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Abstract

Coded language is an important part of human
communication. It refers to cases where users
intentionally encode meaning so that the sur-
face text differs from the intended meaning
and must be decoded to be understood. Cur-
rent language models handle coded language
poorly. Progress has been limited by the lack
of real-world datasets and clear taxonomies.
This paper introduces CODEDLANG, a dataset
of 7,744 Chinese Google Maps reviews, in-
cluding 900 reviews with span-level anno-
tations of coded language. We developed a
seven-class taxonomy that captures common
encoding strategies, including phonetic, ortho-
graphic, and cross-lingual substitutions. We
benchmarked language models on coded lan-
guage detection, classification, and review rat-
ing prediction. Results show that even strong
models can fail to identify or understand coded
language. Because many coded expressions
rely on pronunciation-based strategies, we fur-
ther conducted a phonetic analysis of coded and
decoded forms. Our code and dataset are pub-
licly available !. Together, our results highlight
coded language as an important and underex-
plored challenge for real-world NLP systems.

1 Introduction

Coded language is an important way people com-
municate with each other (Ji and Knight, 2018).
Instead of expressing meaning directly, writers in-
tentionally encode their intent so that the surface
text differs from the intended meaning and must
be decoded by an informed reader. Such practices
are common in everyday communication, yet they
remain understudied in natural language process-
ing (NLP), where models typically assume that
meaning is conveyed transparently in literal text.
Online review platforms provide a clear real-
world context in which coded language emerges.
While reviews influence consumer decisions and
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Figure 1: Example of creative coded language in a
Google Maps restaurant review. Top: the original user
review in Chinese, as posted on Google Maps. Left:
the machine-generated English translation produced by
Google Translate. Right: the inferred underlying mean-
ing obtained by decoding phonetic substitutions.

public reputation, writing negative reviews can
expose users to social pressure, retaliation, or re-
duced visibility. Among Chinese-speaking users
on Google Maps, we observed a recurring strategy:
embedding negative evaluations inside seemingly
positive or neutral reviews using coded language.
These reviews rely on homophones, phonetic sub-
stitutions, transliteration, emoji, and cross-lingual
cues that obscure meaning from casual readers, ma-
chine translation systems, and moderation tools,
while remaining interpretable to in-group audi-
ences. For example, a review stating “Newspaper
eat” appears nonsensical in English but encodes
a negative message through a phonetic substitu-
tion of the Chinese phrase “/N4f1Z” (bu4 hao3
chil, meaning not tasty). When spoken quickly,
“bu4 hao3 chil” can sound like “bao4 chil” (&F7),
which literally translates to “Newspaper Eat” in En-
glish, where “bao4” means newspaper and “chil”
means eat. Figure 1 shows another representative
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example, where machine translation systems fail
to recover the intended meaning. These examples
illustrate how coded language creates a systematic
gap between surface form and communicative in-
tent that current NLP systems struggle to bridge.
To study this phenomenon, we curated
CODEDLANG, a dataset of 7,744 real-world Chi-
nese Google Maps reviews, including 900 re-
views containing coded language with span-level
annotations (Section 3). We also developed a
seven-class taxonomy that captures common en-
coding strategies, including homophonic, phonetic,
and cross-lingual substitutions (Section 3.3). Us-
ing CODEDLANG, we evaluated modern language
models on three NLP tasks (Section 4) and further
analyzed the phonetic properties of coded expres-
sions (Section 5). This work treats coded language
as a systematic and understudied form of real-world
communication and provides a grounded dataset
and taxonomy for examining how NLP systems
handle intentionally encoded meaning in practice.

2 Related Work

Natural Language Processing Methods for
Coded Languages. Prior NLP work showed that
coded language is hard to analyze due to its depen-
dence on context, cultural knowledge, polysemy,
and limited labeled data (Ji and Knight, 2018). De-
coding could be further complicated in multilin-
gual settings, where translation systems and mul-
tilingual language models misinterpret coded ex-
pressions due to misleading cross-language word
similarity (Kallini et al., 2025). Open challenges in-
cluded balancing opacity and interpretability, mod-
eling personalized and multilingual coding strate-
gies, and handling the rapid evolution of code
phrases. While these challenges were known,
prior work lacked task formulations and datasets
grounded in real-world review platforms. Our work
addressed this gap by formulating coded reviews
as an NLP task and introducing CODEDLANG, a
curated dataset of real-world coded reviews.

Existing studies focused on encoding and de-
coding mechanisms. Ji and Knight (2018) showed
how users encoded meaning to bypass censorship
while remaining intelligible to in-group audiences,
supporting functions such as discussing sensitive
topics and expressing negative opinions indirectly.
Kim et al. (2021) found that Korean speakers on
Google Maps used morphological, phonological,
optical, and semantic strategies to make reviews

intelligible only to in-group readers. Cho and Kim
(2021) also categorized intentionally noisy text by
interpretation boundaries. However, these studies
did not capture how users systematically hide neg-
ative sentiment inside positive or neutral reviews,
nor did they provide span-level annotations for this
behavior. Coded language has also been studied
in political discourse as dog whistles, which are
expressions that appear innocuous to general audi-
ences but convey specific meanings to targeted in-
groups (Mendelsohn et al., 2023; Xu et al., 2021).
This line of work focused on ideological signaling
rather than everyday consumer communication and
did not consider how coded language interacted
with ratings or machine translation.

