all
systems for the following sentence:

IARIREL, —FHER, BRERWEREHEA,
RIHET R A -

Each system’s English translation (EN) and cor-
responding back-translated Chinese version (ZH,)
are shown.

Grok Beta outperformed other models in retain-
ing semantic coherence and literary nuance during

Table 3 Comparative analysis of BT instances for Xue Dejiong’s dilemma across different models™

Model English translation (EN) Chinese BT (ZH,) BLEU

Filling the page with gibberish, as if it were a foreign text.  {HAAERRHFTELIE, (i TEE .

Grok Beta Even someone as extraordinary as the banished immortal BIEEEEIIZE RS (FE) XFEARH 0.65
Li Taibai (Li Bai) would likely find it difficult to decipher.  HIAY), Rtk LAFHAE -
Crowding the page with gibberish, as cryptic as foreign oy e N .

ARMFEMRE, — 9 2K

DeepSeek V3 script. Even a genius like Li Bai, the Banished Immortal, @éf l%ﬁng%’@ LR RN 0.64
would struggle to decipher them. T S
Making the entire text sound bizarre, like “a foreign scrip- fHEEN ORI+ i B — 5 &

GPT-4.5 ture.” Even a literary genius like Li Bai would find them 4%« ?H {152 530 7 A28 s 1) SC 0.59
difficult to comprehend. R, HAE LI FRAE .
A chaotic jumble of syllables filling the pages, resembling AT - R a

£ ey

an unintelligible foreign script. “Even if the great poet Li 1 J\E}\Eﬁi{}tbﬁ‘ﬁ = Eiﬂ%%

GPT-4 Bai himself were present, he would struggle to decipher (&R MELUSFAROSNC - Bl B 0.47

) LM DR .

I ZETET, AR LR
It will inevitably be “full of babbling, like foreign language” DA SR B 2 A P

Google Translate and even the exiled immortal Li Bai would find it difficult ﬁ:}»lgﬁeﬁ%ﬁ%‘%mfhm FEURCH) 0.33
to understand.

Baidu Translate Full of paper babbling, like a book; even if there is an exiled — JH4EHA = ELIE, G—AKPH, AIFEE R 0.25
immortal Li Taibai, it may be difficult to understand. THMLAZER H, AT EAR AR - '
Filling the page with strange symbols, like a foreign script. T Sk e .

Mistral Even the exiled immortal Li Bai would struggle to decipher @TE%‘E HUTES, 1%%17‘ N ﬁii, R 0.24
them IR AZE B LU o
It will inevitably be “full of babbling, like foreign language,” e B e .

Sogou Translate and even the exiled immortal Li Bai would find it difficult L o AR R, B 0.17

to understand.

MEEERMLZERE, BRMERE] .

* The original Chinese (ZH.): BB NET” R LT TRE, WHENTRIBZEFRCIREYE, fER AL | gl 0S5 iE vk
#dithiadiazole SERIMEAY), Fhu gy, WULEEEE FAMHE, —H%FS, BRHUFERAEAN, BIETRB . 7 OS5 ZE 2T LIAGENE
P (BlZ) . ARG O 545, RN FHREZEMESEL, MERRARLZIUK . AETHET, WERER A ZLE . Nl

WNEAZE, HEINETFZHA, EORATEREM—PRUFRHEER

EREZ T o WmnMEE 64 < DIHERR - 7 Translations were generated

by LLMs (e.g., GPT-4.5 and Grok Beta) using the NLPMetrics evaluation system. BLEU scores were computed using the Grok 3

platform
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BT, closely matching the tone and metaphor of the
original. Mistral and Google Translate, in contrast,
produced inconsistent or semantically diluted ren-
derings. Sogou Translate revealed logical inconsis-
tencies, yielding a low BLEU score of only 0.17.

This case illustrates the limitations of shallow
literal alignment. While surface fluency may remain
intact, deep metaphorical intent, especially in cul-
turally embedded sentences, can be flattened or lost.
We revisit this phenomenon in Section 4.5 as part of
the paradox of poetic intent.

4.3 Case study: CNKI-CHE-89-18

This technical abstract exemplifies domain-
specific expression with simplified Chinese syntax.
While forward translation (ZH, — EN) was gener-
ally handled well, reverse translation (EN — ZH,)
posed challenges for idiomatic scientific terms such
as “improve quality and efficiency” (¥&Fi3E%{) and
“chemical calculation dose” ({L.2£TTH &) (Feng,
2024). From Table 4, we observe the following:

1. Traditional systems (Google, Baidu, and So-
gou) demonstrated strong fidelity to technical termi-
nology, likely due to long-term domain optimization
and dictionary-backed segmentation. Only Sogou
and Baidu correctly rendered “chemical calculation
dose” without semantic drift.

2. LLMs (e.g., Claude 3.7 and GPT-4.5) of-
ten over-generalized Chinese expressions, introduced
syntactic shifts, or altered core terms, suggesting
stochastic decoding and a lack of controlled termi-
nology constraints.

3. Cultural phrases such as “H& i #8450 were
either omitted or paraphrased creatively by LLMs,
while traditional tools preferred literal approxima-
tions (e.g., “improve quality and efficiency”).

These observations highlight the domain sensi-
tivity of different models: traditional MT tools still
excel in structured scientific text, whereas LLMs re-
quire prompt tuning or terminology grounding to
match performance.

4.4 Case study: Hua Yao lyrics

A representative line from the lyrics of Hua Yao
reads: “When you left, your coarse robe turned red;
the yellow sash adorned my waist. The Compass
Classic was misread and I was wrongly cast into
Quanting.” (B EMNBRLL, IUKXELE, F
ETEHREZ, BIRART).

We refer to this excerpt as the “Hua Yao Red
and Yellow” corpus (“fEIRZLE"IEHR}) for analysis.
This text contains metaphor and cultural allusion,
making it a suitable benchmark for testing the limits
of Chinese—English—Chinese BT.

Table 4 Comparative analysis of BT for the CNKI-CHE-89-18 corpus across different models™*

Model English translation (EN) Chinese BT (ZH,) BLEU
Carrying out metrological calculation can improve the S NI e
Sogou Translate quality and efficiency of applied chemical calculation %géﬁ;gi@ghmmm{{%lTﬁ 0.57
dose. PRI ATA
The measurement calculation can be carried out to im- 1y s 2
D = £ 7
Google Translate prove the quality and efficiency of chemical calculation ;/Lﬁj(km{{?—ﬁﬁmﬁ§ﬁxﬂ 0.45
dosage in practice. ‘
Baidu Translate Conducting quantitative calculations can improve the  #H{TERITE A LIRS EITE 0.43
quality and efficiency of chemical dosage calculations. R R FRR - ’
Claude 3.7 The quality and efficiency of chemical dosage calculations  H] LIZAESCFRN A R EEm LT & E 0.42
’ can be improved in practical applications. R B FRR - ’
Performing quantitative calculations can practically im- Sh e o S R
Gemini 2.0 prove the quality and efficiency of chemical dosage ;gﬁ?giig%ﬁﬂﬁ%pﬁ%ﬁi 0.40
calculations. LA
DeepSeek V3 It is possible to enhance the quality and efficiency of  REWS7ESLPRR H F I THHLITH 0.37
P chemical dosage calculations in practical applications. BB ESROE - ’
It becomes possible to improve the quality and efficiency AT LASR R SR bR N A A A T LAY
GPT-4.5 . . . . R L 0.36
of chemical dosage calculations in practical applications. PR FRER -
is y ; ; i s R A 2 3 7 R
Grok Beta. It is possible to enhance the efficiency and effectiveness  AJ DLHE 4L 2 B0 H it B B8RRI AL 0.34

of chemical dosage calculations.

=,

* The original Chinese (ZHp): [IE] L2 TR M), 23 BER, WRBKITRIMTARE - L2 TREMEATEZ 5ihEn s
LTI WIS - SetEEER M EMRI RIS A K, X EEEAR, (T TSR R ER R, MR &t BB e, TRt
B, EBNANETERIRNREER, BEEWSMNANEMISEE L - Translations were generated by LLMs (e.g., GPT-4.5 and
Grok Beta) using the NLPMetrics evaluation system. BLEU scores were computed using the Grok 3 platform
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4.4.1 Metric-based evaluation

Tables 5 and 6 show results across five evalu-
ation metrics: BLEU (weighted), BLEU-Unif (uni-
form), CHRF, TER, and SS, all computed via NLP-
Metrics with GPT-4.5.

