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Abstract

This study evaluates how web-based machine translation (MT) systems and large language model (LLM) translation agents
perform in the English translation of Chinese city publicity texts. City publicity translation is a high-stakes form of institutional
intercultural communication: it must be factually accurate, culturally legible, pragmatically appropriate, accessible to
international readers, and capable of representing a city image without exaggeration or distortion. A corpus of 90 official Chinese
source segments from Qingdao, Xi'an, and Hangzhou was translated under four conditions: DeepL web MT, Google Translate
web MT, a GPT-5.5 translation agent, and a DeepSeek V4 Pro translation agent, yielding 360 English translations. Two trained
coders independently evaluated all translations on five 1-5 dimensions: accuracy, cultural adequacy, pragmatic appropriateness,
audience accessibility, and city image representation. Formal coding showed acceptable to strong reliability: Cohen's kappa for
primary issue coding was 0.777, and quadratic weighted kappa values for the five rating dimensions ranged from 0.786 to 0.847.
The strongest composite score was observed for DeepL. web MT (M=4.683), followed by GPT-5.5 (M=4.599), DeepSeck V4
Pro (M=4.553), and Google Translate (M=4.261). Paired permutation tests showed that DeepL, GPT-5.5, and DeepSeek V4 Pro
all significantly outperformed Google Translate on composite quality, while the differences between DeepL and the two LLM
agents were not statistically significant. The findings therefore do not support a simple claim that LLM agents uniformly surpass
MT. Instead, they suggest that LLM agents can reach a strong MT baseline and may offer pragmatic and audience-oriented
affordances, while their value depends on the benchmark system, the target discourse function, and the evaluation dimension.
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1. Introduction

Chinese city publicity texts increasingly circulate in multi- not share the historical, administrative, or symbolic

lingual digital environments. Municipal profiles, tourism in-
troductions, cultural heritage descriptions, and international
communication materials do more than transmit information.
They construct an outward-facing image of the city, mediate
culturally dense local meanings, and address readers who may

knowledge assumed by the Chinese source text. English trans-
lation in this setting is therefore both a linguistic and an inter-
cultural communication task. The translated text must remain
faithful to the source, but it must also function as public-facing
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discourse for readers who may approach the city through tour-
ism, investment, education, cultural exchange, or international
news.

The rapid adoption of web machine translation (MT) and
large language model (LLM)-based translation agents has
changed how such texts are produced. Neural machine trans-
lation has become the dominant paradigm of contemporary
MT, with sequence-to-sequence and Transformer architec-
tures reshaping the field after the work of Bahdanau et al. [13],
Wu et al. [14], and Vaswani et al. [15]. Commercial systems
such as DeepL and Google Translate are accessible, fast, and
widely used for draft translation. LLM agents, by contrast, can
be prompted to consider audience, genre, public-facing tone,
and cultural explanation. Studies of GPT-style models suggest
that they can be competitive for high-resource translation di-
rections, especially when prompt design and context are well
controlled [9]. Yet the same literature also warns that LLM
translation quality is uneven across languages, domains, and
evaluation settings.

These differences make the city publicity genre a useful test
case for artificial intelligence (Al)-mediated translation. If
LLM agents have an advantage, it should appear not only in
semantic accuracy but also in cultural adequacy, pragmatic
appropriateness, accessibility, and city image representation.
Such dimensions are not peripheral. A city publicity text may
contain compressed institutional titles, scenic metaphors, pol-
icy slogans, cultural heritage references, or place-name histo-
ries. A literal translation can be intelligible yet unsuitable as
external communication; an explanatory translation can be ac-
cessible yet over-expanded; and a fluent translation can still
distort a historically sensitive term. These risks align with
broader concerns in translation studies that quality cannot be
reduced to lexical equivalence or surface fluency [1-3].

However, current discussion of LLM translation often
moves faster than evidence. Claims about LLM superiority are
frequently made without a strong human-coded baseline,
without blinding, or without separating different quality di-
mensions. In public-sector international communication, such
simplification is risky. A fluent output may still misrepresent
institutional voice; a culturally explanatory output may intro-
duce unsupported additions; and a literal but accurate output
may still fail to serve international readers. This study there-
fore compares web MT and LLM-agent translation using a
controlled corpus design and multidimensional human coding.

The contribution of this study is threefold. First, it provides
a dataset-based comparison of four translation conditions for
Chinese city publicity texts, a genre underrepresented in em-
pirical MT and LLM evaluation. Second, it develops a human-
coding framework that combines scalar quality dimensions
with issue-code diagnosis, drawing on the logic of human
evaluation and multidimensional quality assessment rather
than relying on automatic metrics alone. Third, it shows that
the relevant conclusion is not a categorical claim about "MT
versus LLM", but a benchmark-sensitive finding: the two
LLM agents significantly outperform Google Translate but do
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not significantly outperform DeepL.