Phonetic and Orthographic Substitution.
Early NLP work treated phonetic and orthographic
variation as noise to be normalized (Saito et al.,
2014). More recent studies have shown that such
variations were deliberately used as coding strate-
gies. In Chinese internet language, homophonic
substitutions and character-level perturbations en-
code meaning implicitly and require phonological
reasoning and shared background knowledge for
interpretation (Xu et al., 2021; Ma et al., 2025b).
Benchmarks showed that large language models
(LLMs) struggle with these substitutions and of-
ten rely on memorized patterns rather than sys-
tematic reasoning (Ma et al., 2025b,a). Related
work in content moderation also showed that ho-
mophones, emoji substitutions, and visually similar
characters degraded toxic language detection per-
formance (Xiao et al., 2024). Recent work also
explored countermeasures, showing that simple
LLM-based approaches could partially counter al-
gospeak (Fillies and Paschke, 2024). However, this
line of work treats surface manipulation as an at-
tack rather than a communication strategy. Our
work instead studies how real users use phonetic
and orthographic substitutions to express negative
evaluations while avoiding detection.

3 CODEDLANG Dataset and Taxonomy

We curated CODEDLANG, a dataset of 7,744 on-
line reviews, of which 900 contain coded language.
Each coded-language review includes span-level
annotation(s) indicating the coding strategy, as de-
fined by our taxonomy. This section overviews the
construction and analysis of CODEDLANG.

We defined coded language as the intentional
encoding or obfuscation of meaning, in which the
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Coded Language Class

Definition

Example

Ambiguous Homophone

Non-Lexical Homophone

Phonetic Substitution

Emoji Substitution

Orthographic Substitution

Cross-Lingual
Phonetic Encoding

Cipher

Existing lexical phrases whose surface form is
a valid expression, but whose intended meaning
differs from the literal meaning via homophones

Homophonic characters that do not form a valid
lexical expression on the surface, but can be
decoded phonetically into a conventional phrase.

Use of phonetic symbols, including Pinyin,
Zhuyin, or Roman letters, to substitute for stan-
dard Chinese characters based on pronunciation.

Emoji replace textual content and convey an en-
coded meaning that differs from the literal emoji
semantics.

Encoding through visual or orthographic simi-
larity between characters and symbols.

Encoding meaning through cross-lingual pho-
netic approximation, often involving translitera-
tion or translation of homophones.

The whole sentence is a nonsensical expression

“K>357(chao3 jil, fried chicken) =
#82% (chaol ji2, super)

“IKF”(huil chang2, grey often) =
E|4 (feil chang?2, very)

“tm” = #1143 (tal mal, damn);
“%f % (hao3 c, good) =
TF1% (hao3 chil, tasty)

« P _
BHYS (la4 jil, spicy chicken) =
173% (lal jil, trash)

“HZ”(kou3 qi3, mouth begging) =
IZ (chil, eat)

“ 1 (gu3 de2, old virtue)” = Good;
“Newspaper eat” =

17 (bao4 chil, newspaper eat) =
NIFIZ,(bud hao3 chil, not tasty)

“qqQQaQ! rMhyfyiy fr”

without a clear literal semantic meaning.

Table 1: Taxonomy of coded language classes with definitions and representative examples. Examples are presented
as they appear in the original reviews, with the decoded form, Pinyin, and English meanings provided in parentheses.
Cipher instances are not decoded, as they are not directly interpretable.

surface form differs from the intended meaning
and decoding is required for interpretation. Impor-
tantly, not all socially opaque language qualifies
as coded language. Dialect, jargon, and multilin-
gual text can be socially opaque because they rely
on shared community knowledge, but they are not
considered coded language unless the meaning is
intentionally disguised through an explicit encod-
ing mechanism, such as phonetic, orthographic, or
symbolic substitutions. In contrast, coded language
is socially opaque because it is encoded: under-
standing it requires actively decoding the surface
form to recover the intended meaning.

3.1 Data Sources and Pre-Processing

Initial Coded-Language Examples. We first
observed news articles reporting Chinese-speaking
users employing coded language to express dis-
satisfaction in Google Reviews for overseas busi-
nesses (Qing, 2024; Fan, 2024; Chen, 2025). These
cases were originally shared on social media plat-
forms such as Xiaohongshu (Rednote) and Threads,
where users discussed the opacity and in-group in-
terpretability of such reviews and shared additional
examples they had encountered.”? Therefore, we

ZFor example, a Xiaohongshu post titled “This is the first
time I’ve seen real Chinese encryption hahaha”, and a Threads
post said “Saw a review that only Taiwanese people can un-

collected 23 reviews containing coded language
that were shared on social media or reported in
news articles. These reviews serve as an initial
seed set, providing concrete examples of real-world
coded expressions and guiding our large-scale min-
ing of low-frequency coded reviews.