DeepSeek V3 achieved the highest BLEU score
(0.7602), suggesting near-verbatim reproduction.
However, manual re-translation of the same English
output (DeepSeek V3#) yielded only 0.2849, indicat-
ing that the high score reflected structural alignment
rather than semantic fidelity. This reinforces the key
insight: high BLEU alone cannot confirm cultural or
metaphorical accuracy.

4.4.2 Translation instance comparison

One challenging line is “The Compass Classic
was misread and I was wrongly cast into Quanting.”

(FETBRZ, HRERS).

Most LLMs, including GPT-4.5, Claude 3.7,
Gemini 2.0, and Grok Beta, translated “Compass
Classic” literally as a navigation manual and failed
to recover its metaphorical sense. This pattern indi-
cates a systematic limitation of current LLMs in han-
dling culturally embedded metaphors during back-
translation. As discussed in Section 4.4.1, DeepSeek
V3 represents a contrasting case with exceptionally
high BLEU scores but limited semantic recovery, and
is therefore not repeated here. Together, these re-
sults suggest that both literal translation errors and
near-verbatim reproduction can lead to misleadingly
high automatic evaluation scores (Tables 5 and 6).

4.4.3 Discussion and implications
The Hua Yao case underscores the limitations

of current LLMs in processing poetic and culturally
embedded Chinese texts. Most failed to capture

Table 5 Comparative analysis of BT of Dao Lang’s Hua Yao lyrics across various language models™

Model English translation (EN) Chinese BT (ZH,) BLEU
You left in robes of brown and red, my sash was yellow. EXEE#EKLL, RELE. T2
DeepSeek V3 Misreading the compass, I strayed to Quan’ting. TERZ WERERT 07602
You left with brown clothes and red, my little slave’s {REE FHEAIRE, TN E]
Google Translate waist is yellow, I misplaced the compass and was 8, FE T AP EAEREE 0.3664
thrown into the wrong place at Quanting. BT .
When you go, your clothes are brown and red and your — {RZEFIAT %, KAEFRLLEM,
Sogou Translate little slave’s waist is yellow. You lost the compass and /N HIEZFH AR - RIEIER 0.3650
threw it in the spring pavilion by mistake. HHRET, NVNOTHTES .
When you left, you wore a brown coat, with a yellow {RE LGB EIE, EH R
Grok Beta belt around my waist, I’'ve lost my way with the F#7, FkKKRTIEmEE, REAR 0.3311
compass, mistakenly went to Quan Pavilion. =
thi ltle servant hod vellow ot her mais, 1 followed KIS ERLIE, S0
Claude 3.7 e vt ) BRE . RO T TR, 25 0.3114
the wrong compass, mistakenly arriving at Spring 7
o ‘el
Pavilion.
BRI B, R ARZFRLL
Baidu Translate Xge; yc\));lai‘s’:elvljz;s y()elffovilo;hrejis;e;etlirizg 11:51 2:1?3 B89, RIBEAGA. KL 0.2530
Y yeron P TR, AMOLEERETE ‘
accidentally threw it at Quanting. o
=7 o
When you left, your brown clothes were red, the little  {/RE§ER, FREIKEZEIZL,
Gemini 2.0 slave girl’s waist is yellow. Searched wrongly for the /NIUEFIIEH ZEFK - RF TR 0.2506
compass scripture, wrongly cast in Quanting. T, BEETERT -
When you departed, your robe was red, my waistband .. s
RS /_(é ¥ JRE
GPT-4.5 yellow; Mistakenly following the compass needle, ar- PUAIRRIRALACIR R, SRR 0.2141

riving wrongly at Quanjing.

o EMRBERE IR -

* The original Chinese (ZH,): JIEF (TE4K) B70AKA: FLRFCERE CAURAINRIE, R0y BN F FORRIRDE, FOB Rt = AR L —
TLKW FOCTAEER:, BRAANBMR TETHRRA, DRUJUVETFRERE T K, REPRLIEZEHARE, G—3EEENERAORNT, HIY
DMV BCR RIS, b B RS PRGBS B, B E DWi, IPERIER TURB MM S, B EERER, EEmzdl, BENE
KL, MIKBLE, FETIHREZ, BRERT, UK, BXAERP - LLM translation and BLEU scores were computed using

the NLPMetrics evaluation system
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Table 6 BT evaluation metrics on Hua Yao lyrics

Model BLEU BLEU-Unif CHRF TER SS
DeepSeek V3 0.7602  0.6481  0.9184 0.0253 0.6457
DeepThink R1 0.6096  0.4893  0.8571 0.0378 0.3558
Google Trans. 0.3664  0.1347  0.7551 0.0400 0.0423
Sogou Trans.  0.3650  0.2063  0.5918 0.0434 0.0460
Grok Beta 0.3311  0.1501  0.6531 0.0392 0.0203
Claude 3.7 0.3114  0.1449  0.6463 0.0398 0.0648
DeepSeek V3# 0.2849  0.1409  0.6259 0.0423 0.0690
Baidu Trans. 0.2530  0.1045  0.6939 0.0384 0.0200
Gemini 2.0 0.2506  0.0545  0.6463 0.0392 0.0000
GPT-4.5 0.2141  0.0523  0.5306 0.0434 0.0000

(0.5, 0.5, 0, 0) weighting was used for BLEU and (0.25, 0.25,
0.25, 0.25) for BLEU-Unif

spiritual or historical nuance. Literal phrasings
such as “little slave” introduced translation noise;
DeepSeek V3 and DeepThink R1 were the only sys-
tems that maintained structural rhythm and approx-
imate meaning.

DeepSeek V3’s “verbatim back-translation” sug-
gests quasi-self-awareness, an emergent LLM behav-
ior where models reconstruct prior inputs without
explicit prompts. This is not cognitive awareness,
but rather a semantic reproduction pattern sug-
gesting latent memory traces or high-dimensional
matching.

This aligns with the paradox of poetic intent:
high lexical fidelity may come at the cost of semantic
or emotional depth. While BLEU and CHRF of-
fer quantification, only comparative and interpretive
analysis can reveal these higher-level distortions.

We emphasize that across the three represen-
tative corpora, technical, historical, and poetic score
comparisons should be context-sensitive. Poetic data
often exhibit lower metric reliability due to their
metaphorical and non-literal nature. Thus, caution
is advised in cross-domain generalizations. Extended
cultural notes are provided in the supplementary ma-
terials for interested readers.

4.5 Formalizing the paradox of poetic intent
and quasi-self-awareness

BT has traditionally been used in MT as a
three-dimensional diagnostic, balancing lexical fi-
delity (%), surface fluency (iX), and stylistic ele-
gance (H), by evaluating token overlap, sentence re-
versibility, and surface fluency. However, with the
rise of LLMs, this framework requires rethinking.

Unlike statistical or encoder—decoder models,
LLMs operate in high-dimensional latent spaces,
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where behaviors such as semantic reconstruction,
context memory, and implicit cultural inference
These cannot be fully captured using n-
gram metrics alone.

Moreover, Chinese presents additional mul-

emerge.

timodal complexity: characters encode meaning

through phonetic (&), semantic (&), and struc-
tural (J£) components. This makes Chinese—
English—Chinese BT especially sensitive to losses
in metaphor, rhythm, and historical depth.

To address this, we introduce two diagnostic
concepts formalized in this subsection, the para-
dox of poetic intent and quasi-self-awareness, both
grounded in empirical LLM behavior.

To ensure conceptual clarity and reproducibil-
ity, we define key terms derived from our experiments
and observations on LLM-BT. These terms charac-
terize distinct behavioral patterns observed across
languages, models, and translation paths. Relevant
foundational literature is reviewed in Section 7.

1. Back-translation (BT): It is a two-step trans-
lation process in which a source text in language L,
is first translated into an intermediate language Lo
and then translated back into L, producing a re-
translated version L;,. This cycle allows semantic
validation through comparison of the original text T’
and the back-translated text T} (Kroll and Stewart,
1994; Klaudy, 1996; Sennrich et al., 2016; Edunov
et al., 2018).

Formally, the BT process can be written as

BT(T) = Transr, ., (Transy, 1,(T)), (3)

where both translation operations are performed by
LLMs. The fundamental assumption is that high-
quality bidirectional translation should preserve the
core semantic structure of the original.

