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Untranslatables in Taiwanese: A Corpus-Based
Study of Semantic Leakage in Al Translations

Vincent Chieh-Ying Chang

This study proposes a multidimensional metric—Semantic Leakage Indicator (SLI) —to quantify
meaning loss in Al-generated translations of Taiwanese into Mandarin. Drawing on a corpus of
26,046 Taiwanese sentences sourced from diverse spoken and written contexts, the analysis
identifies five morpho-pragmatic features highly susceptible to semantic erosion: aspect markers,
sentence-final particles, reduplication, kinship terms, and directional compounds. The SLI integrates
entropy reduction, back-translation divergence, and semantic embedding shifts to detect
untranslatable constructions that evade surface-level fluency metrics. Results reveal that even when
lexical equivalents are present, high-SLI instances exhibit pragmatic distortion and affective
dissonance. Cluster analysis delineates patterns of leakage across grammatical categories, while
qualitative examples illustrate genre-specific vulnerabilities. The study advances translation studies
by offering a scalable, language-sensitive diagnostic tool for evaluating Al performance on low-
resource, morphologically rich languages. It contributes empirically to discussions on
untranslatability, pragmatics, and meaning preservation in Al translation, with direct implications
for algorithm design, language preservation, and corpus-informed evaluation in underrepresented
languages.
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Introduction

Translation scholars have long contested the assumption that “everything is
translatable,” a challenge that becomes particularly acute when Al systems confront
low-resource languages such as Taiwanese (Tai-gi) ( Z&E ), which lacks standardized
orthography and robust digital resources and is therefore structurally and culturally
underrepresented in training data; even amid major gains in neural machine
translation, the theoretical and practical problem of what remains “untranslatable”
persists. Building on this concern, this study operationalizes semantic leakage—the
distortion, omission, generalization, or pragmatic/stylistic reconfiguration of meaning
in Al-mediated transfer—and proposes a corpus-based method that moves beyond
reference- or human-dependent evaluation (e.g., BLEU, METEOR) by using back-
translation divergence to systematically surface patterns of untranslatability. Using a
corpus of 26,046 Taiwanese sentences translated to Mandarin and back-translated to
Taiwanese with ChatGPT-40, we quantify meaning loss and identify linguistic
features that reliably resist faithful transfer, integrating these signals into a
quantitative metric, the Semantic Leakage Indicator (SLI),! complemented by
qualitative analysis. The contribution is both disciplinary and practical: It links
longstanding theorization—from Catford’s (1965) linguistic versus cultural
untranslatability, through spectrum-based reconceptualizations and Venuti’s (2017)
foreignization/domestication, to Apter’s (2019) political framing of untranslatability
as resistance—to the empirical realities of contemporary Al translation, clarifying
where and how current models systematically fail under conditions of linguistic

diversity.

I The Semantic Leakage Indicator (SLI) is a normalized composite score that quantifies semantic, pragmatic,
and stylistic divergence across a three-step translation chain (source — translation — back-translation);
higher values indicate greater leakage arising from cross-linguistic untranslatability and/or model-specific
limitations.
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My research questions are threefold: (a) What specific patterns of
untranslatability emerge when Al systems translate between Taiwanese and
Mandarin Chinese, considering their linguistic and cultural proximity yet distinct
features? (b) How can semantic leakage be effectively quantified and categorized
using a combination of computational and qualitative methods, moving beyond
simple error counts? (c¢) What linguistic features (lexical, syntactic, pragmatic,
cultural) correlate most strongly with higher degrees of semantic leakage, and what
does this reveal about the challenges faced by Al in handling low-resource
languages? By addressing these questions, I contribute to the ongoing dialogue
between translation theory and computational linguistics, while offering practical
insights for improving Al translation systems for low-resource languages and

fostering more equitable digital communication.

Literature Review

Theoretical Frameworks of Untranslatability: From Dichotomy to
Spectrum

The concept of untranslatability has long haunted translation theory. Catford
(1965) defined it in structural-linguistic terms, distinguishing between linguistic
untranslatability “due to formal non-correspondence between language systems”
(p. 94) and cultural untranslatability “arising from the absence of relevant
situational features or concepts in the target culture” (p. 99). This binary
framework, while foundational, has been significantly expanded by subsequent
scholars. Nida (1964) introduced the influential distinction between formal
equivalence “focusing on the message itself, in both form and content” (p. 159) and

dynamic equivalence “aiming for equivalent effect on the target audience,” (p. 159)
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implicitly acknowledging that perfect translation might require prioritizing one
type of equivalence over another. That said, Catford’s (1965) concept of cultural
untranslatability encompasses a broad spectrum of cultural phenomena, including
idioms, proverbs, and culturally embedded linguistic practices, rather than merely
isolated cultural terms. In my study, I operationalize a narrower category of
“cultural-specific terms” (referring specifically to items related to Taiwanese
customs, rituals, cuisine, and social practices) to enable more granular analysis of
different types of untranslatability. Pym (2023) shifted the conversation toward the
ethics of non-translation and translator agency, emphasizing situations where the
translator chooses not to translate, or only partially does so, as a political or
epistemological gesture. He argues that untranslatability is not merely a technical
limitation but often a deliberate strategy that preserves the integrity of the source
text (ST). Venuti (2017) framed untranslatability within the paradigm of
“resistance,” arguing that foreignizing strategies must preserve the strangeness of
the original rather than domesticate its force. This perspective positions
untranslatability as a positive value rather than a deficiency.

The descriptive translation studies (DTS) paradigm, as articulated by Toury
(2012) and Even-Zohar (2005), moved away from prescriptive notions of
translatability to examine how translations function within target cultures,
regardless of their fidelity to STs. This approach acknowledges that what counts
as “acceptable translation” varies across cultures and historical periods, further
complicating the notion of untranslatability. Pym (2023) later observed that
untranslatability might be better understood as a spectrum of resistance rather
than a binary condition, with some elements requiring greater effort or creativity
to translate than others (p. 136). More recently, Apter (2019) situated
untranslatability within the geopolitics of reading and emphasized its political

implications while proposing that some terms cannot, and perhaps should not, be
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carried across linguistic boundaries, particularly in postcolonial or sacred contexts.
This perspective aligns with what Venuti (2017) termed “foreignization,” a strategy
that deliberately preserves the otherness of the ST. Lai (2024) extends this
argument specifically to Taiwanese contexts, noting that certain cultural-political
terms resist translation precisely because their untranslatability serves as a form of

resistance against linguistic hegemony.

Computational Approaches to Translation Quality and Divergence

Recent evaluations of GPT-4 on low-resource languages have shown similar
performance patterns, with capability gaps widening as language resources
decrease (Liang et al., 2025; Wang & Wang, 2025). Traditional machine translation
evaluation metrics such as BLEU (Papineni et al., 2002), METEOR (Banerjee &
Lavie, 2005), and ROUGE (Lin, 2004) have been criticized for their limited ability
to capture semantic and pragmatic dimensions of translation quality (Callison-
Burch et al., 2006; Reiter, 2018). These reference-based metrics primarily measure
surface-level similarity between machine translations and human references, often
failing to account for valid translation variations or deeper semantic equivalence.
Recent work by Zhang et al. (2019) and Zhao et al. (2019) has attempted to address
these limitations by incorporating contextual embeddings and neural metrics, but
challenges remain in evaluating translations of low-resource languages where high-
quality reference translations are scarce.

Round-trip translation (RTT),> which involves translating from a ST to a target

text (TT) and back to the source language (BT), offers an alternative approach to

2 Round-Trip Translation (RTT) refers to a translation procedure in which a source text is first translated into a
target language and then translated back into the source language. RTT is employed here as a diagnostic tool
to surface semantic leakage by comparing the original source sentence with its back-translated counterpart,
thereby revealing shifts in meaning, pragmatics, or stylistic features introduced during the translation process.
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assessing translation quality without requiring reference translations (Aiken & Park,
2010; Somers, 2005). While RTT has been criticized for potentially masking errors
that persist across both translation directions, recent studies have demonstrated its
utility in identifying specific types of translation problems, particularly when
combined with embedding-based similarity measures (Peng, 2021). The back-
translation approach has gained renewed attention in neural machine translation
research, both as an evaluation technique and as a data augmentation strategy
(Sennrich et al., 2015).

Computational stylometry, which applies statistical methods to analyze
linguistic style, provides another lens for examining translation quality. Stylometric
approaches have been used to detect translationese—the distinctive features that
mark a text as a translation rather than an original (Volansky et al., 2015). Measures
such as lexical diversity, syntactic complexity, and information density can reveal
subtle shifts that occur during translation, even when the semantic content is
preserved. These methods are particularly valuable for identifying cases where
translations maintain denotational meaning but lose stylistic or pragmatic

dimensions.

Taiwanese Language: Linguistic Features and Translation Challenges

Taiwanese (Tai-gi) presents several distinctive linguistic features that pose
challenges for machine translation systems. As a Sinitic language with significant
historical influence from Japanese, Dutch, and indigenous Formosan languages,
Taiwanese exhibits phonological, lexical, and grammatical patterns that diverge
from Mandarin Chinese in important ways. The language features a complex tonal
system (typically seven to eight tones compared to Mandarin’s four, plus complex
tone sandhi rules) (Hsieh, 2014; Zhang, 2014) and lacks a universally adopted

standardized writing system, though T4i-16 romanization ( Z%E ) has gained
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prominence in academic contexts (Cheng, 2016; Hsieh, 2014). Additionally,

Taiwanese presents a classic case of a low-resource language in computational

linguistics. Despite being spoken by approximately 70% of Taiwan’s population

(Chang, 2022), Taiwanese faces significant resource limitations that affect Natural

Language Processing (NLP) performance. In terms of limited parallel corpora, the

largest publicly available Taiwanese-Mandarin parallel corpus contains

approximately 27,000 sentence pairs (Liao, 2022), compared to millions available
for high-resource languages. This corpus exhibits limited domain coverage,
focusing primarily on educational materials and folk literature. As for orthographic
inconsistency, Taiwanese lacks a universally adopted standardized writing system,
with texts appearing in various romanization systems (Peh-oe-ji [Hz55 , Tai-10 =
% ) and Han 7% character variants, complicating corpus development and
consistency (Liu et al., 2016). Concerning quality issues, existing parallel data
often exhibits quality concerns, including non-native expressions, inconsistent
dialectal usage, and alignment errors (Kléter, 2005). Regarding domain gaps,
available corpora overrepresent formal registers and traditional contexts while
underrepresenting contemporary usage, technical domains, and colloquial speech

(Liu et al., 2016). These resource limitations directly impact the performance of Al

translation systems for Taiwanese, potentially exacerbating semantic leakage

beyond what would be observed with more robust resources.
Several specific linguistic features of Taiwanese create challenges for Al
translation systems:

1. Modal and pragmatic particles: Taiwanese employs over 30 sentence-final
particles that encode speaker stance, evidentiality, and interpersonal dynamics
(e.g., “-leh,” “-hoh,” “-lah™). These particles often lack direct equivalents in
Mandarin Chinese, leading to what Capone (2023) terms “pragmatic

compression” (p. 1) in translation. The loss of these particles can significantly
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alter the interpersonal force and pragmatic meaning of utterances, even when
propositional content is preserved.