Real-World Google Maps Reviews. Building
on this seed set, we further screened for coded-
language instances in massive Google Maps re-
views. We used two Google Maps review datasets:
(i) 1.77 million restaurant reviews (Li et al., 2022)
and (ii) 666 million local reviews (Yan et al., 2023).
These reviews were multilingual and covered U.S.
businesses, including restaurants and hotels. Each
review included a user ID, a business ID, the origi-
nal review text, ratings, and an English translation
of the review when the original was not in English.
We then selected reviews containing at least one
Chinese character, which yielded 5,391 Chinese-
language reviews from the restaurant review dataset
and 112,521 from the local review dataset. This
set included reviews written in Simplified and Tra-
ditional Chinese, with some mixed with English
and other languages.® Section 3.2 described our
derstand, thank you, kind soul!”, both highlighted community
awareness of such coded expressions.

3Here, Traditional Chinese refers to written Chinese in
traditional characters, including varieties such as Taiwan Man-
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process of finding reviews that contain coded lan-
guages from this set.

3.2 Constructing CODEDLANG Dataset

We used an iterative, human-in-the-loop mining
process to identify coded languages in large-scale
Google Maps reviews. Two of the authors served
as annotators in this process.

Pilot Study. We collected 23 gold examples of
coded language from social media and news media
discussions (sources described in Section 3.1). To
estimate real-world prevalence, we manually an-
notated 5,391 U.S. restaurant reviews (created in
Section 3.1). We identified only 19 reviews (0.35%)
that used coded language, confirming that it is a
rare phenomenon in this domain. We also found
that most coded expressions occur at the phrase
level rather than the sentence level, meaning they
can often be decoded using limited local context.
A dictionary-based table lookup covering common
phrases, combined with substantial human valida-
tion, should capture a large portion of real-world
cases.

Step 1: Seed Dictionary Construction. We
first annotated the specific text spans that contained
coded language in all examples (e.g.,“HF” in “E
A 2R 2] ) from Pilot Study, where HF (xial,
shrimp) is a homophonic substitution for i (xial,
absurd), and then aggregated these annotated spans
to form a dictionary. The initial dictionary con-
tained 100 coded spans.

Step 2: Candidate Retrieval and Validation.
Using this dictionary, we applied string matching
across the entire review corpus to retrieve candidate
reviews containing dictionary entries. To further
expand coverage, we also included reviews whose
English machine translations contained Pinyin, a
phonetic system for Chinese that uses the Latin
alphabet to represent pronunciation, since this indi-
cates potential machine translation challenges. All
candidate reviews were then manually validated.

Step 3: Dictionary Expansion and Iterative
Bootstraping. The validated reviews from Step
2 went through the same span-annotation process
described in Step 1, and the newly annotated spans
were added to the dictionary. The updated dictio-
nary was then used to retrieve additional coded-
language reviews from the corpus, and this pro-
cess was repeated iteratively. We continued the

darin and Cantonese.

bootstrapping process until convergence, defined
as an iteration in which no new validated coded-
language spans were identified and no additional
coded-language reviews were retrieved. To further
improve coverage, we also incorporated all word
entries from an external homophone dictionary de-
rived from Weibo and Tieba data (Ma et al., 2025b)
during this iterative process.

As a result, CODEDLANG contained 900 re-
views containing coded language out of 7,744
manually annotated reviews. These 7,744 items in-
clude the 5,391 annotated restaurant reviews from
the Pilot Study, as well as cases surfaced through-
out the iterations.

Annotating Coded Language Classes. Based
on the accumulated coded-language instances, we
developed a taxonomy of seven coded-language
categories (Section 3.3) and annotated each review
using multi-label class assignments. During anno-
tation, annotators first identified whether a review
contained coded language, then marked the exact
text spans that were coded. Each coded span, con-
sisting of one or more characters, was assigned a
single category corresponding to its primary en-
coding strategy. It is possible for a single span
to involve multiple encoding mechanisms. But
for annotation consistency and downstream evalua-
tion clarity, we adopted a one-to-one span—category
mapping, assigning each span to its dominant en-
coding strategy. Our annotation decision was based
on both surface form and intended meaning. While
some expressions may involve layered transforma-
tions, we categorize them according to the most
salient observable mechanism. For example, the

expression “ § <252 derives from the phrase “4%
FKHEL” (tie3 hanl hanl, meaning “silly”). The trans-
formation involves an intermediate phonetic substi-
tution #X (hanl, silly) to X (han4), to {X & (han4
bao3, hamburger) which is *’:', but the final sur-
face form primarily manifests as emoji substitution.
Therefore, it is labeled under emoji substitution in
our taxonomy. A review could contain multiple
spans using different strategies and thus receive
multiple coded-language labels. This annotation
process resulted in 184 unique coded spans across
the dataset. While each span was assigned a single
encoding category, its decoded meaning could vary
depending on contextual usage.