2. Literature Review

2.1. From Neural Machine Translation to LLM
Translation

Modern MT research has moved from phrase-based and sta-
tistical systems toward neural architectures. Bahdanau et al.
[13] introduced attention-based neural machine translation,
which addressed limitations in fixed-length sentence represen-
tation. Wu et al. [14] presented Google's neural machine trans-
lation system as a large-scale industrial approach to improving
fluency and adequacy. Vaswani et al. [15] then introduced the
Transformer architecture, which has become central to con-
temporary MT and LLM systems. Koehn [ 16] emphasizes that
neural machine translation quality depends not only on model
architecture but also on data, domain, language pair, and eval-
uation method.

LLM translation builds on this trajectory but differs from
specialized MT systems in important ways. GPT-style models
can be prompted for zero-shot or few-shot translation without
being exclusively trained as translation engines. Hendy et al.
[9] conducted a broad evaluation of GPT models for machine
translation and found competitive performance in high-re-
source settings, while also noting limitations in low-resource
and domain-shifted conditions. Kocmi and Federmann [10]
further showed that LLMs can be powerful translation-quality
evaluators under certain prompt settings, but their work is
more directly about evaluation than production. Qian et al. [11]
ask what information LLMs need for MT evaluation and re-
port that reference translations, source information, and
prompt design affect reliability. Qian et al. [12] similarly show
that LLM-based quality estimation can be unstable in user-
generated content, especially when outputs fail to follow the
requested format.

These findings suggest caution in treating LLM translation
as a uniform improvement over MT. LLMs may be more con-
text-sensitive and flexible, but they also introduce new risks:
prompt dependence, over-generation, refusals or format insta-
bility in evaluation settings, and plausible but unsupported
elaboration. For city publicity translation, these risks matter
because the target text must be persuasive but not invented,
culturally accessible but not over-explained, and institution-
ally polished but not rhetorically inflated.

2.2. Human Evaluation and Multidimensional
Quality Assessment

Human evaluation remains central to MT research because
automatic metrics often fail to capture the full range of trans-
lation quality. Bilingual Evaluation Understudy (BLEU), in-
troduced by Papineni et al. [17], has been influential because
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it provides a low-cost corpus-level comparison against refer-
ence translations. Yet BLEU is limited for public-facing trans-
lation because it does not directly measure pragmatic appro-
priateness, cultural mediation, institutional tone, or city image
representation. Freitag et al. [4] argue that human evaluation
of high-quality MT is difficult and that inadequate evaluation
procedures can lead to incorrect system rankings. Their
MQM-based study highlights the importance of expert anno-
tation, error typologies, and document context.

The broader Multidimensional Quality Metrics (MQM) tra-
dition provides a useful model for analytic translation evalua-
tion. Lommel et al. [5] describe MQM as a framework that
combines error typology with scoring models, enabling fine-
grained assessment beyond general fluency or adequacy. Re-
cent work has continued to adapt MQM-like approaches to
different discourse conditions. Li et al. [18] develop MQM-
Chat for chat translation, emphasizing that stylized and dia-
logue-specific content requires tailored evaluation. Magdy et
al. [19] propose a linguistically motivated multidimensional
framework for dialect- and culture-sensitive MT evaluation,
arguing that language-agnostic metrics may miss pragmatic
and sociolinguistic errors.

This study does not implement full MQM span-level anno-
tation, but it follows the same analytic principle: translation
quality should be decomposed into interpretable dimensions
and error categories. The five score dimensions in the present
study correspond to the needs of city publicity translation ra-
ther than to a generic MT benchmark. Accuracy captures
source fidelity; cultural adequacy captures culture-specific
transfer; pragmatic appropriateness captures institutional and
public-facing tone; audience accessibility captures target-
reader legibility; and city image representation captures the
public communication function of the translation.

Intercoder reliability is also essential. Cohen's kappa and
weighted kappa are widely used to assess agreement beyond
chance for categorical and ordinal judgments [6-8]. In transla-
tion evaluation, reliability is especially important because
coders may differ in expectations about literalness, fluency,
cultural explanation, and acceptable adaptation. Licht et al.
[20] note that human evaluation across language pairs can suf-
fer from variability, and they propose calibrated methods to
improve consistency. The present study therefore reports reli-
ability before interpreting condition-level results.