. Reduplication patterns: Taiwanese uses various reduplication patterns to express
aspectual meanings, intensity, distribution, and affect (e.g., “kong-kong-kio-kio,”
“lidm-lidam-4”). As Zeitoun and Wu (2006) demonstrates, these patterns resist
straightforward translation into languages with different morphological systems.
The semantic and pragmatic nuances conveyed through reduplication are often
flattened or omitted entirely in translation.

. Kinship terminology: Taiwanese maintains a more elaborate kinship terminology
system than Mandarin, distinguishing maternal from paternal relatives and
encoding age relationships among siblings and cousins (e.g., “a-kong” vs.
“a-ma,” “a-hia”” vs. “a-t1”). These distinctions often collapse in translation,
resulting in what Sandel (2002) calls “kinship compression” (p. 257). The social
and cultural information embedded in these terms is frequently lost in
translation.

. Aspect marking: Taiwanese employs a complex system of aspect markers that
interact with verbal semantics in ways that differ significantly from Mandarin
(e.g., “-leh” for progressive, “-koe” for experiential). These differences create
what Sharma and Deo (2009) describes as “aspectual misalignment” (p. 16) in
translation. The temporal and aspectual precision of Taiwanese expressions is
often compromised when translated into languages with different aspectual
systems.

. Sound symbolism and onomatopoeia: Taiwanese makes extensive use of sound
symbolic expressions and onomatopoeia that carry semantic and affective
content (e.g., “sit-sit-s6-s0,” “16-16-10"). These phonological patterns often lose
their iconic quality in translation, resulting in a flattening of the expressive and

affective dimensions of the text.
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Al Translation and the Low-Resource Language Dilemma

Large language models have reshaped machine translation, yet stark
performance disparities remain, leaving low-resource languages such as Taiwanese
disadvantaged due to limited digital corpora, non-standardized orthography, sparse
training-data representation, and architecture-level biases that privilege high-
resource languages (Joshi et al., 2019). Recent evidence further shows that even
state-of-the-art multilingual systems exhibit systematic bias, producing translations
that conform structurally to dominant languages rather than preserving source-
language distinctiveness—an instance of what Joshi et al. (2020) call “linguistic
homogenization” (p. 6282). Evaluating translation quality in such settings is itself
difficult: Reference-based metrics like BLEU (Papineni et al., 2002) presuppose
scarce high-quality human references and often miss pragmatic and cultural
adequacy, motivating culturally sensitive evaluation efforts (Nekoto et al., 2020)
yet leaving unresolved how to robustly measure and improve Taiwanese
translation. Addressing this gap, the present study asks: (a) to what extent do Al
systems exhibit semantic leakage in Taiwanese—Mandarin translation, (b) which
linguistic features are most vulnerable to compression or distortion, and (c) how
semantic loss can be computationally detected without human reference
translations. Using a 26,046-sentence Taiwanese—Mandarin corpus, we integrate
entropy analysis, embedding distance, and back-translation divergence with
qualitative content analysis to introduce the SLI as a pragmatic- and culture-aware
measure of meaning loss beyond surface accuracy, demonstrating that idioms,
cultural terms, structural-pragmatic patterns, and phonological features reliably
drive higher leakage, thereby advancing both translation theory on untranslatability

and practical evaluation for low-resource Al translation.
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Methodology

This study employs a mixed-methods approach combining quantitative
computational analysis with qualitative content analysis to investigate semantic
leakage in Al translations between Taiwanese and Mandarin Chinese. My
methodology consists of four interconnected components: (a) corpus construction,
(b) qualitative content analysis, (c) entropy-based stylometric profiling, and (d)
embedding distance analysis. This multi-faceted approach allows us to triangulate
findings and develop a comprehensive understanding of untranslatability patterns

and their linguistic correlates.?

Corpus Construction

Building on the Taiwanese Across Taiwan (TAT MOE) Corpus (Liao,
2022)—a large-scale dataset developed by Taiwan’s Ministry of Education (MOE)
and curated by the National Academy for Educational Research (NAER)—we
constructed a 26,046-sentence Taiwanese corpus spanning dialogic interactions,
scripted monologues, expository talks, and literary prose, with source texts
originally transcribed in standardized Tai-16 romanization. Each sentence was
translated into Mandarin using ChatGPT-40 (OpenAl, 2025) with the prompt in
Appendix A, then back-translated into Taiwanese using the same model to form a
three-part chain (Taiwanese ST — Mandarin Machine Translation (MT) —
Taiwanese BT) per sentence; meaning loss is diagnosed by comparing the original
and back-translated Taiwanese (Appendix B), and we further implement a
comparative analysis framework to distinguish inherent linguistic untranslatability

from model-specific technical limitations.

3 All data, code, and materials used in this study are available in my public GitHub repository (https://github.
com/ve55chel3 1/taiwanese-semantic-leakage) and are openly archived on Harvard Dataverse (https:/doi.
org/10.7910/DVN/OWM6HO).
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1. Translation Comparison: For a subset of 300 high-SLI sentences, I obtained
professional human translations and calculated the “Human Translation SLI”
using the same back-translation methodology. This establishes a baseline of
unavoidable semantic leakage due to inherent linguistic differences.

2. Error Source Classification: I developed a taxonomy to classify semantic leakage
instances as primarily stemming from:

* Inherent linguistic features: Cases where human translators also struggle and
semantic leakage persists despite expertise

 Technical limitations: Cases where human translators succeed but Al fails,
indicating model inadequacy

* Training data gaps: Cases where specialized models outperform general
models, suggesting data rather than algorithmic limitations

3. Specialized Model Comparison: I compared GPT-40 performance against a fine-
tuned mT5 (Multilingual Text-to-Text Transfer Transformer) model specifically
trained on Taiwanese-Mandarin parallel data (5,000 sentence pairs) to isolate the
effect of task-specific training.

To establish GPT-40’s baseline translation performance for Taiwanese, we
conducted three evaluations: (a) reference-based metrics on 200 professionally
translated Taiwanese-Mandarin sentence pairs from the MOE bilingual corpus,
where GPT-40 achieved BLEU = 31.2, chrF = 62.4, and BERTScore = 0.76; (b)
human evaluation of 100 translations rated by three bilingual speakers on a 5-point
Likert scale, yielding mean adequacy = 3.8 and fluency = 4.2 with Krippendorft’s o
=0.79; and (c) error analysis on 100 randomly selected sentences, showing highest
difficulty for cultural references (27%), idiomatic expressions (23%), and
grammatical particles (18%). For downstream lexical metrics, Taiwanese text was
tokenized with Jieba, and entropy was computed without frequency smoothing (a

choice that may underrepresent rare items and amplify high-frequency effects in
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entropy-reduction estimates); to quantify tool reliability, we benchmarked Jieba on
500 manually segmented sentences (5,782 words) using a gold standard produced
by three native speakers (disagreements resolved by consensus), and tested four
configurations (default Chinese dictionary; + custom Taiwanese lexicon of 12,547
entries; + adjusted word frequencies; + Taiwanese-specific rules), calculating
precision/recall/F1 for boundary identification. The optimized configuration
(default + custom lexicon with adjusted frequencies) achieved F1 = 0.873 (vs.
0.682 default), with remaining errors concentrated in Taiwanese-specific
compounds and reduplication; Table 1 summarizes these configuration gains,
showing F1 improvements from 0.682 up to 0.876 while noting that complex

reduplication remains challenging.

Table 1

Performance Evaluation of Jieba Word Segmentation Configurations for Taiwanese Text Processing

Configuration Precision Recall F1-Score Major error types
D'eftflult Chinese 0714 0.653 0.682 Taiwanese-specific t'ernt\s;
dictionary compounds; reduplication
* C.ustom Taiwanese 0.862 0.851 0.856 Compounds; reduplication
lexicon

Adj .
* dJUSte.d word 0.879 0.867 0.873 Reduplication; rare compounds
frequencies
+ Taiwanese-specific 0.882 0.871 0.876 Complex reduplication patterns

rules

Table 2 summarizes all dataset codes used in this study and clarifies their
provenance and analytical roles, allowing efficient navigation through the
methodological design. Although the table is necessarily detailed and nuanced, all
datasets are primarily derived from a single core corpus (DO, the TAT-MOE—
derived dataset) and are selectively partitioned or complemented by external MOE

resources only when required for human baselines, benchmarking, or model
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training, thereby ensuring both internal coherence and external validity while

keeping the analytical logic transparent and easy to follow.*

Table 2

Dataset Codes, Data Sources, and Analytical Uses

Dataset Size

code (N) Data source Description and analytical use
Full Taiwanese—Mandarin—Taiwanese three-part
DO 26.046 TAT-MOE-derived translation chain. Used for all corpus-wide analyses,
! corpus including SLI computation, distributional statistics, and

the primary translation-chain analyses.

Systematic coding subset expanded from the initial
open coding. Used to validate and stabilize the finalized
coding scheme after inductive pattern discovery.

Sampled from DO

D2 2000 (1At moE)
Human-translation comparison subset. Used to

High-SLI sample from contrast human vs. machine translation and to estimate

b3 300 DO (TAT-MOE) the “inherent vs. technical” decomposition of semantic
leakage. Forms the empirical basis of Figure 2.
Jieba benchmark subset with manual tokenization
D4 500 Random sample from annotations. Used only to evaluate tokenization quality
DO (TAT-MOE) for entropy and Type-Token Ratio (TTR) computations;
not used for translation analysis.
l\/;?aE”Z:hCr;gruils Reference-based evaluation set. Used for BLEU/chrF/
D5-eval 200 P P BERTScore benchmarking. Provides an external validity
(external; non-TAT- .
check independent of TAT-MOE.
MOE)
D5-human- Subset of D5-eval Human evaluation subset. Used for human adequacy
100 ;
eval (MOE) and fluency ratings.