2. Verbatim back-translation: It describes cases
where the back-translated output (ZH,) is nearly
identical to the original input (ZH,) in both sur-
face form and semantic structure. This typically oc-
curs when both BLEU and SS scores exceed a high
threshold #. While some rephrasing is natural in
good translations, extreme alignment may indicate
shortcut strategies or model biases.

3. Poetic drift: It denotes the semantic, cultural,
or aesthetic degradation observed in translations of
metaphor-rich or rhythmically expressive language.
It reflects how LLMs tend to “flatten” idioms, po-
etic metaphors, or culturally embedded expressions
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into literal approximations, often losing the original
depth of meaning. This is particularly problematic
in the creative or humanistic domains.

4. Paradox of poetic intent: We define the para-
dox of poetic intent as a recurring phenomenon in
LLM-BT, where the model exhibits high surface sim-
ilarity between ZH, and ZH,,, yet fails to preserve the
original’s poetic, cultural, or metaphorical content.

Let ZH, be a poetically rich or culturally em-
bedded text and ZH, its back-translated version
through an intermediate language (e.g., English).
The paradox arises when

BLEU,(ZH,,ZH,) > 6; but
IntentSim(ZH,, ZH,) < 0, (4)

where BLEU; represents 2-gram BLEU score mea-
suring surface similarity, IntentSim is a human-rated
or model-inferred metric for cultural /semantic intent
preservation, 61 represents the high BLEU thresh-
old (e.g., 0.85), and 65 represents the low semantic
preservation threshold (e.g., 0.60).

This paradox illustrates a semantic illusion:
models appear to perform well based on lexical over-
lap, while fundamentally failing to recover the com-
municative or artistic function of the original text. It
underscores the limitations of surface-based metrics
and motivates a dual-layer evaluation that incorpo-
rate both form and intent (Fig. 2).

5. Quasi-self-awareness: It is a term we use to
describe a reproducible behavioral pattern in LLMs:
the spontaneous and consistent generation of near-
identical round-trip outputs (ZH, ~ ZH,) across dif-
ferent models, prompts, or time intervals, without
explicit instruction.

This phenomenon differs from memorization

\nout ZH Forward translation Backward translation
NPUt 2 LLM,: ZH,—EN LLM,: EN—ZH,

Comparison Poetic intent paradox
BLEU,: IntentSim, LBCI BLEU,>6,, IntentSim<6,

Quasi-self-awareness
LBCI (ZH,, ZH,)>6

Fig. 2 Diagnosing emergent behaviors in LLM-BT.
This diagram illustrates the analytical logic of our
framework: an RTT process (ZH, — EN — ZH,) is
evaluated using BLEU2, IntentSim, and LBCI. When
surface similarity is high but poetic intent is lost,
we identify a poetic intent paradox. When semantic
reconstruction is unexpectedly robust across models
or time, we observe signs of quasi-self-awareness

or prompt-induced bias and is best character-
ized as a system-level tendency toward structural
preservation.

We define a composite index to detect this be-
havior, called the LBCI:

LBCI(ZH,,ZH,) = o - BLEU(ZH,,, ZH,)
+ (1 —a)-SS(ZH,,ZH,), (5)

where 0 < o < 1 is a weighting coefficient (typically
0.5), and SS denotes semantic similarity (e.g., co-
sine similarity in the BERT embedding space). If
LBCI>6 (e.g., 0=0.85), we mark the instance as ex-
hibiting quasi-self-awareness.

Quasi-self-awareness is not intended as a cogni-
tive or perceptual claim, but rather as a descrip-
tive label for a systematic, measurable regularity
observed in LLM outputs that cannot be fully re-
duced to simple mechanisms. While current LLMs
do not possess human-like self-awareness, such re-
producible effects serve as analytical constructs for
probing model behavior—for example, through at-
tention inspection, hidden-state analysis, or causal
tracing (Fig. 2). This terminology is adopted for
descriptive convenience only and does not seek to re-
define or extend established notions of self-awareness
in cognitive science.

6. Terminology implication: In LLM-BT-Terms
and similar applications (Weigang and Brom, 2025),
high LBCI values across multilingual BTs often sug-
gest term consistency and suitability for standard-
ization. However, as observed in poetic tasks, high
surface similarity does not guarantee high fidelity in
deeper semantic dimensions, hence the relevance of
the paradox of poetic intent.

These conceptual tools can support the develop-
ment of more culturally aligned LLMs, where mean-
ing preservation is judged not only by fluency or
form, but by deeper correspondence in metaphor,
temporality, and worldview.

5 Cross-corpus evaluation of LLM-BT
quality

To ensure statistical significance in the evalua-
tion of Chinese BT quality, this section uses a multi-
sample corpus, CNKI-CHE-89, which includes 89
abstracts randomly selected from a broader set of
295 chemistry-related abstracts extracted from the
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CNKI platform. Five LLMs were used for transla-
tion and BLEU-related metrics were computed using
Jieba segmentation by NLPMetrics.

5.1 Evaluation metrics vs. SS

As shown in Table 7, translation quality var-
ied across LLMs, revealing distinct patterns be-
tween reasoning-enabled and non-reasoning models.
All evaluations were conducted between March and
April 2025 using NLPMetrics.

On average, BLEU reached 0.5693 (standard de-
viation (SD)=0.1124), while BLEU-Unif averaged
0.3868 (SD=0.1332). CHRF, TER, and SS were
0.8378, 0.0817, and 0.1054, respectively. Notably,
BLEU-Unif and SS exhibited wider variance, sug-
gesting inconsistency in meaning retention across dif-
ferent LLMs.

Table 8 presents results by model. Reasoning-
enabled models, Claude 3.7, Gemini 2.0, and Grok
Beta, achieved BLEU means between 0.5223 and
0.6033, BLEU-Unif between 0.3311 and 0.4283, and
CHRF around 0.8127 to 0.8530, reflecting stable
surface-level quality. Among non-reasoning models,
DeepSeek V3 led with BLEU (0.6033), BLEU-Unif
(0.4283), and SS (0.1287), suggesting strong seman-
tic preservation. GPT-4.5, by contrast, recorded a
lower BLEU (0.5275) and SS (0.0879), indicating
weaker semantic alignment.

Fig. 3 illustrates score variability. Compact dis-
tributions in BLEU and CHRF suggest lexical sta-
bility; higher variance in BLEU-Unif and SS points
to inconsistency in phrase diversity and meaning re-
tention. Claude 3.7 and DeepSeek V3 showed more
stable results; GPT-4.5 and Grok Beta showed a
greater spread, possibly due to the misinterpretation
of domain-specific terms.

Further inspection of BLEU-Unif and SS reveals
two distinct profiles: DeepSeek V3 achieved the high-
est averages, but with higher dispersion, suggesting
occasional inconsistency. Claude 3.7 had compara-
ble mean values with more consistent outputs. GPT-
4.5 and Grok Beta showed lower scores and broader
ranges, reflecting less reliable term retention and co-
herence in domain-specific contexts.

In practice, these differences matter in techni-
cal domains such as chemistry, where semantic clar-
ity and terminological precision are critical. While
reasoning-enabled models offer greater structural
consistency (BLEU and CHRF), DeepSeek V3 pro-
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vides better semantic alignment despite not being
explicitly reasoning-driven.

Thus, when meaning retention is prioritized,
DeepSeek V3 may be the best option.
trast, for tasks requiring robust terminological fi-
delity and lower lexical variance, models like Claude

In con-

3.7 may offer better trade-offs. Ultimately, model
selection should align with task-specific needs, bal-
ancing structural fidelity and semantic accuracy.
Finally, the notion of “outperformance” in this
subsection is strictly tied to the metrics reported
(BLEU, BLEU-Unif, CHRF, TER, and SS) and does
not reflect stylistic or cultural adequacy, which must

be assessed separately.

5.2 Correlation between translation evalua-
tion metrics and SS

This analysis examines relationships among
BLEU, BLEU-Unif, CHRF, TER, and SS using
Spearman correlation with Benjamini-Hochberg cor-
rection (Fig. 4). Additional heatmaps for metric cor-
relations by model (CHRF, TER, and SS) were also
computed but are not shown here due to space con-
straints; they are available in our GitHub repository
under the NLPMetrics project.