2.3. Cultural and Pragmatic Dimensions

Translation studies has long treated translation as intercul-
tural mediation rather than word substitution. Katan [2] argues
that translators mediate across cultural frames, while House [1]
emphasizes that translation quality assessment must consider
register, genre, and function. Munday et al. [3] similarly pre-
sent translation as a field in which linguistic choices are bound
to communicative purpose and social context. O'Brien [25]
frames translation increasingly as human-computer interac-
tion, which is relevant here because Al-assisted translation
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changes how human evaluators, tools, and institutional com-
munication goals interact.

Culture-specific translation remains difficult for MT sys-
tems. Tang [21] shows that Chinese idiom translation is chal-
lenging even when datasets are constructed to support ma-
chine and human learning. Yao et al. [22] propose culturally
aware MT benchmarking and argue that culture-specific items
require pragmatic assessment, not only semantic matching.
Wang et al. [23] find that Google Translate can struggle with
Chinese cultural and historical expressions when compared
with human expert translations. These studies support the
need for evaluating Chinese city publicity translation through
cultural and pragmatic dimensions.

Publicity-oriented translation adds another layer. Jiang and
Zhang [24] examine hedges in translations of publicity-ori-
ented documents and show that translated institutional dis-
course can shift in frequency and strategy across time and di-
rectionality. Although their focus differs from the present
study, their work supports the view that publicity translation
is a register-sensitive domain in which rhetorical and prag-
matic choices matter. For Chinese city publicity texts, the
translation must often negotiate between official discourse,
tourism appeal, and international readability. A direct transla-
tion of a phrase such as "golden name card" may preserve the
metaphoric form but fail as idiomatic public-facing English; a
more adaptive translation may improve readability but risk
over-explicitation or promotional exaggeration.

2.4. Research Gap

The literature supports three conclusions. First, MT and
LLM translation systems must be evaluated against strong
baselines and in specific domains rather than as broad tech-
nology categories. Second, human-coded multidimensional
evaluation remains necessary when the target task includes
cultural, pragmatic, or institutional functions. Third, Chinese
publicity translation provides an important but underexamined
test case because it combines factual reference, cultural repre-
sentation, and public image construction.

This study addresses the gap by comparing DeepL, Google
Translate, GPT-5.5, and DeepSeek V4 Pro on the same set of
Chinese city publicity source texts. It asks whether LLM
agents outperform web MT systems, but it does so in a way
that allows the answer to be benchmark-sensitive rather than
predetermined.

2.5. Research Questions

This study addresses three research questions (RQs). The
questions separate system comparison from broad categorical
claims about MT and LLMs because the category label itself
is less informative than the performance of a specific system
under a specific translation task.

RQl. How do DeepL, Google Translate, GPT-5.5, and
DeepSeek V4 Pro compare across accuracy, cultural adequacy,
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pragmatic appropriateness, audience accessibility, and city
image representation?

RQ2. Which translation problems are most salient across
the four translation conditions?

RQ3. Do LLM translation agents outperform web MT sys-
tems, or do their advantages depend on the benchmark system
and evaluation dimension?

3. Method

3.1. Corpus and Translation Conditions

The corpus contains 90 Chinese city publicity segments
from Qingdao, Xi'an, and Hangzhou. The texts cover four
broad text types: city profiles, tourism publicity, cultural her-
itage, and international communication. These texts were se-
lected because they combine factual information with public-
facing representation. Many contain local place names, ad-
ministrative expressions, historical events, scenic metaphors,
and culturally loaded descriptions that require more than lit-
eral semantic transfer.

Each source segment was translated under four conditions:
DeepL web MT, Google Translate web MT, GPT-5.5 LLM
agent, and DeepSeek V4 Pro LLM agent. The full design pro-
duced 360 translation records. The two web MT systems were
used as mainstream accessible translation baselines. The two
LLM-agent conditions were included to test whether prompt-
able agents can provide better audience adaptation and cul-
tural-pragmatic mediation.

The design is paired by source segment: every Chinese
source has four English translations. This makes it possible to
compare systems while holding source difficulty constant. It
also matches the practical evaluation problem faced by insti-
tutions: given the same Chinese publicity text, which Al-as-
sisted output is more suitable for public-facing English com-
munication? The materials consisted of publicly available city
publicity texts and system-generated translations; no personal
data, sensitive private records, or participant-identifiable in-
formation were collected. Al tools were used as the evaluated
translation conditions and as limited writing-support tools for
language polishing and manuscript formatting, while all re-
search design decisions, coding procedures, data interpreta-
tion, and final manuscript responsibility remained with the au-
thor.