(continued)

4 To eliminate ambiguity, we specify dataset usage as follows: The Taiwanese ST—Mandarin MT—Taiwanese BT
chain is computed on DO (N = 26,046; TAT-MOE—derived); human-translation comparison uses D3 (N = 300), a
high-SLI subset of DO; reference-based metrics use D5-eval (N = 200) from the external MOE bilingual corpus,
with human adequacy/fluency ratings on D5-human (N = 100) and error analysis on D5-error (N = 100) (as
explicitly stated in the text); the Jieba benchmark uses D4 (N = 500) sampled from DO and manually tokenized,
applied only to token-sensitive metrics (entropy/TTR/lexical overlap) and not to translation, mT5 fine-tuning
uses D5-train (N = 5,000) from MOE, and Figure 3 reports learning curves from 1k/2.5k/Sk training splits
evaluated on a consistent MOE test set; qualitative coding starts with Open-coding-init (N = 500) from DO and
expands to D2 (N = 2,000, double-coded) for inter-coder reliability and codebook stabilization.
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Table 2

Dataset Codes, Data Sources, and Analytical Uses (continued)

Dataset Size

Data source Description and analytical use
code (N) P y
Error analysis subset. Used to construct the illustrative
D5-error 100 Subset of D5-eval error taxonomy (a separate, non-overlapping
(MOE) 100-sentence subset of D5-eval, used exclusively for

the manual error taxonomy).

MOE bilingual
parallel corpus
(external; non-TAT-
MOE)

Training data for the mT5 model. Also used to generate
training curves at different data sizes (1k, 2.5k, 5k)
reported in Figure 3.

D5-train 5,000

) Rule-based component comprising 500 handcrafted
500 Author-defined rule P o prist g . .
Rules-500 rules  set rules. Used for qualitative comparison and diagnostic
analysis; not tied to a sentence-level corpus size.

Initial open-coding subset. Used only for inductive
discovery of candidate semantic-leakage patterns prior
to systematic coding.

Open- 00 Random sample from
coding-init DO (TAT-MOE)

Note. All dataset sizes and codes are used consistently throughout the manuscript, and each figure,
table, and analysis explicitly references the corresponding dataset code to avoid cross-dataset
ambiguity. Dataset provenance for tables and figures in footnote below.

Unless otherwise specified, corpus-wide computations use DO (TAT-MOE
three-part chain; N = 26,046); provenance is: Table 1 (Jieba benchmark) D4 (N =
500, sampled from DO; gold segmentation), Figure 1 workflow only, Table 2
definitional map only; Table 3 (GPT-40 benchmark) D5-eval (N = 200) with
D5-human-eval (N = 100) and D5-error (N = 100); Figure 2 and Figure 5
(comparative benchmark; inherent vs. technical) D3 (N = 300, high-SLI subset of
DO0); Figure 3 (mT5 learning curves) D5-train (1k/2.5k/5k splits) evaluated on
D5-eval (N = 200); Table 4 illustrative triplets traceable to DO via NAER IDs (Han
+ Tai-16 aligned to the triplet spreadsheet); Table 5 and Figure 7 (QCA/pattern
distributions) D2 (N = 2,000, double-coded subset of D0); Figure 4 (embedding-
method comparison) uses a 500-sentence DO subset treated as D4 (N = 500) for
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post hoc measurement; Figure 6 (t-tests) D5-eval (N = 200); Table 7 (Spearman +
Holm—Bonferroni) computed on DO (N = 26,046) unless captioned otherwise;
Figure 9 (SLI distribution) DO (N = 26,046); Figure 10 (t-SNE) anchored in DO
with any subsampling stated in the caption; Figure 11 (leakage-source proportions)
D3 (N =300); and Figure 12 (capability matrix) is treated as derived from D2 (N =
2,000) unless otherwise specified.

Further, for Jieba segmentation process, the word segmentation pipeline

consisted of the following steps, as shown in Figure 1.

Figure 1

Jieba Segmentation Pipeline

Dictionary Preparation:
° Base dictionary: Jieba's traditional Chinese dictionary (dict.txt.big, version 0.42.1)
° Custom dictionary: 12,547 Taiwanese entries compiled from the Taiwan Ministry of Education's Taiwanese
Dictionary
° Word frequency adjustment: Frequencies for Taiwanese-specific terms were calibrated based on their occurrence
in our corpus

Segmentation Configuration:
import jieba

jieba.set_dictionary('dict.txt.big')
jieba.load_userdict('taiwanese_dict.txt'")

jieba.suggest_freq('& &', True) # Example of frequency adjustment

Pre-processing:
° Normalization of punctuation and spacing
° Handling of special characters and numerals

Post-processing:
o Custom rules for handling Taiwanese-specific patterns:
° Reduplication detection and preservation
e  Handling of sentence-final particles
° Preservation of hyphenated compounds

Validation:
o Manual verification of segmentation for 500 sentences
° Iterative refinement of custom dictionary and rules based on error analysis
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As shown in Table 3, for GPT-40 translation benchmark, I compared GPT-40
translations against a test set of 200 professionally translated Taiwanese-Mandarin
sentence pairs from the Taiwan MOE’s bilingual corpus. GPT-40 achieved a BLEU
score of 31.2 (compared to 38.7 for specialized Taiwanese-Mandarin translation
systems reported by researcher) (Lu et al., 2024) and a BERTScore of 0.76. Human

evaluation of adequacy and fluency (5-point scale) yielded average scores of 3.8

and 4.2 respectively.

Table 3

Translation Pipeline and Model Benchmark Results

Tool/Model Task Test set Metric Score Compa!’lson
baseline
. 500
Jieba + Taiwanese Word manuall
custom . y Accuracy 87.3% 94.2% (Mandarin)
. Segmentation annotated
dictionary
sentences
Taiwanese— 200 -
GPT-40 Mandarin professional  BLEU 31.2 fss'zeff";’)ec'al'zed
Translation translations ¥
Taiwanese— 200 -
GPT-40 Mandarin professional BERTScore 0.76 (S).éztzegz)euallzed
Translation translations y
Taiwanese— 200 .
GPT-40 Mandarin professional Human Adequacy 3.8 4.3 (Professional
. ) (1-5) translators)
Translation translations
Taiwanese— 200 .
GPT-40 Mandarin professional Human Fluency 4.2 4.5 (Professional
. . (1-5) translators)
Translation translations

For word segmentation, we used Jieba v0.42.1 with the Traditional Chinese
dictionary (dict.txt.big) augmented by a 12,547-entry custom Taiwanese lexicon
compiled from the Taiwan MOE Taiwanese Dictionary (shared via supplementary
materials/GitHub); translation was performed with OpenAIl’s GPT-40 (March
2025) via API (temperature = 0; calls made Feb 15-28, 2025), and semantic-
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similarity embeddings used fastText multilingual embeddings (Walkowiak &
Gniewkowski, 2019) and multilingual Sentence-BERT (Reimers & Gurevych, 2020).
To examine architectural/training effects, we computed SLI on a 200-sentence test set
using three approaches: a general-purpose Large Language Model (LLM) (GPT-40),
a parallel-corpus model (mT5-base fine-tuned on 5,000 MOE Taiwanese—Mandarin
pairs), and a hybrid RAG system augmenting GPT-40 with retrieved Taiwanese—
Mandarin translation-memory examples. As benchmarks, we additionally compared
Professional Human Translation (three expert translators: 100 sentences each = 300
total, plus 50 overlapped for consistency; Krippendorff’s a = 0.83), fine-tuned NMT
(mT5-base trained on 5,000 pairs with early stopping on validation BLEU), and
Rule-based MT (Apertium with 500 handcrafted transfer rules), all evaluated on the
same 300-sentence subset; Figure 2 reports the resulting SLI distributions across

human, fine-tuned, rule-based, and general-purpose LLM outputs.

Figure 2

Comparative Benchmark
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In Figure 3, to assess how resource limitations affect semantic leakage, I
conducted a controlled experiment using the fine-tuned mT5 model with incrementally
larger training sets (1,000, 2,500, and 5,000 parallel sentences) and measured SLI
values on a consistent test set. Additionally, I analyzed how semantic leakage varies
across different domains represented in the corpus, comparing domains with stronger
representation in training data (folk literature, everyday conversation) to those with

limited representation (technical content, contemporary slang).

Figure 3

Relationship Between Training Data Size and Semantic Leakage
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Figure 3 illustrates how semantic leakage (SLI; for a detailed discussion on
SLI, see Results section below) decreases with increasing training data size, with
different curves for different linguistic features. The steepest improvements are
seen for lexical and cultural elements, while structural-pragmatic features show

more modest gains.
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Qualitative Content Analysis (QCA)

Following the methodological framework established by Schreier (2012) and
House (2014), I conducted a systematic qualitative content analysis to identify and
categorize patterns of semantic leakage. The QCA process involved three main
stages:

Initial Open Coding: Two bilingual coders independently analyzed a random
sample of 500 sentence pairs (Taiwanese original and Mandarin translation),
identifying instances where meaning appeared to be lost, distorted, or altered. This
inductive approach allowed patterns to emerge from the data rather than imposing
predetermined categories. To identify patterns of semantic leakage, I conducted an
analysis of sentence triplets (original, translation, back-translation) focusing on five
morpho-pragmatic features previously identified as challenging for translation
between Taiwanese and Mandarin: aspect markers, sentence-final particles,
reduplication patterns, kinship terms, and directional compounds. Table 4 provides

representative examples of semantic leakage for each feature.

Table 4

Examples of Semantic Leakage in Five Morpho-Pragmatic Features

Mandarin Taiwanese

NAER Taiwanese source . . Observed semantic
Feature D (Han; Taild) translation backtranslation leakage
! (MT) (BT)
Progressive marking is
not rendered in
BRE LEH Mandarin (MT retains
Aspectmarker L, JETFIE@EK - AAET KR AH F % Taiwanese
(progressive: 48139 (Bbiaukin, iking  &.&F457 % 0 T B 457 morphology), and BT
leh/teh) khaisi téh loh ERE - HERE - shows lexical drift in the
hoéoah.) discourse marker " &
REISTRAAS
2% .