Inner-Annotator Agreements. During the it-
erative bootstrapping phase, the first author manu-

9436



Distribution of Coded Language Categories

Ambiguous

Non-Lexical
292
Homophone

Phonetic

Substitution 200
Emoji 48

Substitution

Cipher 47
Orthographic

Substitution 3

Cross-Lingual

Phonetic
Encoding

<

0 50 100 15

50 200 250 300 350
Count

Figure 2: Distribution of coded language categories in
the annotated dataset.

ally labeled all items returned by the process and
included all labeled items, both coded and non-
coded, in CODEDLANG. The second author then
independently annotated the entire CODEDLANG.
They achieved high agreement on whether a re-
view contained coded language (Cohen’s kappa =
0.99), which was calculated on the annotated data
before resolving disagreements.. At the span level,
annotators also showed strong consistency, with
98% of identified spans overlapping between anno-
tators. Recurring disagreements primarily arose in
distinguishing dialectal variation from intentionally
coded language. In some cases, regional phonetic
spellings resembled coded substitutions, requiring
annotators to determine whether a form reflected
deliberate encoding or ordinary dialectal expres-
sion. For example, BL#% 15 was a candidate of
coded expression, but was later identified as a Bei-
jing dialect term meaning ‘pull strings’. We la-
beled it as non-coded language, as its surface form
directly reflects its intended meaning, despite pos-
ing an interpretation barrier for those unfamiliar
with the dialect. All disagreements were resolved
through discussion to reach consensus, which de-
termined the final released labels.

3.3 Taxonomy of Coded Language

We inductively refined the decision boundaries
of each category through repeated discussions be-
tween the two annotators through multiple rounds
of review. Table 1 summarizes the final, converged
taxonomy, including concise definitions and rep-
resentative examples. Figure 2 shows the distribu-
tion of coded-language categories. Homophone-
based strategies are the most prevalent, followed
by phonetic and orthographic substitutions, while
cipher-like expressions and cross-lingual phonetic
encoding are rarer.

Model Precision T Recallt F; 1
GPT-5-mini 0.69 0.80 0.74
Gemini-2.5-Flash 0.67 0.92 0.77
DeepSeek-V3.2 0.77 0.79 0.78
Qwen2.5-7B-Instruct 0.80 0.43 0.56
Llama-3.1-8B-Instruct 0.35 0.68 0.46

Table 2: Coded language detection performance across
models. Best scores in each column are in bold.

4 Downstream Benchmark Tasks

Using CODEDLANG, we evaluated the capabil-
ity of LLMs to handle real-world coded language
across three NLP tasks: (i) coded language detec-
tion, (ii) coded language classification, and (iii)
review rating prediction.

4.1 Coded Language Detection

Experimental Setups. We assessed LLMs’
ability to detect coded language in reviews us-
ing a binary classification task. We bench-
marked a diverse set of modern English and
Chinese LLMs, including GPT-5-mini (Ope-
nAl, 2025), Gemini-2.5-Flash (Comanici et al.,
2025), Qwen2.5-7B-Instruct (Qwen et al., 2025),
DeepSeek-V3.2 (DeepSeek-Al et al., 2025) and
Llama-3.1-8B-Instruct (Meta, 2024). Models were
instructed to identify whether a review contains
coded language and output a binary prediction. Our
prompt included the definition of coded language
along with few-shot examples drawn from our tax-
onomy. We evaluated classification performance
using precision, recall, and F; score.

Results. From the Table 2, we found DeepSeek-
V3.2 has a balanced tradeoff between precision and
recall, and has the highest F; score in the coded lan-
guage detection. Gemini-2.5-Flash has the highest
recall, which captures the majority of coded ex-
pressions at the cost of reduced precision. On the
other side, Qwen2.5-7B-Instruction has the highest
precision. Comparing across four models, there is
no single model that dominates across all metrics.

4.2 Coded Language Classification

Experimental Setups. We formulated coded
language classification as a multi-label classifica-
tion task, where a review may apply multiple coded
language strategies to encode its message. Our
prompts provide concise definitions of each coded-
language category along with a few-shot represen-
tative examples. Given a review, models are in-
structed to produce a structured output with three
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Coded Language Class Pt RT Fi1 T N
Ambiguous Homophone 0.48 046 0.47 333
Non-Lexical Homophone 0.62 0.57 0.59 292
Phonetic Substitution 0.47 0.56 0.51 200
Emoji Substitution 0.36 0.50 042 48
Cipher 0.84 0.66 0.74 47
Orthographic Substitution 0.32 094 048 34

Cross-Lingual Phonetic Encoding 0.25 1.00 040 7

Table 3: Multi-label coded language classification per-
formance across categories by DeepSeek-V3.2. The
highest (lowest) scores in each column are highlighted

in bold (underlined).

fields: (1) classes, a list of coded-language cate-
gories applied in the review; (2) evidence, a list of
exact text spans copied from the review that sup-
port the classification; and (3) a brief explanation
justifying the decision. The output classes and the
evidence of the coded span would be empty if no
coded language is detected. Models are evaluated
against annotations derived from our taxonomy and
measured using precision, recall, and F; score.