3.2. Blinded Human Coding

Two coders independently evaluated all 360 translations.
The coding workbooks were blinded: coders saw the Chinese
source text, English output, city, text type, and a blinded item
identifier, but not the translation condition. For each source
segment, the four translations remained grouped but were ran-
domly ordered within the group. The condition mapping was
held in a separate file and used only after independent coding
was complete.
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Each translation was rated on five 1-5 dimensions: accuracy,
cultural adequacy, pragmatic appropriateness, audience acces-
sibility, and city image representation. Coders also assigned a
primary issue code and a secondary issue code. The issue-code
inventory included None, terminology error, omission, addi-
tion, literalism, cultural opacity, pragmatic mismatch, factual
drift, over-explicitation, readability problem, encoding/format
artifact, and Other.

The first pilot coding round was discarded after the coder
pair was changed. A second pilot round with the new pair
showed sufficient agreement to proceed. The present results
are based only on the formal 360-record coding and do not use
the superseded first-round pilot data.

3.3. Reliability and Statistical Analysis

Intercoder reliability was calculated before any reconcilia-
tion. Cohen's kappa was used for categorical issue-code agree-
ment. Quadratic weighted kappa and intraclass correlation co-
efficient (ICC) were used for ordinal 1-5 score dimensions.
For condition-level score analysis, the two coders' ratings
were averaged for each translation record. A composite score
was calculated as the mean of the five-dimension scores. Is-
sue-code distributions were treated as diagnostic evidence
pending final adjudication, while scalar ratings were used for
the main condition comparison because their intercoder relia-
bility was consistently high.

Because each condition translated the same 90 source seg-
ments, condition comparisons used paired source-level con-
trasts. Pairwise composite differences were summarized using
mean paired difference, Cohen's dz, and two-tailed paired per-
mutation tests based on random sign flipping. This procedure
is appropriate for the within-source design and avoids relying
on distributional assumptions that may be fragile with
bounded 1-5 ratings.

3.4. Operationalization of Publicity-Translation
Quality

The five rating dimensions were designed to reflect both
translation studies theory and the communicative require-
ments of city publicity. Accuracy was defined as the degree to
which propositional content, named entities, temporal rela-
tions, institutional roles, and causal relations were preserved.
A translation could be fluent and still receive a lower accuracy
score if it changed a historical relation, mistranslated an event
name, or omitted a limiting condition from the Chinese source.
Cultural adequacy was defined as the handling of culturally
marked expressions, place-based symbolism, historical refer-
ences, idioms, heritage terms, and metaphoric language. This
dimension therefore covered not only whether a cultural item
was translated, but also whether the target-language rendering
made the cultural item interpretable without flattening its local
specificity.

Pragmatic appropriateness was defined as the fit between
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the English translation and the institutional-publicity function
of the source text. City publicity texts often occupy a mixed
register: they are informative, promotional, culturally repre-
sentative, and institutionally cautious at the same time. A
translation could lose points on this dimension if it sounded
like a mechanical tourist note, an inflated advertising slogan,
or an informal travel blog when the source required public-
institutional style. Audience accessibility was defined from
the perspective of international readers who do not necessarily
know Chinese administrative categories, place-name histories,
or culturally compressed expressions. This dimension re-
warded clear, idiomatic, and reader-oriented English, while
penalizing calques that preserved Chinese form at the expense
of target-reader comprehension. City image representation
was defined as the extent to which the translation supported a
credible and proportionate representation of the city. This di-
mension was deliberately separated from pragmatic appropri-
ateness because a translation may be grammatically and prag-
matically acceptable while still weakening, exaggerating, or
distorting the intended public image.

The primary-issue code complemented the five scores by
requiring coders to identify the most salient problem in each
translation. This design prevents the scalar ratings from be-
coming impressionistic general quality judgments. For exam-
ple, two translations may receive similar composite scores for
different reasons: one may contain a small factual drift in an
otherwise elegant sentence, while another may be accurate but
culturally opaque and awkward for international readers. The
issue-code layer makes these differences analyzable. It also
aligns the study with human-evaluation and MQM-inspired
approaches in which error diagnosis and quality scoring are
treated as related but not identical forms of evidence [4, 5].

This operationalization also responds to a limitation in many
comparisons of LLMs and MT systems. If evaluation relies
only on overall preference or a single adequacy-fluency score,
the result may reward surface fluency and under-detect cultural
or pragmatic risk. The present rubric therefore makes the eval-
uation task harder but more relevant to the target genre. A sys-
tem that performs well under this framework must preserve
source meaning, avoid unsupported elaboration, communicate
to international readers, and maintain a credible institutional
voice. These demands are precisely why city publicity transla-
tion is a useful test case for Al-mediated translation.