(continued)
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Table 4

Examples of Semantic Leakage in Five Morpho-Pragmatic Features (continued)

NAER Taiwanese source Manda.rln Talwanese. Observed semantic
Feature D (Han; Taild) translation backtranslation leakage
! (MT) (BT)
Evaluative stance shifts:
M #42 | (not bad) is
. reinterpreted as “not
sentencefinal ray3 4y esmeR o % | R@EE %! &AM ugly” and BT intensifies
particle (stance g020  h Babgiooh) 7E - VR o it (“no way ugly”),
marker --ooh) . .
altering pragmatic force
though the SFP
remains.
Reduplicated evaluation
BFARAZAZ - RBK M$242 | (bad times)
Reduplication TA23 DR AR AR AR 0 B AERER 0 BF M ﬂiz% ﬁ'i’t drifts to “ BEEL /ugly”
(evaluative 101364 (Ski baibai, tua kﬂ&'{\ﬂfz@ ¥ kﬂé&l]\?ﬁk andthento " 45 f&
intensification) tshat sié tshat 4 &k - R AR ¥5 , (not pretty)—a
13i 1G tse,) clear evaluative axis
shift.
Kinship/gender
specificity is
S ELEE - compressed in MT (“ &

WHE/ EEXR S>H
ANF%ZTF [ % AFZT ),
and BT introduces

BXEFEA, o FAELTH HHE@ENE

Kinship terms TA23_  (Tsapookidnntit W » %+ A WH ' XA

(gendered child

terms) 86362 Ezzggzrk]i%nn tit ziTﬁ% :Z 'i B B nonequivalent
ketsng.) relational labels (“ £ 4§
’ EeBE SRR ”), weakening
the original kinship
semantics.
The complement " #
B — 8 iRy (cannot put
WA A, ., [ntowords)is
Directional A o BIRREEH 2R misparsed in MT
compound TA23_ (;utlién Kémkak —fEFRA — A b A (insertionof TF, +
(tshutlai 95074 & d ok ag#F o8 #F AL Fo o literal “won’t come

G tsit tsiong kéng
bé tshutlai & hibi
kah simsng.)

BAn QB o BR o out”), while BT partially
repairs but shifts lexical
choice/register ( # >
"8, plus “ 4 7).

complement)
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Through iterative comparison, we consolidated initial observations into a
structured coding scheme that distinguishes denotative mismatches (referential
meaning errors) from functional/pragmatic mismatches (interpersonal/textual
meaning errors), aligning with House’s (2014) translation quality assessment
framework and the Multidimensional Quality Metrics (MQM) (Lommel et al.,
2014). The refined scheme was then applied corpus-wide, with D2 (N = 2,000)
double-coded to estimate reliability (Cohen’s k = 0.889 for error-type
classification; k = 0.865 for severity), yielding a detailed QCA typology whose
pattern counts were quantified and linked to source-text linguistic features; cases
of substantial leakage (SLI > 0.3) were subsequently subjected to targeted
linguistic analysis to identify feature-level drivers of translation difficulty. To
further separate language-inherent phenomena from model-driven failures, we
implemented a hierarchical error taxonomy with Level 1 (Error Source: Linguistic
Phenomena vs. Technical Limitations), Level 2 (Linguistic Phenomena:
Structural-Pragmatic, Cultural-Conceptual, Phonological—Stylistic gaps), and
Level 3 (Technical Limitations: Training Data gaps, Architectural limitations, and
Prompt Engineering issues).

Using this framework, three annotators independently classified 500 high-SLI
instances, achieving an inter-rater agreement (Krippendorff’s o) of 0.78. Table 5

shows the distribution of error types.



Semantic Leakage in Al Translation of Taiwanese 211

Table 5

Distribution of Error Types

Human translation

Error categor Subcategor Frequenc Example
gory u gory quency xamp performance
Linguistic Structural- 589% Modal particles; Partially preserved
phenomena (42%) Pragmatic Gaps ? aspect markers (avg. Human SLI = 0.29)
Cultural- 27% Cultural practices; Often preserved with
Conceptual Gaps ? local concepts explanations
Phonological— 15% Reduplication; sound Partially preserved
Stylistic Gaps ? symbolism (avg. Human SLI = 0.26)
Technical . o Taiwanese-specific ~ Well-preserved by
limitations (58%) Training Data Gaps 43% terminology human translators
Architectural 37% Complex pragmatic ~ Well-preserved by
Limitations ? inference human translators
Prompt 20% Inconsistent Improved with
Engineering Issues ? handling of particles specialized instructions

Entropy-Based Stylometric Profiling

To quantify the information loss that occurs during translation, I conducted
entropy-based stylometric analysis of the original Taiwanese texts and their
Mandarin translations. This approach builds on Volansky et al.’s (2015) work on
translationese detection, adapting their methods to measure semantic leakage
specifically. The stylometric analysis included:

Lexical Entropy: I calculated Shannon entropy for each sentence using the

formula:
Shannon entropy: H(X) = -} p(x) * log, p(x)
where p(x) is the probability of word x occurring in the sentence. This measure

quantifies the unpredictability or information richness of a text. To assess semantic
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compression in translation, I computed the relative reduction in entropy between

the source (Taiwanese) and target (Mandarin) sentences as follows:
Entropy Reduction = (H source — H target) / H source

Higher scores indicate greater loss of lexical diversity and information density in
the machine-translated output. All entropy values were normalized to the [0, 1]
range for integration into the SLI composite score.

Type-Token Ratio (TTR): I measured the ratio of unique words to total
words, adjusted for text length using Moving-Average TTR (MATTR) to control
for text length effects. This metric provides insight into lexical diversity and the
potential simplification that occurs during translation. I calculated TTR as the
ratio of unique word types to total word tokens in each text segment, using the
Taiwanese Lexical Database (TLD) and Jieba Chinese word segmenter for
consistent tokenization. MATTR was calculated using a moving window of 50
words to control for text length effects. I also manually verified word
segmentation to ensure accurate TTR calculations. As illustrated in Table 6, the
TTR reduction in translation (averaging 14.3% across my corpus) manifests in
several patterns. First, culturally specific terms with emotional connotations (e.g.,
“sim-chham”) are often replaced with more neutral equivalents. Second,
reduplication patterns that contribute to lexical richness are frequently simplified.
Third, pragmatic particles that add nuance are typically omitted. These patterns
collectively result in translations that, while grammatically correct, exhibit

reduced lexical diversity and emotional expressiveness.
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kin chhiau-chhiau. ( & & ¥
MEL  RETHFRE

B & FRAEEE Gkt
O o R Folely o)

B KRR 0 L
1% °

Table 6

Examples of Lexical Diversity Reduction in Translation

_ . Mandarin TTR
Original Taiwanese TTR translation reduction Key vocabulary loss
Gda é sim-chham &-s1 koa"- Loss of “sim-chham”
koa", li &€ sim-chham a-si Kl R - ( & iF ) as a culturally
nng-nAg, lan nng é sim- 1" éfjlc:;%};ékéh , specific term for
chham tau--khi-1ai chid-st v “heart” with
PN . 0.68 KA HMEey &4 054 20.6% .

chit & hé sim-chham. ( & #% fe— ek R — B emotional
ST R AR AR 0 ARG BT o e AT connotations, replaced
FT R SRR 0 AR S A by the more neutral
Je ik A — BB ) “+s " (heart).

Gda kdam-kak hit-é lang Multiole

G-ia"-0-ia", kong-oe la-sap- redu Fl)ications

sap, kia"-16 ho-ho-hai-hai, KAAFARAEAAR AT (l,lé_sr; ~sap” “ho-ho-
khoa™-khi-13i chin bo phah- 1 WML A (100 héi-héil:’)’) arr:d’the
pian. (R BEMMEARHA 7 Bk ARAR T diom b6 phahpis™
¥ o ksl AT R o 1 o0 phai el
S o A LR are simplified, losing
;‘27(? )E‘ " - expressive richness.
Chit-ma si-kan chiah cha, li The diminutive “gin-a-
mai ho gin-a-kia" thia--tidh, WAEBRED - R kia»” ( B4FH )

in-ut i kam-kak kia"-hia", BRG] becomes the generic
A Al tA g N N Ay w A ! EINY = 7 Z ” “ PN
é-sai tAg--khi khun, boé-iau 065 B TH » Tk 048  26.2% 3%-F  and “chhiau

chhiau” ( "% ) is
reduced to “ % Kl 1%
losing affective
dimensions.

These stylometric measures were calculated for both the original Taiwanese

texts and their Mandarin translations, with the difference between the two serving
as one component of my SLI. The entropy-based approach allows us to quantify
information loss even when the specific content of that information cannot be

directly compared across languages.
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Back-Translation Divergence

The back-translation approach compares the original source sentence with its
back-translated version after passing through an intermediate translation step. This
technique has been widely used to detect meaning loss without requiring human
reference translations (Somers, 2005). In this study, each Taiwanese sentence was
first translated into Mandarin and then back-translated into Taiwanese using the
same model, ChatGPT-40, and prompt structure described in the Corpus
Construction section above. The resulting back-translation was evaluated against
the original source to quantify divergence across multiple linguistic levels.
Specifically, I constructed a composite divergence score based on:

* Lexical similarity: Jaccard index of the word sets in original and back-

translated sentences.

* Syntactic similarity: Tree edit distance between the dependency parses of the

two sentences.

» Semantic preservation: Retention and alignment of core content words and

their interrelations.

* Pragmatic equivalence: Preservation of illocutionary force, modality, and

interpersonal stance.

Each component was individually normalized to the [0, 1] range and then
averaged to produce the overall back-translation divergence score. Higher values
indicate greater distortion or loss of original meaning. This normalized score was

then integrated into the SLI as one of its three dimensions.

Embedding Distance Analysis

To capture semantic drift between source and target representations, |
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measured the cosine distance between averaged word embeddings of the original

Taiwanese sentence and its Mandarin translation. Pre-trained fastText embeddings

for both languages were used, with sentence vectors computed by averaging the

embeddings of all non-stopword tokens. The cosine distance between the source
and target sentence embeddings was calculated as:

Cosine Distance =1 - (A - B) / (||A|| % ||B]|)
where A and B are the sentence vectors of the source and translated sentences,
respectively. A higher distance indicates greater divergence in semantic space. All
values were scaled to fall within the [0, 1] range before being incorporated into the
final SLI formula.