Results. We reported the results of the coded-
language classification using DeepSeek-V3.2. Re-
sults for other models are provided in the Ap-
pendix A.2. Table 3 reports multi-label classifi-
cation performance across coded language cate-
gories. To account for class imbalance, we reported
per-class performance metrics, allowing a granular
assessment across categories. Cipher expressions
achieved the highest F; and precision, indicating
that they are easier to identify than other categories.
Cross-Lingual Phonetic Encoding had the highest
recall but lowest precision and F;, which tells that
the model can not identify this category clearly.
This might be influenced by the limited sample
size of the Cross-Lingual Phonetic Encoding Cat-
egory. The Homophones, Phonetic, Orthographic,
and Emoji Substitutions achieved F; scores ranging
from 0.42 to 0.59, indicating that these phenomena
remained challenging for current models.

4.3 Review Rate Prediction

Experimental Setups. We examine review rate
prediction to understand how coded language af-
fects models’ ability to infer users’ intended star
ratings. While ratings are commonly treated as
proxies for sentiment, reviews that use coded lan-
guage may express evaluative intent indirectly, in-
troducing additional ambiguity. Considering the
misalignment between ratings and review content,
we manually validated the pairs of ratings and re-
views. We found that ratings are generally consis-

Rating-wise Prediction Error by Representation

B Char-masked
Span-masked

2.00 4 mmm Non-coded
Decoded
1754 mmm Coded

Lo 2.0 3.0 4.0 5.0
N=743 N=217 N=657 N=2039 N=4088
Rating

Figure 3: Rating-wise mean squared error (MSE) for
review rating prediction under different textual represen-
tations. Results were predicted by GPT-5-mini. Sample
sizes for each rating level were shown below the x-axis,
reflecting imbalance across ratings.

tent with review sentiment, with only seven reviews
rated four or five that express negative content.
The review rating prediction was evaluated on
Mean Squared Error (MSE). To investigate the ef-
fect of coded language, we construct multiple for-
mats of the same review text: (1) Non-coded re-
views as original; (2) Coded reviews as original;
(3) Character-based masked reviews, where each
coded characters is replaced with a [CODE] token;
(4) Span-based masked reviews, where consecutive
coded tokens are replaced with a single [CODE-
SPAN]; and (5) Decoded reviews, where coded
expressions are replaced with their intended mean-
ing using a dictionary derived from annotation.

Results. Across all models in Table 4, the
MSE on coded reviews is larger than on non-coded
reviews, indicating higher prediction error under
coded language. It shows that coded language dis-
rupted sentiment signals relevant for rating pre-
diction. GPT-5-mini showed the most robust per-
formance across review formats, with consistently
low MSE, so we further examined its predictions
stratified by rating groups.

Figure 3 presents rating-wise prediction error
across different textual representations of reviews.
Prediction errors were low for extreme ratings (1
and 5), indicating that strongly expressed senti-
ment was relatively easy to infer even in the pres-
ence of coded or masked language. In contrast,
3-star reviews exhibited the highest error, reflecting
the inherent ambiguity of mixed or neutral evalua-
tive intent. Notably, for intermediate ratings (2-4),
masked reviews have lower error than decoded and
coded reviews, suggesting that coded expressions
can introduce misleading surface cues and that lit-
eral decoding does not always clarify intent.
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Model Non-coded | Decoded| Span-Masked| Coded| Char-Masked |
GPT-5-mini 0.52 0.55 0.65 0.68 0.71
Gemini-2.5-Flash 0.63 0.69 0.73 0.70 0.74
DeepSeek-V3.2 0.47 0.82 1.16 0.80 1.08
Qwen2.5-7B-Instruct 0.90 1.27 1.60 1.90 1.67
Llama-3.1-8B-Instruct 0.67 0.89 0.93 1.30 1.23

Table 4: Review rating prediction performance (mean squared error (MSE), lower is better) across different review
types. The best performance in each row is highlighted in bold, and the worst is underlined. Overall, LLMs perform
worse when processing reviews that contain coded language.

Coded Language Class CER-Pinyin CER-IPA
Ambiguous Homophone 0.49 0.57
Non-Lexical Homophone 0.30 0.37
Phonetic Substitution 0.61 0.68
Emoji Substitution 0.58 0.63
Cross-Lingual 123 246

Phonetic Encoding

Table 5: Character error rates (CER) between coded
expressions and their decoded forms. Lower CER in-
dicates greater pronunciation similarity. The lowest
(highest) CER are highlighted in bold (underlined).

Coded Language Class MSE
Ambiguous Homophone 0.31
Non-Lexical Homophone 0.43
Phonetic Substitution 0.51
Emoji Substitution 0.56

Cross-Lingual Phonetic Encoding  0.86

Table 6: Mean squared error (MSE) between GPTS5-
mini predicted and user-assigned ratings across coded
language classes.

As an additional analysis, we found that coded
language was significantly associated with lower
ratings in Google Reviews (p < 0.001). Coded
language tended to appear in relatively concise re-
views under extreme sentiment conditions, even
though negative reviews were longer overall (p <
0.001). Appendix A.1 shows the detailed analysis.

5 Phonetics Analysis

LLMs often performed poorly on coded language,
but it remained unclear which factors drive this
performance drop. In CODEDLANG, many coded
reviews relied on pronunciation-based strategies,
which raised an interesting question: Does pho-
netic similarity between coded expressions and
their intended meanings make coded language
easier for LLMs to process? We conducted a set
of analyses to answer this question.