4. Results

4.1. Data Completion and Reliability

All 360 translation records were successfully matched
across Coder A, Coder B, and the randomization mapping ta-
ble. The final dataset contains 90 source segments, four trans-
lations per source, and 90 translations per condition.

Table 1 reports the core intercoder reliability results. Pri-
mary issue-code agreement was substantial (kappa=0.777).
The five scalar dimensions also showed acceptable to strong

227

reliability, with quadratic weighted kappa values ranging from
0.786 for accuracy to 0.847 for cultural adequacy. These re-
sults support the use of coder-averaged ratings for condition-
level analysis.

Table 1. Intercoder reliability summary.

Measure Result

Primary issue code Cohen's kappa=.777; N=360

Accuracy Quadratic weighted kappa=.786

Cultural adequacy Quadratic weighted kappa=.847

Pragmatic appropriateness  Quadratic weighted kappa=.822

Audience accessibility Quadratic weighted kappa=.809

City image representation ~ Quadratic weighted kappa=.834

The reliability pattern is important for the interpretation of
the study. It indicates that the coders did not merely agree on
obvious adequacy or fluency judgments; they also achieved
consistent ratings on culturally and pragmatically oriented di-
mensions. This supports the methodological claim that city
publicity translation can be evaluated through a multidimen-
sional human-coding framework.

4.2. Condition-Level Quality Scores

Table 2 reports composite scores by translation condition.
DeepL achieved the highest composite mean (M=4.683), fol-
lowed by GPT-5.5 (M=4.599), DeepSeek V4 Pro (M=4.553),
and Google Translate (M=4.261). The ranking qualifies a sim-
ple LLM-versus-MT narrative. The two LLM agents clearly
exceeded Google Translate, but neither exceeded DeepL on
composite quality.

Table 2. Composite scores by condition.

Condition Composite mean

DeepL web machine translation 4.683
Google Translate web machine translation ~ 4.261
GPT-5.5 large language model agent 4.599
DeepSeek V4 Pro large language model 4553

agent

The dimension-level scores further clarify the pattern.
DeepL received the highest mean for accuracy (4.850), prag-
matic appropriateness (4.633), and city image representation
(4.683). DeepSeek V4 Pro was close to DeepL on cultural ad-
equacy (4.506 vs. 4.567) and audience accessibility (4.611 vs.
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4.683). GPT-5.5 performed strongly on accuracy (4.811), au-
dience accessibility (4.594), and city image representation
(4.617). Google Translate was consistently lowest across all
five dimensions, especially cultural adequacy (4.122) and
pragmatic appropriateness (4.183).

Dimension profile by condition:

DeepL web MT: Accuracy=4.850; Cultural ade-
quacy=4.567; Pragmatic appropriateness=4.633; Audience
accessibility=4.683; City image representation=4.683.

Google Translate web MT: Accuracy=4.544; Cultural ade-
quacy=4.122; Pragmatic appropriateness=4.183; Audience
accessibility=4.217; City image representation=4.239.

GPT-5.5 LLM agent: Accuracy=4.811; Cultural ade-
quacy=4.428; Pragmatic appropriateness=4.544; Audience
accessibility=4.594; City image representation=4.617.

DeepSeek V4 Pro LLM agent: Accuracy=4.750; Cultural
adequacy=4.506; Pragmatic appropriateness=4.411; Audi-
ence accessibility=4.611; City image representation=4.489.

4.8

4.7 4.683

4.599
4.6

4.553

4.5

4.4

4.3 4.261

Composite mean

4.2

4.1

4.0 T T T T

peeP- P52 Deepsee\‘ Goode

Figure 1.
ditions.

Composite Quality Scores Across Four Translation Con-

4.3. Paired Composite Comparisons

Table 3 reports paired permutation tests for composite
scores. DeepL significantly outperformed Google Translate
(mean difference=0.422, dz=0.648, p<0.0001). GPT-5.5 and
DeepSeek V4 Pro also significantly outperformed Google
Translate. However, DeepL did not significantly differ from
GPT-5.5 (p=0.216), and its difference from DeepSeek V4 Pro
was only marginal (p=0.0646). GPT-5.5 and DeepSeek V4
Pro were not meaningfully different from each other
(p=0.5325).

Table 3. Paired permutation tests for composite score.