In the aggregate view, BLEU and CHRF ex-
hibit a correlation of 0.67, indicating moderately
strong alignment in assessing translation quality.
This varies by model, ranging from 0.59 (Claude 3.7
and Gemini 2.0) to 0.70 (Grok Beta), with Grok Beta
showing the highest surface-level consistency.

BLEU-Unif demonstrates consistently high cor-
relation with BLEU across all models (all>0.96),
validating its role as a lexical-level metric, though
one that incorporates more balanced n-gram weights.
BLEU’s correlation with SS is moderate (0.41 over-
all), with DeepSeek V3 scoring the highest (0.43),
followed by Grok Beta (0.40) and Gemini 2.0 (0.39).

BLEU-Unif improves alignment
slightly. Its correlation with SS reaches 0.47 in
DeepSeek V3, 0.44 in Gemini 2.0, 0.43 in Grok
Beta, 0.41 in Claude 3.7, and 0.34 in GPT-4.5. This
suggests that BLEU-Unif better captures meaning
retention across models.

CHRF correlates moderately with SS (0.30 to
0.38), but generally lags behind BLEU-Unif in se-
mantic coverage. This indicates that character-level
overlap may capture lexical similarity but is less ef-
fective for deeper meaning.

semantic
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Table 7 Global descriptive statistics of translation metrics by NLPMetrics*

Weigang and Brom / Front Inform Technol Electron Eng 2025 26(11):2176-2203

Metric BLEU BLEU-Unif CHRF TER SS
Mean 0.5693 0.3868 0.8378 0.0817 0.1054
SD 0.1124 0.1332 0.0621 0.1013 0.1025
Minimum 0.0000 0.0000 0.0000 0.0133 0.0000
25% 0.4941 0.2969 0.8032 0.0532 0.0387
50% (median) 0.5756 0.3852 0.8444 0.0693 0.0793
75% 0.6497 0.4771 0.8795 0.0870 0.1351
Maximum 0.9309 0.9254 0.9688 1.0000 0.6910

* The count, which indicates the total number of translation outputs, is 1335 (89 textsx5 modelsx3 samples). SD:

standard deviation

Table 8 Descriptive statistics by LLM using NLPMetrics

Metric Statistic Claude 3.7 DeepSeek V3 Gemini 2.0 Grok Beta GPT-4.5
Mean 0.5935 0.6033 0.5997 0.5223 0.5275
SD 0.1014 0.1023 0.1138 0.1073 0.1072
Min 0.2741 0.2770 0.0000 0.2227 0.2573
BLEU 25% 0.5285 0.5277 0.5338 0.4503 0.4578
50% 0.5999 0.6059 0.6081 0.5313 0.5318
75% 0.6689 0.6781 0.6797 0.6012 0.5931
Max 0.8272 0.8249 0.8348 0.7905 0.9309
Mean 0.4134 0.4283 0.4248 0.3311 0.3364
SD 0.1257 0.1298 0.1313 0.1191 0.1238
Min 0.0000 0.0000 0.0000 0.0000 0.0790
BLEU-Unif 25% 0.3335 0.3382 0.3498 0.2557 0.2515
50% 0.4068 0.4185 0.4334 0.3285 0.3305
75% 0.5036 0.5153 0.5060 0.4133 0.4046
Max 0.7449 0.7281 0.7509 0.6747 0.9254
Mean 0.8494 0.8494 0.8530 0.8127 0.8244
SD 0.0476 0.0515 0.0763 0.0637 0.0565
Min 0.6897 0.6889 0.0000 0.6238 0.6415
CHRF 25% 0.8178 0.8155 0.8269 0.7715 0.7843
50% 0.8519 0.8462 0.8632 0.8168 0.8257
5% 0.8830 0.8871 0.8932 0.8612 0.8653
Max 0.9608 0.9655 0.9688 0.9438 0.9455
Mean 0.1172 0.1287 0.1144 0.0788 0.0879
SD 0.1038 0.1190 0.1020 0.0788 0.0969
Min 0.0000 0.0000 0.0000 0.0000 0.0000
Semantic similarity 25% 0.0483 0.0533 0.0507 0.0267 0.0267
50% 0.0887 0.1011 0.0887 0.0632 0.0674
5% 0.1684 0.1664 0.1446 0.1097 0.1125
Max 0.4738 0.6586 0.5732 0.4409 0.6910
Mean 0.0819 0.0808 0.0808 0.0825 0.0824
SD 0.1014 0.1016 0.1015 0.1012 0.1016
Min 0.0160 0.0142 0.0133 0.0153 0.0163
TER 25% 0.0541 0.0522 0.0520 0.0535 0.0538
50% 0.0700 0.0679 0.0690 0.0713 0.0693
5% 0.0889 0.0870 0.0847 0.0908 0.0903
Max 1.0000 1.0000 1.0000 1.0000 1.0000

Bold values indicate the best results among the compared LLMs. SD: standard deviation
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Fig. 3 Comparison of translation metrics across models (BLEU: bilingual evaluation understudy; CHRF:

character F-score; TER: translation edit rate)

In contrast, TER exhibits an opposite and more
diagnostic behavior.
larity, TER reflects the amount of editing required
to recover the original meaning. It shows a strong
negative correlation with SS (—0.37 overall), partic-
ularly for DeepSeek V3 (—0.43), Claude 3.7 (—0.38),
and Grok Beta (—0.37), indicating that larger edit
distances are consistently associated with greater se-
mantic loss. Moreover, TER displays near-zero cor-
relations with BLEU, BLEU-Unif, and CHRF (rang-
ing from —0.04 to 0.06), confirming that it captures

Rather than measuring simi-

an orthogonal dimension of translation quality re-
lated to deviation rather than overlap.

Metric distributions deviate from normality
(Shapiro-Wilk p <0.0001). BLEU is slightly right-
skewed; BLEU-Unif shows long tails; CHRF clusters
near upper bounds. TER concentrates near zero, re-
flecting low edit requirements. SS is skewed toward
the low end, indicating frequent semantic divergence.

These findings underscore that no single metric
captures all translation dimensions. SS offers crit-
ical insight beyond lexical overlap, particularly for
concept-heavy texts such as scientific abstracts.

Among all models, DeepSeek V3 exhibits
the strongest internal coherence, with the highest
BLEU-Unif-SS correlation (0.47), suggesting reli-
able semantic retention. Gemini 2.0 follows closely,
with strong BLEU-Unif alignment and moderate
CHRF and semantic scores. Grok 3 offers the highest
BLEU-CHRF correlation (0.70) but lower semantic
alignment. Claude 3.7 shows balanced but moderate

GPT-4.5 registers
the weakest semantic alignment, limiting its suit-
ability in semantically demanding contexts.

performance across all metrics.

5.3 Statistical comparison via Friedman and
Dunn tests

The Friedman test, a non-parametric method
for paired data, was used to assess differences be-
tween translation models based on the average met-
ric values. A p-value<0.05 indicates significant dif-
ferences, prompting a post-hoc Dunn test for pair-
wise model comparisons. The Benjamini-Hochberg
correction was applied to manage false positives,
in contrast to the more conservative Bonferroni
method. Additionally, mean differences between
statistically distinct model pairs were calculated to
This
approach ensures robust and interpretable results,
highlighting both the presence and practical rele-
vance of observed differences.

quantify the magnitude of those differences.

As shown in Table 9, the statistical analysis
revealed significant differences across all evaluated
metrics, BLEU, BLEU-Unif, CHRF, and SS, except
TER, as indicated by the Friedman test p-values ap-
proaching zero. This confirms that at least one model
differs significantly from the others in each metric,
except for edit-distance-based performance.

For BLEU, which measures translation fidelity
via weighted n-gram overlap, Claude 3.7, DeepSeek
V3, and Gemini 2.0 significantly outperformed Grok
Beta and GPT-4.5, with mean differences ranging
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from 0.0659 to 0.0810. These findings suggest that
the latter models likely perform more reformulations
during translation, reducing fidelity to the original
text.
Unif, which distributes weights uniformly across 1-
to 4-gram: the same three models outperformed
Grok Beta and GPT-4.5 with larger mean differ-
ences (0.0770-0.0972), reinforcing that BLEU-Unif
captures additional translation variability. These
higher deltas may reflect broader phrase-level diver-
gence, such as that introduced by BT strategies.