Measuring Pronunciation Similarity. We
measured phonetic similarity between coded ex-
pressions and their decoded meanings. We used

Phonetic
Substitution

Non-Lexical
Homophone

Ambiguous
Homophone

Error Type
= substitutions
deletions
Cross-Lingual insertions
Phonetic | 0.
Encoding

Emoji
Substitution | g 49

0.0 0.2 0.4 0.6 0.8 1.0
Proportion of Total Errors

Figure 4: The average error rate for substitutions, dele-
tions, and insertions per class using Pinyin representa-
tions, ranked by the total number of errors per class.

tools to annotate Pinyin (Huang et al., 2025) and
International Phonetic Alphabet (IPA) representa-
tions (Taubert, 2025) for each coded-decoded span
pair in CODEDLANG, excluding the Cipher and
Orthographic Substitution classes. Tones in Pinyin
were annotated from 1 to 4 and mapped to IPA tone
contours accordingly (1 to 1,2 to 1, 3 to \, and 4 to
\). We used character error rate (CER), a common
evaluation metric in automatic speech recognition
(ASR), to quantify the phonetic similarity between
coded and decoded spans. In ASR, CER is com-
puted as the normalized sum of substitutions (S5),
deletions (D), and insertions () over the total num-
ber of characters (/V) between the ASR-generated
utterance (hypothesis) and verbatim utterance (ref-
erence) (Morris et al., 2004) (Equation 1). In our
analysis, a lower CER indicates greater pronuncia-
tion similarity between the coded expression and
its decoded form. We treated each phoneme in IPA
and syllable in Pinyin as a character, and computed
pairwise CER for each pair of decoded span (ref-
erence) and coded span (hypothesis). Some pinyin
abbreviations consist only of consonant initials,
which cannot be directly mapped to IPA without
a vowel. In such cases, we follow the common
convention used by Chinese speakers when reading
pinyin initials aloud, using pronunciation for each
alphabet letter without tone to ensure pronounce-
ability before converting to IPA. This avoids gener-
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ating transduction error [UNK] tokens during IPA
conversion, while we acknowledge that this trans-
formation may introduce higher IPA error rate.
S+D+1
CER = —— 1

N (D
Figure 5 illustrates how CER is computed using
Pinyin and IPA representations for the same coded
expression and its decoded form, including substi-
tution, deletion, and insertion errors.

-
[ Pinyin:
Reference FILL: k*e3yi3
Hypothesis FELL: kuod yi3
1SS
Substitutions=2 Deletions=0 Insertions=1 Hits=5
_ CER=42.86%

" IPA:
Reference ®ILL: kv i
Hypothesis FELL: khwoV* iv
ISSD
Substitutions=2 Deletions=1 Insertions=1 Hits=8
| CER=36.36%

,//"

Figure 5: Example of CER based on Pinyin and IPA
representations.

5.1 Findings

Phonetic Error Patterns Across Categories.
As shown in Table 5, cross-lingual phonetic en-
coding yielded the highest CER, highlighting the
difficulty of cross-language pronunciation mapping.
Non-lexical homophones showed the lowest CER,
reflecting relatively high phonetic similarity de-
spite semantic ambiguity. Figure 4 shows the aver-
age substitution, deletion, and insertion error rates
across coded language categories computed using
Pinyin, following Equation 2. Corresponding re-
sults using IPA are reported in Appendix A.3.

total # of S/I/D

BrorRate =l #of S+1D )

We observed that the Phonetic Substitution class
reached the highest number of deletions for both
Pinyin and IPA. This observation was primarily
driven by the use of Pinyin initials, which reduced
multi-syllabic words to only Pinyin consonants and
subsequently led to failures in the IPA conversion.
For example, “rmb” was abbreviated from ren2
min2 bi4 (Chinese Yuan). We also observed a
cross-lingual case where “ww” was coded for P&
15 (haha, laughter), similar to 1ol (lots of laughs).
The origin of w was abbreviated from 1 % (warai,
laughter) in Japanese. In addition, substitutions
reached the second most frequent error type across
all coded language categories. For example, jin1

hou4 xia2 (4z/EM, non-lexical homophones for
‘really delicious’ in Taiwanese) was substituted for
zhen1 hao3 chil (BE1F#Z, really delicious). This
suggested a high degree of phonetic interference, in
which the target sounds were replaced by phoneti-
cally similar but intentionally incorrect variants.

Phonetic Similarity and Rating Prediction Er-
ror. We found that greater phonetic distortion in
coded language was associated with higher rating
prediction error, but this relationship varied across
coded language categories and remained modest
overall. The MSE between the GPT-5-mini pre-
dicted rating and the user-assigned rating are shown
in the table 6. The Spearman’s p between MSE and
average CER reached 0.80 for both Pinyin and IPA,
suggesting that more character errors were associ-
ated with more variance between predicted ratings
and user-assigned ratings. Yet, the correlations did
not reach conventional levels of statistical signifi-
cance (p-value = 0.104).

The Cross-Lingual Phonetic Encoding class
achieved the highest MSE and CER for both Pinyin
and IPA, which may be due to the lack of cross-
lingual context and the limited data size. Compared
to Ambiguous Homophones, Non-Lexical Homo-
phones achieved lower CER under both Pinyin and
IPA, but obtained higher MSE in rating prediction.
This suggested that, despite higher pronunciation
similarity, the loss of lexicalized meaning in Non-
Lexical Homophones impairs downstream prag-
matic interpretation more.