Paired contrast Result

Difference=+0.422; dz=0.648;

DeepL vs. Google Translate p<.0001
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Paired contrast Result

Difference=+0.084; dz=0.133;

DeepL vs. GPT-5.5 p=216

Difference=+0.130; dz=0.201;

DeepL vs. DeepSeek V4 Pro p=0646

Difference=-0.338; dz=-0.484;

Google Translate vs. GPT-5.5 p<.0001

Difference=-0.292; dz=-0.401;
p=.0004

Google Translate vs.
DeepSeek V4 Pro

Difference=+0.046; dz=0.067;

GPT-5.5 vs. DeepSeek V4 Pro p=5325

These results indicate that the main empirical contrast is not
"LLM agents versus MT" as a broad category. Instead, the
weaker condition is Google Translate, while DeepL and the
two LLM-agent conditions form a stronger group with rela-
tively small internal differences. This finding is important for
applied translation workflows because it shows that the value
of LLM translation should be judged against a strong MT
baseline rather than against MT in general.

4.4. Qualitative Case Evidence

To make the score patterns interpretable, three coder-agreed
cases were examined qualitatively. These examples are not
used as isolated proof of system quality; rather, they illustrate
the kinds of issues reflected in the aggregate scores.

Table 4. Representative qualitative cases.

Case Coder-agreed interpretation

Literalism; composite score=3.3; the

F 1 .
069, Google metaphor was transferred too literally for

Translat . . .
ransiate public-facing English.
Factual drift; composite score=2.7; a his-
F020, DeepL torically dense item was rendered inaccu-

rately.

Over-explicitation; composite score=3.6;
the output added promotional elaboration
beyond the source.

F044, DeepSeck
V4 Pro

The examples clarify why the quantitative findings should
not be read as a simple fluency ranking. Google Translate's
lower score is partly associated with literal calques and public-
facing awkwardness. DeepL's strong average performance
does not remove the need for fact checking. LLM-agent out-
puts can sound rhetorically polished, but this polish may in-
volve additional evaluative language or over-expansion.
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These qualitative observations support the paper's central in-
terpretation: Al-mediated city publicity translation should be
assessed as a balance among accuracy, cultural mediation, au-
dience accessibility, and institutional voice.

4.5. Issue-Code Evidence

Issue-code reliability was substantial, but 48 issue-code dis-
agreements remained. Two score disagreements of two points
or more were also flagged. For this reason, the present revision
treats issue-code results as diagnostic rather than final. The
coder-level issue distribution already suggests a consistent
qualitative pattern: Google Translate produced more visible
problem codes, especially literalism, terminology error, read-
ability problem, and factual drift. DeepL had the highest pro-
portion of None primary codes. The LLM-agent outputs re-
duced many Google-type surface problems but still require
close checking for additions, over-explicitation, and prag-
matic shifts.

The next version should include an adjudicated issue-code
table. At the current stage, the scalar ratings are sufficiently
reliable for condition-level analysis, while issue-code inter-
pretation should remain cautious until reconciliation is com-
plete.

5. Discussion

5.1. Benchmark Choice Matters

The formal results refine the study's central claim. LLM
agents did not uniformly outperform web MT. Rather, they
performed substantially better than Google Translate and ap-
proximately at the level of DeepL. The qualitative cases fur-
ther show why this pattern should be interpreted as a bench-
mark-sensitive result rather than a technology-category result.
If Google Translate is the MT benchmark, the evidence sup-
ports a clear LLM-agent advantage. If DeepL is the bench-
mark, the evidence supports LLM-agent parity rather than
LLM-agent superiority.

This distinction matters for both research and practice. In
research, it warns against treating "MT" as a homogeneous
category. In practice, it suggests that institutions should not
evaluate LLM tools against weak baselines only. A city gov-
ernment or cultural institution deciding whether to use an
LLM agent should compare it with the strongest available MT
workflow, not simply with a generic web translation output.

5.2. Accuracy Alone Is Insufficient

The results also support the multidimensional evaluation
framework. Accuracy scores were high across all four systems,
which suggests that accuracy alone would obscure important
differences. The qualitative cases also show that high fluency
may coexist with literalism, factual drift, or over-explicitation.
The largest practical separation appeared in cultural adequacy,
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pragmatic appropriateness, audience accessibility, and city
image representation. These dimensions are central to interna-
tional city communication because the task is not merely to
avoid mistranslation but to make the city legible, credible, and
institutionally appropriate for international readers.

This finding aligns with cultural and pragmatic approaches
to translation quality. City publicity translation is not a domain
in which literal transfer is automatically desirable. It requires
judgment about when to preserve local specificity, when to
explain it, and when to avoid adding unsupported promotional
language. The "golden name card" example illustrates the cost
of literal metaphor transfer. The "Sino-German War" example
illustrates the risk of historically sensitive factual drift. The
"legendary 72 Valleys" example illustrates the risk of rhetori-
cal over-expansion. These are different problems, and a single
automatic metric would struggle to represent their communi-
cative significance.