It must be noted that, in my original analysis, I calculated sentence
embeddings by averaging word vectors, following common practice in cross-
lingual semantic similarity research (Artetxe & Schwenk, 2019). However, |
acknowledge the limitations of this approach in preserving syntactic structure. To
address this concern, I have implemented two additional embedding methods as
follows:

1. Sentence-BERT embeddings: I utilized a pre-trained multilingual Sentence-
BERT model (Reimers & Gurevych, 2020) fine-tuned on Sinitic languages,
which generates sentence embeddings that better preserve semantic structure.

2. Structure-aware embeddings: For a subset of 500 sentences, I implemented a
structure-preserving embedding method that encodes subject-verb-object
relationships using positional weighting (Jiang et al., 2022).

Comparative analysis shows that while the general patterns of semantic
leakage remain consistent across all three methods, the structure-aware embeddings
detected 12% more cases of semantic drift in sentences with complex syntactic

structures, a difference that reached statistical significance (¥*(1) = 7.8, p <0.01). It



216 &%=Fhk Bt H =0

should be noted that the distributions in Figure 4 show considerable overlap across
the three methods, which reflects that the majority of sentences do not possess the
complex syntactic structures where the structure-aware method offers a clear
advantage; the key finding is therefore its improved sensitivity in those specific,
structurally complex cases rather than a wholesale superiority across all sentence
types. Figure 4 illustrates the distribution of SLI values calculated using three
different embedding methods, showing that structure-aware embeddings detect
more subtle cases of semantic leakage, particularly in sentences with complex

syntactic structures.

Figure 4
Distribution of SLI Values Calculated Using Three Different Embedding Methods

——- Simple Avg Mean
~—- S-BERT Mean
——- Structure-aware Mean|

0.6

0.44

0.2

0.0- = !
-0.2 0.0 0.2 0.4 0.6

Semantic Leakage Indicator (SLI)

Note. Dataset: D4, N = 500 (random sample from DO; TAT-MOE-derived). For comparability across
embedding strategies, Figure 4 is computed on a 500-sentence random sample from DO (Data: D4),
because the structure-aware embedding method was implemented on this subset rather than the
full corpus.
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Visual Representation of Divergence

To visualize patterns of semantic leakage across the corpus, I employed
dimensionality reduction techniques to project the high-dimensional embeddings
into a more interpretable two-dimensional space:

Dimensionality Reduction: High-dimensional sentence embeddings were
projected into two-dimensional space using t-SNE (t-Distributed Stochastic
Neighbor Embedding). This technique preserves local relationships between points,
allowing us to visualize clusters and patterns in the data.

Cluster Analysis: I identified patterns in the distribution of points, with
particular attention to the relative positions of original Taiwanese sentences, their
Mandarin translations, and their back-translations. This visual analysis
complemented the quantitative metrics by revealing structural patterns in the data
that might not be evident through numerical comparison alone. The resulting
visualization and its interpretation are presented in the Results section; see Figure
10 for the t-SNE projection of the sentence-embedding space stratified by SLI
severity.

The combination of these four methodological components—qualitative
content analysis, entropy-based stylometry, back-translation divergence, and
embedding distance analysis—provides a comprehensive framework for
investigating semantic leakage in Al translation. By triangulating findings across
these different approaches, I can develop a more nuanced understanding of the
patterns and causes of untranslatability in the Taiwanese-Mandarin context.

To integrate three dimensions of meaning loss—Iexical entropy reduction,

back-translation divergence, and embedding distance—a composite SLI was
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developed for each sentence. The SLI is calculated as a weighted average of the

normalized scores from the three components, each scaled to the [0, 1] range:

SLI = (w, x Entropy Reduction) + (w, x Back-Translation Divergence) + (w, x

Embedding Distance)

In the default configuration, all weights are equal (w, = w, = w, = 15),
although supplementary analyses explored alternative weighting schemes. The
unified score enables identification of high-leakage sentences that simultaneously
exhibit lexical information loss, structural distortion, and semantic drift. Crucially,
the SLI functions as a multi-dimensional, model-agnostic indicator of translation
fidelity loss without relying on human reference translations.

This composite framework ensures robustness across several evaluative
dimensions. First, by triangulating three theoretically grounded yet computationally
distinct measures—entropy reduction (capturing lexical information density), back-
translation divergence (capturing structural and pragmatic distortion), and
embedding distance (capturing semantic drift in vector space)—the SLI captures
meaning loss at both surface and latent levels. Second, the integration of both
symbolic (e.g., entropy, tree edit distance) and distributional (e.g., cosine similarity
in embedding space) perspectives aligns with recent advances in hybrid translation
evaluation (Zhao et al., 2019), offering resilience across syntactic, semantic, and
pragmatic layers. Third, the SLI demonstrated empirical reliability through strong
correlation with manual qualitative codings (Cohen’s k¥ > 0.86) and unsupervised
clustering results. Particularly in low-resource translation settings—where
reference translations are often unavailable or culturally misaligned—the SLI
offers a scalable, reproducible, and linguistically sensitive alternative for evaluating

translation quality.
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Decomposing Sources of Semantic Leakage

To distinguish between semantic leakage arising from inherent linguistic
differences versus technical limitations, we implemented a comparative
decomposition approach. Human Translation Baseline: For a subset of 300 high-
SLI sentences, I obtained translations from professional Taiwanese-Mandarin
translators and calculated “Human SLI” using the same back-translation
methodology. This establishes a baseline of unavoidable semantic leakage due to
inherent linguistic differences.

Technical Improvement Trajectory: I compared semantic leakage across three
technical configurations of increasing sophistication as below.

1. General LLM without Taiwanese optimization (GPT-40)

2. Fine-tuned model on Taiwanese-Mandarin parallel data (mT5)

3. Hybrid system with retrieval-augmented generation
Decomposition Formula: For each linguistic feature, I calculated as below.

1. Inherent Linguistic Leakage = Human SLI

2. Technical Insufficiency = AI SLI - Human SLI

3. Improvement Potential = (General LLM SLI - Advanced System SLI)

Figure 5 reveals that modal particles and reduplication patterns suffer
primarily from inherent linguistic differences (65% of leakage), while kinship
terms, cultural references, and directional compounds are predominantly impacted
by technical insufficiencies in current Al translation systems. This stacked bar chart
quantifies the SLI for five key linguistic features, partitioning each into inherent
linguistic leakage (pink, representing unavoidable cross-linguistic differences) and
technical insufficiency (blue, representing potentially solvable model limitations).
Modal particles show the highest overall leakage (0.47) with the largest proportion

attributable to inherent linguistic differences, while directional compounds
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demonstrate the lowest total leakage (0.33) with technical limitations as the

primary factor.

Figure 5

Decomposition of Semantic Leakage Sources Across Taiwanese Linguistic Features
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0.4 1

Total: 0.41

Total: 0.38

20 Inherent Linguistic Leakage
B Technical Insufficiency

Total: 0.35
Total: 0.33
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Semantic Leakage Indicator (SLI)
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0.0 -

Modal Particles

Reduplication Kinship Terms

Linguistic Feature

Cultural References  Directional Compounds

Note. Dataset D3 (Human Translation Baseline, N = 300)

Statistical Analysis

Correlation Tests

I used two-tailed Spearman’s p for all correlation analyses (e.g., SLI vs.
entropy reduction; SLI vs. embedding distance) because several variables violated
normality assumptions (Shapiro—Wilk p < 0.01). Effect sizes are reported as p;

significance levels use an experiment-wise a = 0.05.
Multiple Comparisons

Eight correlation tests were conducted. To control the family-wise error rate I
applied Holm—Bonferroni adjustment. To control the family-wise error rate I

applied the Holm—Bonferroni procedure (a0 = 0.05). Raw p-values and adjusted
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critical a thresholds are reported. Correlations that remain significant after

adjustment (Table 7).

Table 7

Spearman Correlations (p) Between Semantic Leakage Indicator (SLI) and Text-Level Variables, With
Holm—-Bonferroni—adjusted Significance

Comparison Spearman’s p p-value Signif.
SLI vs. original entropy 0.3245 1.0X10° t
SLI vs. back-translation entropy 0.2876 1.0X10°® t
SLI vs. entropy reduction 0.5120 1.0X10° t
SLI vs. original character count 0.1245 1.0X10°® t
SLI vs. back-translation character count 0.0987 1.0X10°® t
SLI vs. character count difference 0.6754 1.0X10° t
SLI vs. embedding distance 0.7240 1.0X10° t
Original entropy vs. back-translation entropy 0.8765 1.0X10° t

Note. Daggers (1) mark correlations that remain significant after family-wise error correction at a = 0.05

Other Tests

Between-group differences in embedding similarity (three clusters) were
assessed with Kruskal-Wallis H tests followed by Dunn’s post-hoc tests (Holm
corrected). Confidence intervals (95%) are bias-corrected and accelerated bootstrap

(10 k resamples).

Results

First, the comparison of different model types reveals important patterns in
semantic leakage. The parallel corpus model showed significantly lower overall
SLI values (mean = 0.09, SD = 0.07) compared to GPT-40 (mean = 0.14, SD =
0.09), #(199) = 6.42, p < 0.001. However, this improvement was not uniform across

linguistic features. The parallel corpus model performed substantially better on
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cultural references (43% reduction in SLI) and kinship terms (37% reduction) but
showed only modest improvements for pragmatic particles (12% reduction) and
reduplication patterns (18% reduction).

Figure 6 illustrates the distribution of SLI values across different linguistic
features for three model types, highlighting how parallel corpus training
particularly benefits cultural and lexical elements while offering more modest

improvements for structural-pragmatic features.

Figure 6

Comparative Analysis of Semantic Leakage Index (SLI) Across Model Types and Linguistic
Features
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The hierarchical error taxonomy indicates that 42% of high-SLI cases reflect
genuine linguistic phenomena that remain challenging even for human translators,
with structural-pragmatic gaps (notably modal particles and aspect markers)
forming the largest subtype (58%), whereas technical limitations account for 58%
overall and are most often driven by training data gaps (43%), implying that
expanded Taiwanese-specific data could reduce leakage substantially.
Benchmarking further shows that Professional Human Translation yields the lowest

leakage (mean SLI = 0.07, SD = 0.05), significantly below all machine approaches
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(p < 0.001); the fine-tuned mT5 model (mean SLI = 0.11, SD = 0.07) outperforms
both the rule-based system (0.16, SD = 0.09) and GPT-40 (0.14, SD = 0.09) overall,
though with feature-specific reversals (rule-based stronger for cultural references
and fixed expressions; neural models stronger for complex syntax). Consistent with
a resource-driven account, domain-level leakage tracks corpus representation, with
lower leakage in well-represented domains (folk literature: mean SLI = 0.09;
everyday conversation: 0.11) than in underrepresented domains (technical content:
0.21; contemporary slang: 0.19), suggesting that scarcity of domain-specific
terminology and contemporary usage in training data materially contributes to

observed semantic leakage.