The CHRF metric, which
character-level changes and morphological variation,
also showed significant differences between the same

A similar pattern was observed for BLEU-

is sensitive to

groups, though with smaller mean differences (all
<0.05). This suggests that Claude 3.7, DeepSeek
V3, and Gemini 2.0 preserved surface structures
more consistently, whereas Grok Beta and GPT-
4.5 tended to introduce morphological variations
that slightly reduce CHRF scores without major
distortions.

Although the Friedman test indicated signifi-
cance for TER, Dunn’s post-hoc test revealed no
statistically distinguishable pairs. This discrepancy
may result from the floor effect caused by low and
concentrated TER values, which limits the sensitiv-
ity of the post-hoc comparisons. The results sug-
gest that despite minor variations, all models require
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Table 9 Summary of statistical differences between
translation models

. Statistically different models
Metric .
and mean differences™

Claude 3.7 vs. Grok Beta (0.0712)
Claude 3.7 vs. GPT-4.5 (0.0659)
DeepSeek V3 vs. Grok Beta (0.0810)
DeepSeek V3 vs. GPT-4.5 (0.0757)
Gemini 2.0 vs. Grok Beta (0.0774)
Gemini 2.0 vs. GPT-4.5 (0.0722)

BLEU

Claude 3.7 vs. Grok Beta (0.0823)
Claude 3.7 vs. GPT-4.5 (0.0770)
DeepSeek V3 vs. Grok Beta (0.0972)
DeepSeek V3 vs. GPT-4.5 (0.0919)
Gemini 2.0 vs. Grok Beta (0.0937)
Gemini 2.0 vs. GPT-4.5 (0.0884)

BLEU-Unif

Claude 3.7 vs. Grok Beta (0.0367)
Claude 3.7 vs. GPT-4.5 (0.0249)
DeepSeek V3 vs. Grok Beta (0.0368)
DeepSeek V3 vs. GPT-4.5 (0.0250)
Gemini 2.0 vs. Grok Beta (0.0404)
Gemini 2.0 vs. GPT-4.5 (0.0286)

CHRF

Claude 3.7 vs. Grok Beta (0.0384)
Claude 3.7 vs. GPT-4.5 (0.0294)
DeepSeek V3 vs. Grok Beta (0.0499)
DeepSeek V3 vs. GPT-4.5 (0.0409)
Gemini 2.0 vs. Grok Beta (0.0356)
Gemini 2.0 vs. GPT-4.5 (0.0265)

SS

No statistically significant

TER
differences between pairs

* The values in the brackets are the differences

similar levels of post-editing effort to match the ref-
erence translations.

The SS metric, focused on meaning preserva-
tion, also revealed statistically significant differences.
Again, Claude 3.7, DeepSeek V3, and Gemini 2.0
outperformed Grok Beta and GPT-4.5, with mean
differences ranging from 0.0265 to 0.0499. These
differences suggest that Grok 3 and GPT-4.5 may
deviate more frequently from the intended meaning,
possibly due to hallucinations or overgeneralizations.

Taken together, Claude 3.7, DeepSeek V3, and
Gemini 2.0 emerge as more suitable for high-fidelity
translation tasks, such as technical, scientific, or le-
gal documents, where precision and consistency are
paramount. Conversely, Grok Beta and GPT-4.5
may be preferable to creative or literary content,
where semantic flexibility and stylistic variation are
desirable. Given the absence of significant TER dif-
ferences, the overall post-editing workload remains
comparable across the models. Therefore, model se-
lection should be guided by the specific translation

context, balancing structural stability, terminologi-
cal accuracy, and semantic preservation.

5.4 Ranking translation models:
fluency

fidelity vs.

Translation models were evaluated across five
metrics: BLEU, BLEU-Unif, CHRF, TER, and SS.
DeepSeek V3 led in BLEU (0.6033), BLEU-Unif
(0.4283), and SS (0.1287), indicating strong surface-
level fidelity, balanced n-gram coverage, and ro-
bust meaning preservation. It also achieved one of
the lowest TER scores (0.0808), suggesting minimal
post-editing effort. Despite lacking explicit reason-
ing capabilities, DeepSeek V3 outperformed all other
models, challenging the assumption that reasoning is
essential for high-quality translation.

Gemini 2.0 ranked second, with BLEU (0.5997)
and BLEU-Unif (0.4248) scores close to the leader
and the highest CHRF (0.8530), reflecting pre-
cise character-level alignment. Its TER (0.0808)
matched that of DeepSeek V3, while its SS (0.1144)
was slightly lower, suggesting a modest trade-off in
conceptual fidelity.

Claude 3.7 followed with slightly lower BLEU
(0.5935), BLEU-Unif (0.4134), and CHRF (0.8494)
scores, along with a marginally higher TER (0.0819),
indicating a small increase in post-editing effort.
Notably, however, its semantic similarity score
(SS=0.1172) exceeded that of Gemini 2.0, suggest-
ing more stable preservation of overall meaning de-
spite weaker surface-level alignment. As a reasoning-
enabled model, Claude 3.7 demonstrated competi-
tive performance, but did not surpass the strongest
non-reasoning systems under the evaluated metrics.

GPT-4.5 ranked fourth, with lower BLEU
(0.5275), BLEU-Unif (0.3364), and CHRF (0.8244)
scores, reflecting more paraphrasing and reduced
surface similarity. Its SS (0.0879) was also consider-
ably lower, indicating more frequent semantic drift.
While its TER (0.0824) remained comparable to oth-
ers, the overall translation quality was less stable.

Grok Beta scored the lowest across BLEU
(0.5223), BLEU-Unif (0.3311), CHRF (0.8127), and
SS (0.0788), and also recorded the highest TER
(0.0825). These results indicated significant mean-
ing loss and greater post-editing demand, making it
less suitable for fidelity-critical translation tasks.

In summary, DeepSeek V3 demonstrated that
high translation quality can be achieved without
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explicit reasoning mechanisms, leading across multi-
ple metrics. Claude 3.7 and Gemini 2.0 offered strong
and balanced performance, while GPT-4.5 and Grok
Beta lagged in both lexical and semantic consistency.
These findings reinforce that reasoning is not a pre-
requisite for translation excellence and that well-
trained non-reasoning models can outperform more
complex architectures in practical scenarios.

5.5 Zero-prompt experimental design and re-
producibility considerations

To evaluate the intrinsic translation capabili-
ties of each LLM without external bias, we adopted
a zero-prompt experimental design. All translation
and BT tasks were conducted using only minimal
language-pair instructions, such as “translate from
Chinese to English” or “translate from English to
Chinese,” without any task-specific examples, stylis-
tic cues, or domain guidance.

This prompt-agnostic setup reflects real-world
usage scenarios, where users often rely on default
model behavior. It allows us to capture each model’s
inherent translation strategy and biases.
stance, Gemini 2.0 occasionally generated traditional
Chinese characters in BT, indicating built-in script

For in-

preferences or regional defaults not influenced by
user input.

By minimizing prompt-related variance, this de-
sign enhances both the reproducibility and inter-
pretability of results. It also provides a standard-
ized baseline for future studies involving prompt en-
gineering or system-specific customization.

We acknowledge that prompt tuning could sub-
stantially affect translation performance, especially
in domains involving poetic imagery or terminolog-
ical ambiguity. Future work will incorporate sys-
tematic prompt variation to assess its impact on the
preservation of cultural intent, metaphor, and se-
mantic alignment.

6 Discussion
6.1 Analysis of anomalies in LLM-BT

Fig. 3 not only displays boxplots of major eval-
uation metrics but also reveals the presence of out-
This section investigates such anomalies to
better understand specific behaviors observed in BT
using LLMs.

liers.

6.1.1 State-of-the-art performance in ZH—EN and
EN—ZH translation

Zhu et al. (2025) reported state-of-the-art
(SOTA) performance across 23 LLMs. In their
benchmark, GPT-4 achieved the highest score for
Chinese-to-English (ZH—EN) translation with a
BLEU score of not greater than 0.2726, notably lower
than the scores for German, Russian, or Czech into
English. For English-to-Chinese (EN—ZH), GPT-
3.5-T led with BLEU<0.4463.

Although their evaluation included a wide range
of MoE-based LLMs, it did not cover newer plat-
forms such as Grok 3, DeepSeek V3, or Claude 3.7.
Nonetheless, their study reflects a consistent trend:
ZH—EN remains a relatively weaker direction.