5.3. Practical Workflow Implications

The findings have practical implications for municipal
translation workflows. Google Translate may be useful for
rough comprehension, but the present data do not support re-
lying on it for polished city publicity translation. DeepL ap-
pears to be a strong baseline for English drafting. LLM agents
are promising for controlled adaptation, especially when
prompts specify audience, genre, and public-facing tone. Nev-
ertheless, human review remains necessary because high av-
erage scores can coexist with localized risks such as factual
drift, unsupported addition, or over-explicitation.

A defensible workflow would therefore be hybrid. For low-
risk factual segments, DeepL or an LLM agent may generate
an initial draft. For culturally dense, historically sensitive, or
image-building passages, a human translator or editor should
review terminology, factual relations, and public-facing tone.
LLM agents may be especially useful in generating alternative
phrasings or audience-adapted versions, but their suggestions
should be checked against the Chinese source and, where
available, official English references.

5.4. Methodological Contribution

The study also contributes methodologically. The coding
framework performed reliably across two independent coders
and 360 translation records. The high weighted kappa values
suggest that dimensions such as cultural adequacy, audience
accessibility, and city image representation can be operation-
alized for empirical evaluation. This is important because pub-
lic-sector translation quality often remains discussed in broad
normative terms. A transparent coding framework makes the
evaluation more reproducible and allows translation technol-
ogy claims to be tested against human judgments.

The study also shows the value of pairing quantitative and
qualitative evidence. The condition means identify system-
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level patterns, while the case evidence shows why those pat-
terns matter. Together, they support a more precise conclusion
than either method alone.

5.5. Implications for LLM-Agent Evaluation

The findings have implications for how LLM translation
agents should be evaluated. First, an LLM-agent condition
should not be treated as a monolithic technology. In practical
use, the output depends on the model, prompt, context window,
system instruction, temperature setting, and the human opera-
tor's ability to specify genre and audience. This means that fu-
ture studies should report the agent configuration as part of the
method, just as MT studies report system versions and lan-
guage directions where possible. Without this information, the
comparison becomes difficult to reproduce and the claim of
superiority becomes too broad.

Second, the results suggest that the most relevant compari-
son is not between "traditional MT" and "LLMs" in the ab-
stract, but between specific workflows. DeepL as a strong web
MT baseline produced the highest mean score in this dataset,
while the two LLM agents performed close to DeepL and sub-
stantially better than Google Translate. This pattern is con-
sistent with recent work showing that LLMs can be strong
translation systems and evaluators, but that their performance
varies with task setting and evaluation design [9-12]. For a
city-publicity workflow, the practical question is therefore
whether an LLM agent adds value beyond a strong MT draft
plus human editing. The current evidence suggests that the an-
swer is conditional: LLM agents are useful when they are
prompted for audience adaptation and alternative phrasing,
but they do not remove the need for source-based verification.

Third, the study suggests that evaluation should include neg-
ative affordances as well as positive affordances. LLM agents
are often praised for producing natural and rhetorically polished
target texts. In city publicity translation, however, rhetorical
polish can become a source of risk if it introduces scenic adjec-
tives, evaluative intensifiers, or explanatory content not li-
censed by the source. This does not mean that LLM agents are
unsuitable. It means that their strengths must be governed by a
review protocol that distinguishes legitimate adaptation from
unsupported addition. In this sense, the LLM agent is better un-
derstood as an adaptive drafting partner than as an autonomous
replacement for human translation judgment.

Finally, the study contributes to a broader methodological
debate about automatic metrics and human evaluation. Auto-
matic metrics are useful for large-scale system development,
but they are not sufficient for institutional-publicity transla-
tion because the target of evaluation includes reader uptake,
cultural legibility, and public image. A multidimensional hu-
man-coded design is more expensive, but it produces evidence
that is closer to the communicative risks faced by local gov-
ernments, tourism bureaus, museums, and cultural institutions.
This is especially important for Chinese-English translation,
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where culturally compressed source expressions can be for-
mally short but pragmatically dense. The present results there-
fore support a mixed evaluation model: automatic or tool-
based screening may be used for efficiency, but final claims
about public-facing quality should rest on human evaluation
with transparent dimensions and reliability reporting.

5.6. Implications for Corpus-Based Translation
Research

The paired design also has implications for corpus-based
translation research. Much discussion of Al translation relies
on isolated examples: a striking mistranslation, a polished
LLM rewrite, or a favorable comparison between one tool and
one human-preferred output. Such examples are useful for il-
lustrating mechanisms, but they cannot establish system-level
tendencies. The present corpus design addresses this limita-
tion by keeping the source segment constant across four trans-
lation conditions. This makes the comparison sensitive to
source difficulty. A culture-loaded scenic metaphor, a histori-
cally dense sentence, or an institutional slogan is difficult for
all systems; the paired design asks which system handles that
same difficulty more successfully.