Patterns of Untranslatability and Semantic Leakage

The qualitative content analysis identified five distinct patterns of
untranslatability in the corpus, each representing a different type of semantic
leakage. Figure 7 illustrates the distribution of these patterns across the corpus,

with idiom/proverb changes constituting the largest category.

Figure 7

Distribution of Untranslatability Patterns in Taiwanese-Mandarin Al Translation
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Note. Dataset D2 (Qualitative Coding Subset, N = 2,000)
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Idiom and Proverb Transformation (43%): Taiwanese idiomatic expressions
and proverbs frequently underwent substantial semantic shifts in translation. These
expressions typically carry cultural connotations and figurative meanings that
extend beyond their literal components. For example, the Taiwanese expression
“bo-14-si-choh” (literally “no night market to set up stall”) idiomatically expresses
a missed opportunity, but was consistently translated into semantically unrelated
Mandarin expressions. The back-translations revealed that 87% of idiomatic
expressions lost their figurative meaning, with 62% being replaced by completely
different expressions and 25% being translated literally without preserving the
idiomatic meaning.

Cultural Term Loss (27%): Culture-specific terms related to Taiwanese
customs, rituals, food, and social practices showed significant semantic leakage.
Terms like “po-té-4” (a traditional Taiwanese puppet theater) were often
generalized in translation to broader categories like “traditional performance art,”
losing the specific cultural referent. My analysis found that 73% of cultural terms
underwent some form of generalization or neutralization in translation, with the
most severe losses occurring in terms related to folk religion (mean SLI = 0.42) and
traditional arts (mean SLI = 0.38).

Structural Differences (18%): Grammatical features unique to Taiwanese, such
as the complex system of aspect markers and sentence-final particles, proved
particularly resistant to accurate translation. The Taiwanese progressive aspect
marker “—Ieh” was correctly preserved in only 32.65% of cases, while sentence-
final particles encoding speaker stance were accurately translated in just 10.20% of
instances. Table 8 summarizes the preservation rates for different grammatical

features.
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Table 8

Preservation Rates of Taiwanese Grammatical Features in Al Translation

Grammatical feature Examples Preservation rate  Mean SLI
Aspect markers -leh (progressive); -koe (experiential) 32.65% 0.38
Sentence-final particles  -ho"h (interrogative); -lah (uncertainty) 10.20% 0.47

ang-ang (intensification); kia"-kia"

. o
Reduplication patterns (continuation) 48.98% 0.35
Kinship terms a-kong vs. a-ma3; a-hia" vs. a-t1 65.31% 0.29
Directional compounds  khi--1ai; 13i--khi 55.10% 0.32

Phonological Pattern Loss (8%): Taiwanese makes extensive use of sound
symbolism, onomatopoeia, and phonological reduplication to convey meaning.
These phonological patterns were particularly vulnerable to semantic leakage, with
91.84% showing some degree of meaning loss in translation. The expressive and
affective dimensions conveyed through sound patterns were typically flattened or
omitted entirely in the Mandarin translations.

General Translation Errors (4%): A small percentage of semantic leakage
cases resulted from general translation errors not specific to Taiwanese-Mandarin
language pair challenges. These included omissions, additions, and mistranslations
that could occur in any language pair and did not reflect specific linguistic or
cultural untranslatability issues.

Additionally, the fine-grained analysis of linguistic feature subcategories
reveals important patterns in semantic leakage (Table 8). Within modal particles,
interrogative particles show the highest leakage (mean SLI = 0.52), likely due to
their complex pragmatic functions that combine questioning with stance marking.
Among reduplication patterns, the AABB pattern exhibits the highest leakage
(mean SLI = 0.44), reflecting its iconic representation of continuous or distributed

action that lacks direct Mandarin equivalents. For cultural terms, festival and
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custom terminology shows the highest leakage (mean SLI = 0.42), often involving
concepts specific to Taiwanese cultural practices without precise Mandarin
counterparts.

Table 9 and Figure 8 illustrate GPT-40’s translation performance across
different linguistic features, showing relative strengths in handling basic lexical

items and weaknesses in cultural references and grammatical particles.

Table 9

Semantic Leakage by Linguistic Feature Subcategories

Major

category Subcategory Frequency Mean SLI  SD Example Key challenge
Moc!al Interrogative 23% 0.52 0.11 -m(--"&) Pragmatlc.j force
particles preservation
Affirmative 19% 0.49 0.09 --a(--"F) Subtle emphasis
Evidential 17% 0.47 0.12 --ho"h (- -F) Speaker stance
Progressive 15% 0.45 0.08 --leh (-- ") Aspectual nuance
Persuasive 14% 043 0.10 -lah (") Interpersonal
function
Other 12% 0.41 0.11 Various Mixed functions
L kdng-kdng-kio-kio Iconic
(o)
Reduplication AABB pattern 31% 0.44 0.09 (b v ) representation
AA pattern 28% 0.41 0.08 thg-thg(+&*& ) Intensification
o ang-sek-sek Descriptive
ABB pattern 22% 0.39 0.10 (68 ) vividness
A-4-A pattern 19% 0.38 0.07 an-a-an ( 1Z1¥1% ) Diminutive aspect
Cultural terms Eiss?(\)/fr:z/ 29% 0.42 0.11 Chhé-it(-5% ) Cultural specificity
0-4-chian
L o -
Cuisine 24% 0.38 0.09 (47477 Local specificity
Thai-ko-nid
. o .
Folk beliefs 21% 0.37 0.12 ( Kdbd2 ) Religious concepts
Social o Pang-thiann Community
practices 17% 0.35 008 (AR ) customs
Historical 9% 0.34 0.10 Various Historical context

references
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Figure 8

GPT-40’s Translation Performance Across Linguistic Features

Reduplication Patterns

Grammatical Particles

Cultural References

Kinship Terms

Linguistic Feature

Syntactic Structures

Basic Lexical Items 0.85

T T
0.0 0.2 0.4 0.6 0.8 1.0
Translation Performance Score (0-1)

Quantifying and Categorizing Semantic Leakage

My SLI provided a quantitative measure of meaning loss across the corpus.
The SLI combines entropy reduction, back-translation divergence, and embedding
distance to produce a composite score ranging from 0 (no leakage) to 1 (complete
meaning loss). The decomposition of SLI values by source reveals important
patterns. Features with high SLI values in both human and Al translations (modal
particles: human SLI = 0.31, AI SLI = 0.47; reduplication: human SLI = 0.28, Al
SLI = 0.41) represent cases of inherent linguistic untranslatability. Features where
AI SLI substantially exceeds human SLI (kinship terms: human SLI = 0.12, AT SLI
= 0.38) likely reflect technical limitations or training data gaps. Figure 9 shows the
distribution of SLI scores across the corpus, revealing that 37% of translations

exhibited measurable semantic drift (SLI > 0.3).



228 #HEEsmok R TR H =M

Figure 9
Distribution of SLI Scores
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Semantic Leakage Indicator (SLI)

Note. Dataset DO (Full Corpus, N = 26,046)

The entropy-based stylometric analysis revealed systematic patterns of
information loss in translation:

Domain-Specific Variation: The entropy reduction was most pronounced in
texts containing cultural references (mean reduction = 0.72 bits/word) and
idiomatic expressions (mean reduction = 0.68 bits/word), compared to factual
statements (mean reduction = 0.31 bits/word).

Correlation with Semantic Leakage: Higher entropy reduction strongly
correlated with higher semantic leakage scores (» = 0.74, p < 0.001), validating
entropy as a proxy measure for meaning loss.

TTR Shifts: As illustrated in Table 5 above, the TTR reduction in translation
(averaging 14.3%, SD = 7.3, across my corpus) manifests in several patterns. First,
culturally specific terms with emotional connotations (e.g., “sim-chham”) are often
replaced with more neutral equivalents. Second, reduplication patterns that
contribute to lexical richness are frequently simplified. Third, pragmatic particles

that add nuance are typically omitted. These patterns collectively result in
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translations that, while grammatically correct, exhibit reduced lexical diversity and
emotional expressiveness.

The back-translation analysis identified specific linguistic features that were
frequently lost or altered in the translation chain:

Affective Diminutives: Taiwanese affective diminutives like xiao /]\ in xiaoyu
/NP (light rain, with affectionate connotation) were often lost in the translation
chain, resulting in back-translations that preserved the denotational meaning but
lost the affective dimension.

Politeness Markers: Taiwanese has a rich system of politeness markers that
were frequently simplified in translation to Mandarin and not recovered in back-
translation. For example, the humble self-reference xiaodi /|N55 was typically
translated to the neutral wo ¢ in Mandarin and remained as the neutral form in
back-translation.

Spatial Deixis: Taiwanese spatial deictic terms like zhe #E (here, proximal)
and xia 75 (there, distal) often lost their precise spatial distinctions in the translation
process, resulting in back-translations with different spatial references.

Aspectual Nuance: Taiwanese aspect markers like /ie 8] (progressive), guo %
(experiential), and you & (perfective) showed significant divergence in back-
translation, indicating difficulty in preserving the precise temporal and aspectual
nuances of the original.

To further illustrate, Table 9 shows that human translators consistently
preserve pragmatic force and affective dimensions that Al translations frequently
miss. This is particularly evident in three areas: Affective diminutives, where
emotional connotations are lost; politeness markers, where interpersonal stance is
flattened; and pragmatic force expressions, where illocutionary intent is altered.
These examples highlight the gap between current Al capabilities and human

sensitivity to pragmatic nuance.
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Table 10
Human vs. Al Translation of Pragmatically Complex Expressions
Original Human . L
Category ; 8 . Al translation Pragmatic difference
Taiwanese translation
Chit-& Ang-4- This beautifully Human translation maintains the
A & . reddish little This very red diminutive “-3” and the affective
. ang é hoe-a . . . “ rim s u ”
Affective >, .. flowerisso flower is quality of “sui” ( 7K ; lit. “watery
L chin sui. ( & . o A .
diminutives {8 4 13- 42 80 pretty. (with very but meaning “beautiful”), while Al
o diminutive beautiful. translation neutralizes these
FAFEK ) ) )
affection) emotional markers.
1 Would you Human translation captures the
Chhia" li tau . .
L A please help me softened request with ongoing
. goa chit-é- . . Please help “ i
Politeness . .y With this . . aspect marked by “--leh,” while Al
mng--leh. ( 35 . me with this . .
markers 20 el gl 32 matter? (with translation produces a more direct
AR P 4% 3518 . matter. ) .
Je ] o) gentle, ongoing request without the politeness
request) nuance.
Human translation preserves the
Pragmatic Li mai kdng-- Don’t you dare warning force conveyed by “--ooh,”
forcge ooh! (#R¥  saythat! (with  Don’t speak! while Al translation produces a
#--m 1) warning force) simple command without the

implied consequences.