6 Discussion

Expressiveness vs. Interpretability in Coded
Language. Our data shows a highly skewed dis-
tribution in coded language usage: among 184
unique coded spans, 111 appear only once, while
a small number of forms are used repeatedly. The
most frequent span, “Ji§(dil, drip), appears 102
times and serves as a phonetic substitution for
“[1(de, of), often used to convey a playful, cute
tone. This pattern suggests that while the ma-
jority of coded expressions are context-specific,
a small subset becomes widely shared and stabi-
lized through repeated use. This observation aligns
with prior work showing that popular code words
rely on unconventional character combinations and
simple, memorable, affective, or sarcastic expres-
sions (Zhang et al., 2014). At the other extreme,
some unique spans in our dataset were difficult
even for human annotators to interpret. For exam-
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ple 6 ]\7*")1-7{@%” used emojis to replace
homophone words. The review reads as (xiang4
ren2 shenl yil yang2 de2 jiangl, elephant human
apply one sheep get ginger), which actually means
(xiang4 ren2 shenl yi2 yang4 de jiangl, the ginger
was like ginseng).

There is a trade-off between expressiveness and
interpretability in coded language. Codes that are
easy to recognize, humorous, or representative are
more likely to be widely adopted and circulate as
shared memes, but their obfuscatory or boundary-
setting function weakens as they spread. In contrast,
niche or opaque codes preserve stronger hiding
effects but require greater interpretive effort and
shared background knowledge. Prior work shows
that human-created code words are perceived as
funnier than machine-generated ones and are there-
fore more likely to be adapted over time (Zhang
et al., 2015). Similarly, Wan et al. (2025) shows
that boundary-making strategies based on linguis-
tic tricks lose effectiveness as audiences diversify,
forcing users to continually invent new, more cre-
ative, and less transparent codes.

Multilingualism of Coded Language. Our
analysis further shows that coded language often
operates across languages and writing systems, cre-
ating barriers to interpretation for both native speak-
ers and language models. Some coded expressions
exploited cross-script visual similarity rather than
phonetic or semantic equivalence, such as using
Kanji or Chinese characters whose shapes resemble
Latin letters (e.g., “JIUT ” encoding “MY”"). More
broadly, Chinese comprises a family of languages
and dialects with varying alignments between writ-
ten and spoken forms. For example, written Can-
tonese closely reflects spoken Cantonese and dif-
fers substantially from Mandarin in syntax and
lexicon, introducing additional variation in coded
expressions. Chinese online communication also
draws on sustained contact with neighboring lan-
guages such as Japanese and Korean, leading to
the use of transliteration-based codes. For exam-
ple, “RIEER” (ka3 wal yil, card wow they) means
h>H vy (Kawaii, cute) from Japanese. These
multilingual and cross-script practices highlight
that understanding coded language often requires
shared community knowledge spanning multiple
linguistic systems, further complicating both hu-
man annotation and automated interpretation.

7 Conclusion

Coded language is a common communicative strat-
egy in which intended meaning diverges from sur-
face form and requires decoding to be understood.
We presented CODEDLANG, a dataset of 7,744
Chinese Google Maps reviews with span-level an-
notations and a seven-class taxonomy capturing
phonetic, orthographic, and cross-lingual encoding
strategies. We evaluated language models on coded
language detection, classification, and review rat-
ing prediction. Our results showed that even strong
models frequently fail to detect coded language,
and phonetic distortions contribute to downstream
prediction errors. These findings highlight coded
language as a persistent challenge for real-world
NLP systems and motivate further work.

8 Limitations

Although our work represents an important first
step toward understanding and modeling coded lan-
guage, it has several limitations.

* First and most significantly, our data curation
relied on an iterative bootstrapping process
that was inherently constrained by what LLMs
and existing lexicons could surface. If a coded
expression never appeared in the seed dictio-
naries we used and was not recognized by the
LLMs during bootstrapping, it was missed.
This bias was difficult to avoid when con-
structing datasets for low-frequency linguistic
phenomena and fundamentally limited cover-
age of rare, creative, or highly novel forms of
coded language.

* Second, the dataset was temporally and geo-
graphically bounded. Our collection endpoint
was 2022, and the data focused on online re-
views in the United States. Because coded
language evolves over time and varies across
regions, platforms, and communities, newer
forms or region-specific patterns emerging af-
ter this cutoff were not captured. In the long
run, we plan to update CODEDLANG to cover
additional languages, genres, and time frames.

* Third, annotation and interpretation were in-
evitably shaped by the annotators’ linguistic
backgrounds and community knowledge. As
a result, some coded expressions may have
been missed or misinterpreted, particularly
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those that were highly personalized, culturally
specific, or dependent on insider context.

* Fourth, the operational scope of coded lan-
guage in this paper was informed by collec-
tive authorial decisions made during taxon-
omy development and data curation. We were
confident that such cases were rare, given that
the authors have professional training in lin-
guistics and are native speakers of Chinese.
However, it remained possible that a different
group of researchers, drawing on alternative
theoretical perspectives or community norms,
might have made different judgments about
which cases to include or exclude.