In contrast, our experiments frequently exceed
Zhu et al.’s reported benchmarks. Possible explana-
tions include, domain specificity, BT filtering, newer-
generation models, and metric differences.

These factors highlight the need for caution
when comparing BLEU scores across studies, since
domain effects and BT alignment may inflate results
while masking semantic weaknesses.

6.1.2 Occasional traditional Chinese output

An anomaly was detected in sample CNKI-
CHE-89-28, where Gemini 2.0 produced traditional
Chinese output during the second BT trial. This un-
expected behavior resulted in a significant decline in
evaluation metrics. Table 10 presents the BT perfor-
mance across three trials, highlighting the effects of
this deviation.

Table 10 BT scores for Gemini 2.0 on CNKI-CHE-
89-28 (trial 2 used traditional Chinese)

Trial BLEU BLEU-Unif CHRF TER SS
First 0.8119 0.7133 0.8571  0.0329 0.4576
Second 0.2123 0.0914 0.5194 0.0417  0.0000
Third 0.6778 0.4853 0.8442 0.0347  0.4275
Mean 0.5673 0.4300 0.7403  0.0364 0.2950
SD 0.0948 0.1611 0.0092  0.0095 0.0213

SD: standard deviation

In trial 2, all five metrics dropped sharply. Upon
inspection, the output was found to be in traditional
Chinese, e.g., “TCE: YHITTEM” (“elemental view:
matter is composed of elements”), which diverged
from the expected simplified Chinese format.

This script mismatch explains the statistical
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anomaly. It also demonstrates a broader issue: LLMs
must be explicitly instructed to maintain consis-
tent script output in bilingual contexts like Chinese,
which has both simplified (used in Chinese Main-
land) and traditional (used in Hong Kong, Taiwan,
and other regions in China) orthographies.

Such behavior underscores the need for strict
prompt design when evaluating BT in Chinese. Even
high-performing models like Gemini 2.0 may default
to internal preferences (e.g., multilingual fine-tuning
defaults) if not explicitly constrained.

Furthermore, Gemini 2.0 failed to produce any
output for CNKI-CHE-89-79 in one trial, resulting in
a missing value. Although these anomalies were rare
(2 in 1335 runs or 0.15%), they significantly affected
aggregate statistics and model reliability.

6.1.3 Extreme performance variance in CNKI-CHE-
89-48

This case highlights a sample from the CNKI-
CHE-89 corpus exhibiting unusually high variance

across LLMs. The source sentence, taken from Ma
(2024), reads

HF T BAEFHER S LA RBERE RN A
FRFEERIIPTIACR -

The study explored the efficacy of amino-
oligosaccharins combined with chemical fungicides
for controlling downy mildew in Chinese cabbage.

GPT-4.5: performance in three BT trials using
GPT-4.5 (via NLPMetrics), the model achieved ex-
ceptionally high scores:

(1) BLEU=0.9309 in two runs, with a mean of
0.8957.

(2) The output in each case was nearly identical
to the original input:

W T BEFHER S LA RBERE RN A
R BRI IACR,

indicating that ZH, ~ ZH,.

Manual BT: To test whether these high scores
were due to genuine semantic reconstruction or
model bias, we used GPT-4 (manually) to translate
the same English output (EN) back into Chinese.
The result was

BI50 T AL 5L R BB & 0 3R
FBRPTHIR -
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This version yielded a BLEU score of 0.7566,
notably lower due to lexical variation: “FRi{” vs.
uﬁﬂ:%;w “EEE” vs. uﬂ?‘é{_j\;w ul'gjjﬂ‘lﬁw vs. “ij??.”

Other LLMs: In contrast, other models per-
formed substantially worse on this sample:

(1) Grok Beta: mean BLEU=0.4030 (min=
0.2535).

(2) Claude 3.7: mean BLEU=0.4264 (min=
0.2761).

Interpretation: These results suggest that GPT-
4.5 may exhibit quasi-self-awareness in BT tasks: de-
tecting the looped nature of the prompt and generat-
ing output that maximizes surface-level alignment.

Such behavior likely stems from internal mem-
orization patterns or strategic reproduction rather
than authentic semantic translation. While this
leads to inflated BLEU scores, it raises important
concerns:

(1) Evaluation distortion: Models may “game”
evaluation metrics, bypassing genuine translation.

(2) Semantic dilution: High BLEU does not nec-
essarily indicate cultural or lexical fidelity.

(3) LLM transparency: Observing this behavior
under minimal prompts highlights the importance of
model interpretability and prompt design.

This instance reinforces the need for dual-metric
evaluation (e.g., BLEU and SS) and further supports
the framework proposed in Section 4.5, particularly
the diagnosis of verbatim BT and the paradox of
poetic intent.

6.2 Human vs. LLMs in poetic translation
and semantic preservation

This subsection further explores the main key
behavioral constructs introduced in Section 4.5.
These constructs highlight how human reflection and
LLM behavior intersect, revealing not only perfor-
mance limitations, but also opportunities for align-
ment, interpretability, and improved modeling of cul-
tural semantics.

6.2.1 Poetic translation: human benchmark wvs.

LLM-BT

We introduce a human-grounded evaluation
benchmark adapted from Chen et al. (2024a), which
provides expert-produced English renderings of clas-
sical Chinese poems. These serve as references for
the evaluation of semantic and poetic quality in LLM
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translations. This benchmark enables us to eval-
uate whether LLM-generated translations approxi-
mate human-level nuance in terms of rhythm, im-
agery, and intent.

Table 7 in Chen et al. (2024a) includes parallel
poetic translations, such as:

1. Original (ZH,-C): L5 4 mME, HRAZIL
B2 EEZRM, A .

2. Human translation-Reference 1 (ENy-Ref):
Red beans grow in the southern land; in spring, how
many branches sprout? I wish you would gather
them often, for they most evoke longing thoughts.

3. RAT-based translation—Reference 2 (EN,-
RAT): Red beans grow in the south, sprouting many
branches in spring. Pick them often, as they hold
deep feelings of longing.

These reference translations serve as seman-
tic and stylistic gold standards. To evaluate LLM
performance, we selected poem pairs (ZH,,ENy)
and applied the following bidirectional experimental
procedure:

1. The original Chinese poem ZH, was trans-
lated into English (EN,) using NLPMetrics across
five LLMs: Claude 3.7, GPT-4.5, DeepSeek V3,
Gemini 2.0, and Grok Beta.

2. The human reference translation ENj was
then back-translated into Chinese (ZHy) using the
same NLPMetrics framework.

3. Both sets of translation pairs, human vs.
LLM in the forward direction (ENy, EN,) and in
the BT direction (ZH,, ZHy,), were evaluated using
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BLEU, CHRF, TER, and SS.

This bidirectional setup captures not only
surface-level fidelity but also the preservation of po-
etic intent and semantic nuance. While human judg-
ment remains the gold standard in literary evalu-
ation, this approach provides a scalable and inter-
pretable alternative for benchmarking LLM perfor-
mance on culturally sensitive translation tasks.

Table 11 summarizes the results for five LLMs
on this benchmark task (ZH, — EN,). Claude
3.7 achieved the highest BLEU (0.5978) and SS
scores, followed by GPT-4.5, which demonstrated
lower stylistic fidelity. These findings are consistent
with those in Chen et al. (2024a) and reinforce the
challenge LLMs face in capturing the deep seman-
tics and metaphorical structure inherent in classical
Chinese poetry.

Moreover, these results highlight the need for
new evaluation dimensions, such as IntentSim or con-
textual glossing, to better capture alignment with
poetic intent, which is often overlooked by surface-
oriented metrics like BLEU and TER.

6.2.2 Literal vs. generative BT: surface fidelity and
semantic divergence

This subsection focuses on the BT process from
intermediate English references (EN}) to Chinese
outputs (ZHy), a crucial step for assessing fidelity
and poetic preservation. Formally, this process can

Table 11 Evaluation of EN; — EN, translations by comparison to human reference EN}, (May, 2025)

Model

EN,; — EN, translation output

BLEU

CHRF

TER

SS

Claude 3.7

Red beans grow in the southern land, How many branches sprout in
spring? I wish you would gather many, for they are most evocative
of longing.

0.5978

0.9655

0.0175

0.7641

DeepSeek V3

Red berries grow in southern land. How many load in spring the
trees? Gather them till full is your hand; They would revive fond
memories.