Linguistic Features and Semantic Leakage Correlation

The embedding distance analysis revealed strong correlations between specific
linguistic features and the degree of semantic leakage. Table 11 summarizes these
correlations, highlighting the linguistic features most strongly associated with
translation difficulties. The embedding analysis confirms my initial findings while
providing additional nuance. SLI values calculated using structure-aware
embeddings show stronger correlation with human judgments of translation quality
(r = 0.78, p < 0.001) than those calculated using simple averaging (» = 0.73, p <
0.001), supporting the reviewer’s insight into the importance of preserving syntactic
structure in semantic representations. Also, the comparative analysis of different
model types suggests that parallel corpus training offers significant but uneven
benefits for reducing semantic leakage. The substantial improvements for cultural

references and kinship terms likely reflect the direct transfer of these specific lexical
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mappings from the parallel data. The more modest gains for pragmatic particles and
reduplication patterns suggest these structural-pragmatic features present inherent
challenges that persist even with parallel examples, potentially requiring more

sophisticated modeling approaches beyond simple parallel mapping.

Table 11

Correlation Between Linguistic Features and Semantic Leakage

Linguistic feature Mean embedding Standard
N - Example features
category similarity deviation
Pragmatic particles 058 011 Sentence-final particles; discourse
markers
Cultural references 063 0.09 Folk religion terms; traditional arts;
local customs
Idiomatic expressions 0.65 0.08 roverbs; fixed expressions
metaphors
Phonological patterns 067 0.10 Redupll'catlon; onomatopoeia; sound
symbolism
Kinship terminology 0.72 0.07 Family relationship terms; honorifics
Concrete nouns 0.85 0.06 Physical objects; places; common

entities

Embedding-based analyses show systematic vulnerability by semantic field—
folk religion (mean similarity = 0.58), traditional arts (0.63), social customs (0.65),
and emotional expressions (0.67)—and by structural complexity, with syntactic
complexity (parse-tree depth) negatively correlated with embedding similarity (» =
—0.68, p <0.001), indicating greater divergence for structurally complex sentences;
likewise, pragmatic force preservation is weaker for speech-act—laden sentences
(requests/promises/warnings; mean similarity = 0.64) than for informational
statements (0.78). Clustering Analysis (k-means on sentence-level embedding
distances) yields three corpus-wide strata—high preservation (52.3%), moderate
divergence (35.2%), and severe semantic leakage (12.5%)—which align closely

with QCA categories, supporting the validity of the SLI as a multidimensional
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fidelity metric. Methodologically, Jieba segmentation performed at acceptable
levels under the optimized configuration (F1 = 0.873), and a sensitivity check on
100 reduplication cases shows strong agreement between Jieba- and manually
segmented SLI estimates (» = 0.89, p < 0.001), suggesting segmentation noise does
not overturn the identified leakage patterns. Finally, the decomposition analysis
indicates that for modal particles, 66% of leakage persists even in professional
human translations (mean Human SLI = 0.31), consistent with inherent cross-
linguistic difficulty, whereas for kinship terms only 32% appears inherent (Human
SLI = 0.12), with the remaining 68% attributable to technical limitations amenable
to model improvement.

The visualization of embedding spaces through t-SNE dimensionality reduction

(Figure 10) provided additional insights into the patterns of semantic leakage.

Figure 10
t-SNE Projection of Sentence-Embedding Space Stratified by SLI Severity

X High preservation (52.3%)
Moderate divergence (35.2%)
X Severe |leakage (12.5%)

t-SNE dimension 2

t-SNE dimension 1

Note. Colors indicate SLI strata (high/moderate/severe); the plot shows clustering/dispersion by SLI
group and does not encode Original/MT/BT unless annotated. Directional interpretations are made
only with supporting quantitative evidence (entropy/TTR and SLI components). Data: DO, N = 26,046.
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Centroid Separation in the t-SNE space shows clear spatial separation among
original Taiwanese, Mandarin translations, and Taiwanese back-translations, with
the back-translation centroid positioned between source and target but closer to the
Mandarin cluster, consistent with a systematic directional shift rather than random
drift and suggestive of non-reversible semantic compression. Cluster Density
further indicates markedly higher compactness for Mandarin translation
embeddings relative to the more dispersed Taiwanese originals, visually aligning
with entropy-based evidence of lexical/semantic compression. Outlier Analysis
shows that points far from their cluster centroids correspond strongly to high
semantic leakage scores from independent measures, offering a diagnostic cue for
problematic translations, while Trajectory Analysis of source—translation—back-
translation paths reveals recurrent directional patterns for specific leakage types,
implying predictable transformations for certain linguistic features.

In Figure 10, the tighter concentration of points in the Mandarin-translation
region is interpreted as reduced embedding-space dispersion, which is consistent
with (and therefore corroborative of) the entropy/TTR-based compression observed
in the translated output. Likewise, the separation between the high-preservation,
moderate-divergence, and severe-leakage regions is discussed as relative centroid
separation and within-cluster compactness rather than as categorical “proof” of
distinct semantic regimes, and any claim of directional drift is framed
conservatively as an asymmetry in proximity (i.e., back-translation embeddings
lying closer to the Mandarin translation cluster than to the Taiwanese source
region). Importantly, I emphasize that Figure 10 does not establish causality; rather,
it provides a convergent, distributional visualization that aligns with the SLI
stratification and the lexical-diversity diagnostics, thereby reinforcing—without

overextending—the conclusion that semantic leakage is structured and non-random
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in the present dataset. These findings collectively demonstrate that semantic
leakage in Al translation of Taiwanese is not random but follows systematic
patterns related to specific linguistic features. The most challenging elements for
translation are not necessarily the most culturally specific terms (which often have
established translation strategies) but rather the structural and pragmatic features
that encode subtle dimensions of meaning.

Figure 11 illustrates the proportion of semantic leakage attributable to
different sources based on my comparative analysis. Approximately 42% of
observed semantic leakage instances persist even in professional human
translations, suggesting inherent linguistic challenges. The remaining 58% can be
attributed to technical factors: 33% to general model limitations and 25% to

insufficient training data for the Taiwanese language.

Figure 11

Proportions of Semantic Leakage Attributable to Different Sources Based on the Comparative
Analysis

Inherent Linguistic Challenges '

Note. Dataset D3 (Human Translation Baseline, N = 300)

Training Data Gaps

Technical Limitations
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Qualitative Analysis of High-Leakage Cases

I used k-means clustering to identify patterns in sentence-level SLI scores and
examined the semantic characteristics of high-, medium-, and low-leakage groups.
Using silhouette analysis, the optimal number of clusters was determined to be
three, yielding a silhouette score of 0.61—indicating a reasonably well-defined
clustering structure. These data-driven groupings were then qualitatively
interpreted and cross-validated against human-coded leakage categories derived
from manual content analysis.

A select number of case analyses of sentences exhibiting significant or severe

leakage revealed several recurring patterns of semantic distortion:
Structural Differences

Structural differences between Taiwanese and Mandarin resulted in the highest
average semantic leakage. Consider this example:

* Original: FUmRE - EftE &K -

* Mandarin: fi AR T - EFFEFEEAX

» Back-translation: FEFA-FEEBEFT - AEEAFTEFIA -

* SLI: 0.5000
This Taiwanese proverb uses a concise, parallel structure that becomes verbose and
loses its rhythmic quality in translation. The back-translation further distorts
meaning by interpreting san §Y (scatter) as likai #ifH (leave) and zhong F& (seed)
as zi }f (kernel), demonstrating how structural compression in Taiwanese resists

equivalent expression in Mandarin.
Phonological Pattern Loss

Taiwanese employs phonological patterns like reduplication that carry

semantic and pragmatic functions often lost in translation:



236 HFwmok s B

* Original: fEFETHAH > FERENAHD -

* Mandarin: HEF51TF] - HEBEELD -

* Back-translation: i & mid G ad Trd ] » I = Famg -

 SLI: 0.5000
The reduplication in paipai 4§ (pat-pat) carries diminutive or affectionate
connotations in Taiwanese that are lost when translated literally. The back-
translation further distorts this by interpreting pai 4 as giaoda E5F] (knock/beat),

changing both the action’s intensity and connotation.
Idiom and Proverb Changes

Idiomatic expressions showed significant semantic leakage when their
figurative meanings were translated literally:

e Original: A= FR{y-4aE ?

» Mandarin: 4= EH4EH 9

* Back-translation: 4E FEHE B4 4H 7

 SLI: 0.6000
Here, shengli 4= in Taiwanese means “business,” but the Al interpreted it as
shengyu =5 (reproduction) in Mandarin, completely changing the meaning from
“How’s business?” to a nonsensical question about reproduction. This example
illustrates how Al systems struggle with polysemy and context-dependent

meanings in low-resource languages.
Cultural Term Loss

Culturally specific terms in Taiwanese often lack direct equivalents in
Mandarin:

» Original: HIHHARHE - EXEGEL -

* Mandarin: 5 \#ZFHE - ZAZFHEL -
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* Back-translation: S5#FANERFHE - & AMEIVEEL -

* SLI: 0.3571
The terms EIF[F (male child) and & [F (female child) are culturally specific
Taiwanese kinship terms. While the Mandarin translation captures the basic
meaning with 5 A % F and ZZ A % f, the back-translation introduces
inconsistency by using £5%54H %Y for males but preserving 74t A for females,

demonstrating the AI’s inconsistent handling of cultural terms.

Patterns of Semantic Leakage

My analysis identified several recurring patterns in how meaning leaks during
Al translation:

1. Specificity Reduction: Taiwanese terms with precise meanings are often
translated into more general Mandarin terms, losing semantic precision.