At the same time, the results show why corpus size and an-
notation depth must be balanced. A larger corpus would pro-
vide more statistical power and broader coverage, but detailed
human coding becomes costly. A smaller corpus allows care-
ful qualitative interpretation, but risks overgeneralization. The
present dataset of 90 source segments and 360 translations is
therefore best understood as a focused comparative corpus ra-
ther than a universal benchmark. Its value lies in the combina-
tion of paired design, blinded coding, reliability reporting, and
dimension-specific analysis. Future studies could extend this
design by adding more cities, more genres, and more language
directions while preserving the same paired and blinded struc-
ture.

The findings also support a stronger distinction between
"translation output" and "translation workflow." A corpus can
compare final outputs, but public-sector translation is nor-
mally a workflow involving drafting, editing, verification, and
approval. An LLM agent may underperform as an unreviewed
final translator but still improve the workflow by generating
paraphrase options, explaining cultural references, or helping
editors identify audience-accessibility problems. Conversely,
a strong MT system may produce the best first draft but pro-
vide less interactive support during revision. Future corpus
studies should therefore consider adding post-editing time, ed-
itor preference, revision logs, and final publishability judg-
ments. Such measures would connect product-oriented evalu-
ation with process-oriented translation research.

Finally, the study suggests that culturally oriented evalua-
tion should not be reduced to counting culture-specific terms.
Cultural adequacy in city publicity translation is relational: it
depends on the source expression, the presumed international
reader, the communicative function, and the city's desired
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public image. A term may need literal preservation in a herit-
age context, paraphrase in a tourism context, and institutional
explanation in an investment or international-exchange con-
text. This is one reason why the present rubric separates cul-
tural adequacy, pragmatic appropriateness, audience accessi-
bility, and city image representation. This study also treats MT
use as part of translation literacy and workflow design [26-28].
These dimensions overlap in real reading but separating them
analytically helps identify whether a translation fails because
it is wrong, opaque, awkward, inflated, or image-damaging.
This distinction is essential for building an evidence-based ac-
count of Al-mediated publicity translation.

6. Conclusion and Limitations

6.1. Conclusion

This study compared DeepL web MT, Google Translate
web MT, GPT-5.5 LLM-agent translation, and DeepSeek V4
Pro LLM-agent translation for Chinese city publicity texts us-
ing 360 blinded human-coded translation records. The results
show reliable human evaluation and meaningful condition-
level differences. DeepL achieved the highest composite score,
while GPT-5.5 and DeepSeek V4 Pro significantly outper-
formed Google Translate but did not significantly outperform
DeepL. The most defensible conclusion is therefore not that
LLM agents simply surpass MT, but that LLM agents can
reach a strong MT baseline and provide useful affordances for
culturally and pragmatically sensitive translation when com-
bined with human review.

For international city communication, the relevant question
is not whether Al can translate, but which Al-assisted work-
flow can preserve factual accuracy, cultural meaning, public-
facing tone, audience accessibility, and credible city image at
the same time. The evidence in this study supports a bench-
mark-sensitive, human-supervised approach to Al-mediated
translation.

The broader implication is that translation technology eval-
uation should move from tool enthusiasm to task-specific ac-
countability. For city publicity translation, the final product is
not merely an English sentence but an institutional represen-
tation of place, memory, culture, and credibility. Al systems
can accelerate drafting and support revision, but their outputs
still require human judgment capable of reading both the Chi-
nese source and the international communicative situation. A
responsible workflow should therefore combine strong Al
drafting, transparent evaluation criteria, documented human
review, and post-editing decisions that can be justified against
the source text and the intended public function.

6.2. Limitations

Several limitations remain. The most immediate limitation
is that issue-code disagreements have not yet undergone fi-
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nal adjudication, so issue-code patterns are treated as diag-
nostic rather than definitive in this revision. The scalar score
results are reliable enough for the main condition compari-
son, but the issue-code results should be finalized after rec-
onciliation.

Second, the source corpus covers three Chinese cities and
four text types. Broader geographic and genre coverage is
needed before generalizing to all city publicity translation.
Third, the rating scale produced generally high scores, creat-
ing a possible ceiling effect. Future work could add more fine-
grained criteria, span-level error annotation, or post-editing
effort measures. Fourth, LLM-agent performance depends on
the prompt, model version, and task framing. Finally, official
English reference texts were available only for part of the cor-
pus, so the study relies mainly on source-based human evalu-
ation rather than a full official-reference benchmark.
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