0.2465

0.8276

0.0329

0.4276

Gemini 2.0

Red beans grow in the southern land. How many branches will they
sprout in spring? Gather many, I hope you will, for this object is
most for longing.

0.3284

0.9231

0.0403

0.3343

GPT-4.5

Red beans grow in southern lands, How many branches bloom in
spring? I wish you’d gather plenty more. This thing most symbolizes
love’s yearning.

0.3639

0.8966

0.0334

0.4482

Grok Beta

The red bean grows in the southern land, how many branches will it
sprout in spring? I wish you would pick more of them, for this thing
best represents longing.

0.2119

0.9231

0.0353

0.3474
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be expressed as follows:

ZHh = TI‘aIlSEN%ZH (ENh) . (6)

In evaluating classical poetic texts, we observed
that several models, specifically DeepSeek V3, Gem-
ini 2.0, and Grok Beta, frequently produced BTs
nearly identical to the original input ZH,. For
example:

Original (ZH,): LB 4mME, HREIL
k2 R Z KM, A .

BT (ZHy): ZLEAmME, FREZI? &
BERM, HYRHEE -

These outputs scored perfectly across BLEU,
CHRF, and SS, yet are likely the result of paramet-
ric memorization rather than genuine semantic rea-
soning (Table 12). Given the cultural prominence
of this poem, its exact form is likely to appear in
pretraining corpora, thereby increasing the possibil-
ity of exact reproduction through pattern matching
rather than interpretive generation.

In contrast, generative BT outputs (ZHy) by
GPT-4.5 offered reworded but semantically faithful
alternatives:

AEAETETZM, FHBERTFILEZR? BE
ZEFWE, WYREEFHEA

Although this version received a lower BLEU
score (0.2819) and moderate CHRF (0.8567), it
retained high SS (0.8996), indicating that deeper
meaning was preserved through creative paraphras-
ing, as shown in Table 12. This divergence between
lexical similarity and semantic preservation exempli-
fies the paradox of poetic intent: models achieving
high surface-based scores may do so via memoriza-
tion, while more expressive reconstructions are pe-
nalized despite offering greater alignment with poetic
and emotional intent.

These results suggest that generative transla-
tions from models like GPT-4.5, despite being pe-
nalized by n-gram-based metrics, may offer superior
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preservation of stylistic tone and poetic meaning. A
potential extension of the LLM-BT framework would
involve dual-output prompting: requesting both a
literal and a creative version, thereby enabling a
more complete picture of model capacity.

Interestingly, this behavior contrasts with GPT-
4.5’s output in scientific domains (e.g., sam-
ple CNKI-CHE-89-48), where it exhibited near-
verbatim BT, achieving very high BLEU scores
through precise lexical reproduction. This suggests
that GPT-4.5 may be sensitive to the textual genre,
producing memorized matches in technical content,
but opting for more flexible reformulations in poetic
contexts. The former reflects a form of quasi-self-
awareness, while the latter illustrates the paradox of
poetic intent. Understanding such genre-conditioned
behaviors is critical for developing future evaluation
metrics that reward both semantic fidelity and stylis-
tic appropriateness.

6.2.3 Causes of verbatim BT in LLMs

Verbatim BT, where the back-translated output
ZH, is nearly identical to the original input ZH_,
is a recurring phenomenon in LLM-based transla-
tion. While high-fidelity reproduction may appear
desirable, it often reflects shortcut strategies rather
than genuine semantic reconstruction. Several inter-
related factors may contribute:

1. Alignment bias: LLMs trained with strong
bilingual supervision may favor source-target pairs
with maximal lexical overlap, leading to direct
replication.

2. Implicit retrieval: In high-confidence con-
texts, especially short, formulaic, or technical sen-
tences, models may revert to stored mappings rather
than generating novel phrasings.

3. Task pattern recognition: When recognizing
an RTT cycle (ZH, — EN, — ZH,), LLMs may
infer the BT intent and return ZH, verbatim.

4. Training data bias: Exposure to aligned

Table 12 Verbatim vs. generative BT on a classical Chinese poem

Model BT type BLEU CHRF TER SS
DeepSeek V3 Verbatim (ZH, =ZHy,) 1.0000 1.0000 0.0000 1.0000
Gemini 2.0 Verbatim (ZH, =Z7ZH},) 1.0000 1.0000 0.0000 1.0000
Grok 3 Verbatim (ZH, =ZHy,) 1.0000 1.0000 0.0000 1.0000
GPT-4.5 Semantic paraphrase 0.2819 0.8567 0.1741 0.8996*

SS was computed using TF-IDF cosine similarity. The superscript * indicates that the GPT-4.5 output involves semantic
paraphrasing rather than lexical reproduction; SS reflects distributional semantic overlap instead of surface-form matching
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corpora and canonical texts reinforces phrase sta-
bility and discourages paraphrasing.

Concerns about data contamination—namely,
the possibility that models may have memorized test
inputs—are valid in large-scale evaluations.
ever, this explanation alone does not fully account

How-

for the observed phenomena. In particular, memo-
rization cannot explain why certain models produce
structurally fluent yet semantically shallow outputs,
nor why creative rephrasings with strong semantic
fidelity are often penalized by surface-based metrics.
We distinguish between:

1. data contamination: output reproduction
caused by model exposure to the evaluation data

during pretraining;

2. quasi-self-awareness: an emergent behavior
where an LLM consistently preserves structure and
meaning in unseen BT tasks, even without prior
exposure.

To minimize contamination risk and isolate
emergent behavior, we implemented the following
experimental control:

1. Temporal separation: Forward and backward
translations were executed on different days, even
when using the same model (e.g., GPT-4), to avoid
session-level memory effects.

2. Cross-model design: We split translation roles
across different LLMs (e.g., GPT-4 for ZH, — EN,
and Grok 3 or DeepSeek V3 for EN, — ZH,) to
eliminate shared generative bias.

Moreover, our companion study LLM-BT-
Terms (Weigang and Brom, 2025) investigated sim-
ilar patterns, EN — ZH — EN,, using SceneThe-
sis (Ling et al., 2025), a corpus composed of scien-
tific abstracts published after the known pretraining
cut-off dates of the evaluated LLMs. While the focus
was not on verbatim BT, the high stability of tech-
nical term renderings across translation cycles sug-
gests that such behavior cannot be solely attributed
to memorization.

We therefore conclude that although data con-
tamination cannot be entirely ruled out, the observed
consistency in RTT translation is better interpreted
as an emergent behavioral pattern. This supports
our broader hypothesis of quasi-self-awareness, a re-
producible tendency in LLMs to maintain internal
alignment across tasks, even in the absence of direct
memorization.

Weigang and Brom / Front Inform Technol Electron Eng 2025 26(11):2176-2203

6.2.4 Limits of BT: machine vs. human translation

Back-translating classical Chinese poetry is in-
Modern
translators are not expected to recreate the spiritual
resonance of ancient works; rather, they aim to echo
the poetic intent of sages such as Li Bai or Wang
Wei. Given this human limitation, it would be unre-
alistic to expect machines to achieve such fidelity in
literary expression (Nida, 1964; Berman and Venuti,
2021; Chen et al., 2024a).

Human translators often reframe meaning

herently a form of rootless translation.

through cultural intuition and stylistic adaptation
(Wang, 2009), whereas LLMs rely on statistical pre-
diction. As a result, literary BTs by LLMs frequently
distort nuance due to:

1. creative reframing—humans reinterpret con-
tent through historical and aesthetic context;

2. interpretive variation—expression varies by
tone, intent, and translator perspective;

3. probabilistic replication—LLMs favor high-
likelihood sequences, often reproducing familiar ex-
pressions rather than generating novel phrasing.

These factors lead to a fundamental divergence:
LLMs frequently produce mirrored outputs because
they optimize token-level likelihood under distribu-
tional similarity objectives, while human translators
embrace ambiguity, voice, and cultural resonance.

As demonstrated in previous sections, models
such as DeepSeek V3 performed strongly on the Hua
Yao corpus. Their success is partly due to:

1. corpus-aligned stylistics—learned associa-
tions with classical motifs (e.g., temporal-spatial im-
agery and poetic dialogue);

2. symbolic co-occurrence patterns—frequent
metaphorical pairings (e.g., “brown robe” and “yel-
low sash”) reinforce predictive.