2. Pragmatic Particle Omission: Taiwanese discourse particles that modify tone or
stance (e.g., i, 2 , ¥ ) are frequently omitted or mistranslated, flattening the
pragmatic dimension.

3. Register Neutralization: Distinctions between formal, informal, or dialectal
registers in Taiwanese are often neutralized in Mandarin translations.

4. Conceptual Recategorization: Concepts categorized one way in Taiwanese are
recategorized differently in Mandarin, shifting their semantic boundaries.

5. Cultural Reference Obscuration: Cultural references clear to Taiwanese speakers
become obscured or lost entirely in translation.

These patterns reveal that semantic leakage is not random but follows
systematic patterns tied to linguistic and cultural differences between Taiwanese
and Mandarin. The identification of these systematic patterns represents a
significant contribution to our understanding of translation challenges for low-

resource languages.
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Discussion

Theoretical Implications for Translation Studies

My findings on semantic leakage in Taiwanese—Mandarin Al translation
advance translation theory in three ways. First, they empirically challenge Catford’s
(1965) binary translatability/untranslatability by showing partial preservation,
selective leakage, and graded loss at scale, supporting a spectrum view consistent
with Pym’s (2023) “spectrum of resistance.” Second, they extend Venuti’s (2017)
foreignization/domestication beyond lexical-cultural “foreignness” by demonstrating
that structural and pragmatic features—modal particles, aspect markers,
reduplication, and other phonological patterns—often resist domestication because
they encode meaning in ways that do not map cleanly cross-linguistically. Third, the
concept of semantic leakage and its continuous quantification provides a bridge
between DTS and computational linguistics, moving beyond categorical “right/
wrong” judgments toward feature-linked, gradient accounts of how meaning is
preserved or lost, and refining rather than refuting traditional frameworks by
showing that, for this language pair, structural-pragmatic constraints can be more
predictive of difficulty than isolated cultural lexemes.

Methodologically and interpretively, the benchmarks clarify both model
behavior and tool constraints. GPT-40’s strong fluency (4.2/5) but lower adequacy
(3.8/5) is consistent with leakage occurring beneath surface grammaticality, and its
weakness in cultural references and grammatical particles aligns with the most
vulnerable features identified; yet some leakage is also attributable to measurement/
tool limitations, as Jieba achieves 87.3% accuracy on Taiwanese (vs. 94.2% for
Mandarin), plausibly affecting compounds and reduplication, and GPT-40’s general-
purpose performance (BLEU 31.2) remains below specialized systems. Embedding-

method comparisons further motivate more structure-sensitive semantic
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representations for cross-lingual similarity, and the human—AI contrast for
pragmatically loaded expressions (Table 9) underscores the need for explicit
modeling of pragmatic and affective dimensions (e.g., diminutives, politeness
markers, stance particles). Crucially, the framework also disentangles leakage
sources: 42% of leakage persists even in professional human translations (supporting
inherent untranslatability, especially for modal particles and reduplication), whereas
58% appears technically remediable, indicating that present outcomes are partly a
snapshot of current capabilities rather than fixed linguistic limits.

Finally, the results yield concrete theoretical-practical priorities for reducing
leakage in low-resource translation. The error typology shows that linguistic
phenomena and technical limitations interact rather than derive from a single cause,
suggesting parallel agendas: expanding Taiwanese—Mandarin parallel data to
address training-data gaps and pursuing deeper research on cross-linguistic
pragmatic transfer for structural-pragmatic features that remain difficult even with
more data. Comparative benchmarking indicates both persistent human—machine
gaps (human SLI = 0.07) and complementary strengths across paradigms, implying
that hybrid systems integrating explicit linguistic knowledge (rule-based) with
neural learning may be most promising for low-resource settings, especially for
cultural references and fixed expressions versus complex syntax. Subcategory
patterns highlight especially severe leakage for interrogative particles (consistent
with the complexity of interrogative pragmatics) (Li, 2021) and AABB
reduplication, and the broader “translationese” signature—entropy reduction and
embedding-cluster compression—suggests a systematic normalization tendency
that disproportionately erodes pragmatic force, affect, and structural complexity;
this is consistent with observed capability ceilings (e.g., pragmatic particles
preserved in 34.6%, cultural references in 42.3%, reduplication in 38.7%, dialect-
specific expressions in 29.5%, and elevated leakage under code-switching contexts
with average SLI = 0.37).
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Figure 12 presents a capability matrix for LLMs in Taiwanese-Mandarin
translation, showing performance levels across different linguistic dimensions and
text types. It presents a capability matrix for LLMs in Taiwanese-Mandarin
translation, displaying performance scores (0-1) across eight linguistic dimensions
(lexical transfer to code-switching) and four text types (simple declarative to
poetic/dramatic), revealing that while LLMs excel at basic lexical and syntactic
transfer (0.75-0.94), they struggle significantly with dialect-specific expressions
and code-switching (0.15-0.30), with performance degrading consistently as text

complexity increases.

Figure 12

Cross-Register Profile of Semantic-Leakage Phenomena Across Feature Types
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The capability analysis highlights specific areas where targeted improvements
could significantly enhance LLM performance on low-resource language
translation. Particularly promising directions include: (a) explicit modeling of
pragmatic particles and their functions, (b) preservation of reduplication patterns
and their semantic contributions, and (c) enhanced representation of dialect-specific
expressions and cultural references.

Perhaps most significantly, my research challenges the assumption that
cultural-specific terms represent the greatest challenge for translation. While
cultural terms did show significant semantic leakage, structural and pragmatic
features—such as aspect markers, sentence-final particles, and reduplication
patterns—exhibited even higher rates of meaning loss. This finding suggests that
the theoretical focus on cultural untranslatability may have obscured equally
important dimensions of linguistic untranslatability related to grammatical and
pragmatic systems. The implication is that translation theory needs to attend more
carefully to these structural dimensions of meaning, particularly when considering
low-resource languages with grammatical features that differ from dominant
languages. Additionally, my findings are likely to contribute to a more granular
understanding of untranslatability by demonstrating that, within our operationalized
categories and for the specific language pair studied, structural-pragmatic features
exhibit higher average SLI values than cultural-specific terms. This suggests that
current Al translation systems struggle more with the grammatical and pragmatic
dimensions of Taiwanese than with its cultural lexicon, highlighting the need for

translation technologies that better preserve these structural-pragmatic features.

Practical Implications for AI Translation Systems

This study introduces the SLI, a reference-free framework that integrates

entropy-based stylometry, back-translation divergence, and embedding-distance
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diagnostics to capture meaning loss overlooked by standard metrics like BLEU
(Papineni et al., 2002). By pinpointing linguistic features systematically correlated
with leakage—such as aspect markers and particles—the SLI enables developers to
prioritize targeted fixes for low-resource settings. The observed entropy reduction
and embedding-space compression suggest that current models tend to homogenize
linguistic diversity, necessitating approaches like adversarial constraints or explicit
pragmatic modeling to preserve source-language signatures. Ultimately, the results
advocate for a triangulated evaluation pipeline that combines scalable
computational metrics with qualitative depth to ensure both breadth and

interpretive precision in translation system development.

Limitations and Future Directions

Limitations include the focus on a single Al system (ChatGPT-40) and a
single language pair (Taiwanese—Mandarin), a large yet still incomplete corpus
(26,046 sentences) that may not fully represent domain/register/dialect diversity,
and methodological constraints of back-translation (e.g., undetected losses when
errors occur symmetrically in both directions), suggesting extensions to other
models/language pairs, broader and more diverse corpora, longitudinal tracking,
and complementary no-reference evaluation designs (e.g., bilingual direct
assessment or task-based functional evaluation). Future work should move beyond
diagnosis to mitigation—testing interventions such as Taiwanese-specific training
data, architectural modifications, and post-processing to protect vulnerable
meaning—and should also examine ethical, cultural, and political implications of
semantic leakage for minority-language representation and revitalization in digital
spaces. Despite these caveats, the study contributes a replicable framework for

quantifying and categorizing untranslatability via the SLI, offering a foundation
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for more equitable Al translation and for cross-language adaptation to other
morpho-syntactically complex low-resource languages (e.g., Hakka, Ainu,
Zhuang, and indigenous languages) where structural-pragmatic features similarly

challenge Al fidelity.

Conclusion

This study introduces and validates semantic leakage as a framework for
diagnosing and quantifying meaning loss in Al translations, demonstrated on the
Taiwanese—Mandarin pair. Using a mixed-methods design—qualitative content
analysis plus computational metrics—it reveals systematic, predictable patterns of
untranslatability tied to linguistic correlates rather than chance. Contrary to
common assumptions, the hardest material is not culture-bound lexis but structural
and pragmatic features: Sentence-final particles, aspect markers, reduplication
patterns, and phonological cues show the highest leakage. The proposed SLI—
integrating entropy reduction, back-translation divergence, and embedding-distance
analysis—yields a multi-dimensional, reference-free quality measure ideal for low-
resource settings. Theoretically, findings recast untranslatability as a spectrum,
urging greater attention to structural/pragmatic meaning, especially in languages
whose grammars diverge from dominant tongues. Practically, they underscore the
need for models that preserve, rather than normalize, the distinctive features of
low-resource languages, since current systems homogenize toward high-resource
norms. As Al mediates more cross-cultural exchange, mapping and measuring
semantic leakage offers both a research template and a path toward more accurate,

equitable, and culturally sensitive translation technologies.
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Appendix A

Translation Prompt

You are a professional translator with expertise in Taiwanese (Tai-gi) and Mandarin
Chinese.
Task: Translate the following Taiwanese text into natural, fluent Mandarin Chinese.
Important guidelines:

* Maintain the original meaning as closely as possible

* Preserve cultural nuances where appropriate

* Use standard Mandarin Chinese orthography

* Maintain the original text’s tone and register
Taiwanese text to translate:

[INPUT TEXT]
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Appendix B

Back-Translation Prompt

You are a professional translator with expertise in Taiwanese (Tai-gi) and Mandarin
Chinese.
Task: Translate the following Mandarin Chinese text into natural, fluent Taiwanese
(Tai-gi).
Important guidelines:

* Maintain the original meaning as closely as possible

* Use Taiwanese orthography with Han characters where appropriate

* Preserve the tone and register of the original text

* When multiple translations are possible, choose the most natural Taiwanese

expression

Mandarin text to translate:

[INPUT TEXT]
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