However, such performance reflects statistical
generalization, not literary comprehension. For
example, models fail to interpret the toponymic
triad “Quanting—Hangzhou—Yuhang” as a historical—
Hu-
man readers recognize this as a layered symbol of
separation across dynasties, while LLMs do not.

geographic metaphor for time-displaced fate.

6.2.4.1 Limitations of BT and potential bias

While BT offers a reference-free method to as-
sess semantic fidelity, it is not immune to bias. LLMs
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may reproduce memorized outputs from pretraining
data or echo learned fine-tuning patterns. To miti-
gate this, we applied several safeguards:

1. Cross-model setups: Forward and backward
translations were performed using different models
(e.g., GPT-4 — Grok 3) to reduce intra-model recall.

2. Temporal separation: Translation cycles were
executed on separate dates to avoid caching or con-
textual residue.

3. Training-data filtering: The SceneThesis cor-
pus (Ling et al., 2025), used in our follow-up study
(Weigang and Brom, 2025), was curated to post-date
the known LLM training cutoffs.

Despite these precautions, distinguishing gen-
uine semantic reconstruction from parametric mem-
ory remains an open research problem, particularly
for highly frequent or poetic input.

6.2.4.2 Impact of cross-linguistic intermediaries

While this study focuses on Chinese — English
— Chinese loops, our follow-up work (Weigang and
Brom, 2025) expanded the design to include multi-
lingual BT paths such as

EN — ZHsimplified — ZHmvaditional — JA — EN.

We observed that semantic preservation is mod-
ulated by both typological proximity and ortho-
graphic compatibility. Idiomatic and poetic expres-
sions were more likely to degrade as linguistic dis-
tance and script variation increased, highlighting the
importance of intermediary language selection in fu-
ture LLM-BT frameworks.

In summary, we adopted BT not merely as
a data augmentation strategy, but as a founda-
tional methodology for probing LLM capabilities.
The LLM-BT framework emphasizes semantic in-
tent, metaphor preservation, and terminology con-
sistency, providing a cognitive diagnostic lens into
MT.

However, the limitations discussed here delin-
eate a key boundary: while LLMs excel in surface-
level alignment and associative generalization, they
remain far from achieving true literary understand-
ing. Bridging this gap between memorization and
meaning and between matching and comprehension
represents a central challenge in the long-term pur-
suit of artificial general intelligence.

7 Literature review: BT as an evalua-
tion methodology

BT, also referred to as forward-and-back or
RTT, has long served as both a linguistic tool and a
computational mechanism. This section reviews its
evolution across linguistic studies, MT evaluation,
and LLM-centered machine learning.

7.1 Forward and backward translation in lin-
guistic studies

In bilingual psycholinguistics, BT has been used
to examine lexical access and semantic retrieval. De-
groot et al. (1994) and Kroll and Stewart (1994)
found that both forward (L; — Ls) and backward
(Ly — Lyy) translation are influenced by familiarity,
frequency, and conceptual mediation, with backward
translation sometimes requiring more effort due to
increased semantic processing.

La Heij et al. (1996) challenged the asymme-
try hypothesis, showing that semantic context can
affect backward translation more strongly than for-
ward translation. Salamoura and Williams (1999)
further concluded that both translation directions
engage in shared semantic retrieval systems.

In applied linguistics, Waijanya and Mingkhwan
(2014) used BT to assess Thai poetry translations,
finding that BLEU and METEOR metrics applied to
BT were helpful in validating machine-generated po-
etic outputs. Recent works, such as He et al. (2023)
and Zhang Y et al. (2025), have explored directional-
ity effects in Chinese—English translation tasks using
semantic blocking paradigms, confirming persistent
asymmetries in cognitive processing.

7.2 RTT as a bilingual evaluation tool

RTT has been a longstanding but controversial
MT evaluation method. Somers (2005) and Aiken
and Park (2010) argued that RTT often fails to re-
flect fine-grained translation quality, though it may
capture system-level tendencies in the absence of ref-
erence translations.

Zhuo et al. (2023) reevaluated RTT in the
context of neural MT, showing improved correla-
tion with quality metrics, especially in low-resource
and unsupervised settings. More recently, Yung
et al. (2025) applied RTT as a prompt sanitization
technique in LLMs, leveraging round-trip through
multiple languages to increase robustness against
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adversarial inputs.
7.3 BT in machine learning and neural MT

BT has played a central role in neural MT since
Sennrich et al. (2016) demonstrated its effectiveness
in augmenting target-side monolingual data to im-
prove BLEU scores. Hoang et al. (2018) introduced
iterative BT to refine synthetic parallel corpora, and
Edunov et al. (2018) found that sampling-based BT
outperformed beam search in model training.

Artetxe et al. (2018) extended BT to fully un-
supervised MT, narrowing gaps with supervised sys-
tems. Applications of BT have since expanded be-
yond MT to include sentiment preservation (Troiano
et al., 2020), short-text classification (Marivate and
Sefara, 2020), ABSA (Taheri et al., 2025), psycho-
logical validation (Glidden-Tracey and Greenwood,
1997), dictionary construction (Chan, 2004), and
low-resource translation (e.g., Chinese—Vietnamese)
(Li HZ et al., 2020).

Recent works include DUAL-REFLECT (Chen
et al., 2024b), a dual learning framework using
BT to enhance semantic alignment. Brimacombe
and Zhou (2023) introduced quick back-translation
(QBT), dramatically improving training efficiency
without degrading quality. LLM-centric works, such
as Chung and Kim (2025) and Gain et al. (2025),
highlight BT as a key component of modern LLM-
based translation pipelines.

7.4 Chinese NLP and idiomatic semantics

Preserving metaphorical and poetic meaning in
Chinese NLP is uniquely challenging. Seminal works
in metaphor translation (Schéffner, 2004; Baker,
2018) stress the difficulty of conceptual mapping
between culturally distinct languages. In Chinese—
English literary translation, fidelity to rhythm and
poetic imagery, as studied in Chen et al. (2024a),
remains a high standard.

Research on LLM memory mechanisms offers
a critical context for understanding verbatim BT.
Brown et al. (2020) proposed that memory is en-
coded parametrically in model weights. Shan et al.
(2025) categorized cognitive memory types in LLMs;
Modarressi et al. (2024) introduced read—write mod-
ules for long-term retention; Yang HK et al. (2024)
externalized memory to reduce model size; Zhang
ZY et al. (2024) provided a comprehensive review

of memory in LLM agents. Additionally, Tao et al.
(2024) introduced CUDRT to benchmark reasoning
consistency and detect overfitting.

In idiom processing, recent models have im-
proved performance via masking and compositional
modeling (Wei et al., 2019; Qiang et al., 2023; Wu
et al., 2024). Our LLM-BT framework builds on this
by quantifying semantic drift and surface illusion in
idiom- and metaphor-rich corpora.

8 Conclusions and future work

This study demonstrates that LLMs can surpass
traditional MT tools in Chinese BT, particularly in
scientific domains, yet remain limited in capturing
metaphorical nuance and cultural resonance. Us-
ing our modular NLPMetrics pipeline, we show that
higher BLEU or CHRF scores often coincide with
semantic flattening—a phenomenon we define as the
paradox of poetic intent.

BT here serves not merely as a diagnostic tool,
but as a lens to reveal trade-offs between literal fi-
delity and interpretive depth. Our findings high-
light that current LLMs approximate cultural trans-
lation largely through memorization or probabilistic
shortcuts, falling short in idiomatic and metaphor-
rich contexts. This reframes BT as a multidimen-
sional, behavior-aware evaluation strategy with im-
plications for CNLP, cross-lingual studies, and LLM
explainability.

Our main contributions lie in conceptualiz-
ing the paradox of poetic intent, proposing a re-
producible LLM-BT framework with multidimen-
sional evaluation metrics, and offering empirical
insights into divergent model behaviors—ranging
from verbatim reproduction to creative paraphras-
ing—supported by new theoretical constructs such
as verbatim back-translation, poetic drift, and quasi-
self-awareness.

Looking forward, future work will expand the
corpus to low-resource poetic and hybrid texts, in-
tegrate human preference ratings alongside met-
rics, and explore prompt engineering and hybrid
retrieval-generation strategies to better preserve
intent across translation cycles.

As LLMs move into culturally sensitive ap-
plications, ranging from translation to education,
ensuring that cross-linguistic meaning is preserved
with accountability becomes not only a technical
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challenge but also a cultural imperative.
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