* Finally, our analysis prioritized identifying
broad patterns and evaluating downstream im-
pacts of coded language rather than construct-
ing an exhaustive inventory. Accordingly, we
did not claim to capture all possible coded
expressions in online communication.

9 Ethics Statement

Our work analyzed naturally occurring coded lan-
guage in online reviews to better understand how
meaning is expressed beyond literal text. Some
coded expressions are intentionally used to obscure
meaning or to restrict interpretability to specific
audiences. We recognized that, in some cases, de-
coding such expressions could run counter to the
original communicative intent of individual writers.
We are aware of and familiar with prior scholarship
on ethical considerations in research using public
online data, including discussions of participant
perspectives and ethical tensions when analyzing
social media content in public research contexts,
such as studies of Twitter user perceptions of re-
search ethics (Fiesler and Proferes, 2018) and sys-
tematic reviews of ethical questions in research
using Reddit data (Fiesler and Proferes, 2018).

To mitigate ethical concerns, we focused on a
relatively low-risk domain, namely publicly avail-
able online reviews. All data were drawn from
public sources and analyzed in aggregate, without
attempts to infer, identify, or attribute sensitive in-
formation to specific individuals.

Our goal was not to expose or target individual
users, but to study coded language as a linguistic
and social phenomenon that plays an important role
in human communication. By examining coded
language, we aimed to support more faithful and

equitable interpretation of authentic user communi-
cation in NLP systems, rather than to undermine or
suppress user expression.
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Figure 6: The average review length by rating, compar-
ing coded and non-coded reviews.

A Appendix

A.1 Statistics Analysis

We examine whether coded language is associated
with user ratings in Google Reviews. Using a chi-
square test of independence, we find a significant
association between coded language and rating dis-
tribution (p < 0.001), with a moderate effect size
(Cramér’s V' = 0.29). A Mann—Whitney U test fur-
ther shows that reviews containing coded language
have significantly lower rating ranks than non-
coded reviews (p < 0.001). Consistent with these
findings, an ordinal logistic regression indicates a
negative association between coded language pres-
ence and rating (8 = —0.89, p < 0.001), suggest-
ing that coded language is more likely to appear in
lower-rated reviews.

We further analyze the relationships among re-
view length, coded language use, and rating scores.
Because the review length distribution is highly
skewed and heavy-tailed, we employ nonparamet-
ric statistical tests throughout. We first examine
the relationship between review length and rating
across the full corpus. A Kruskal-Wallis test shows
that the distributions of review lengths differ sig-
nificantly across the five rating levels (p < 0.001).
Consistent with this result, Spearman’s rank corre-
lation reveals a weak but significant negative mono-
tonic relationship between rating and review length
(p = —0.12,p < 0.001), indicating that lower-
rated (more negative) reviews tend to be longer
overall. We next test whether coded language use
is associated with review length when aggregating
across all ratings. A Mann—Whitney U test compar-
ing coded and non-coded reviews shows no signifi-
cant difference in length distributions (p = 0.18),

Phonetic
Substitution

Non-Lexical
Homophone

Ambiguous Error Type.
Homophone == substitutions
deletions
Cross-Lingual insertions
Phonetic [°®

Encoding

Emoji
Substitution

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Proportion of Total Errors

Figure 7: The average error rate for substitutions, dele-
tions, and insertions per class using IPA representations,
ranked by the total number of errors per class.

suggesting that coded language is not globally as-
sociated with review length. However, when strat-
ifying by rating, length differences emerge at the
extremes: coded reviews are significantly shorter
than non-coded reviews at both 1 and 5 ratings
(p < 0.001), while differences at intermediate rat-
ings (2—4) are not statistically significant. This
pattern indicates that the length effect of coded lan-
guage is conditional on sentiment intensity rather
than a uniform stylistic property. Therefore, neg-
ative reviews tend to be longer in general, while
coded language is associated with more concise
expression under extreme sentiment conditions, as
also shown in Figure 6.

A.2 Additional Coded Language
Classification Results

Table 7 reports per-class precision, recall, and F1
across GPT-5-mini, Gemini-2.5-Flash, Qwen2.5-
7B-Instruct and Llama-3.1-8B-Instruct.

A.3 IPA-based Phonetic Analysis

Figure 7 presents character error rate analyses com-
puted using IPA representations, corresponding to
the IPA-based results reported in the main paper.

A.4 Prompt Templates

A4.1 Coded Language Detection and
Classification

You are annotating whether a review
contains coded language.

Definition:

"Coded language"” refers to intentional
encoding or obfuscation of meaning.

The surface form and the intended hidden
meaning are different, and decoding

or inference is required to recover

the meaning.

IMPORTANT :
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GPT-5-mini

Gemini-2.5-Flash Qwen2.5-7B-Instruct Llama-3.1-8B-Instruct

Coded Language Class P R Fb|P R F, | P R F. | P R F.

Ambiguous Homophone 0.66 0.61 0.63 057 0.61 0.59 045 0.23 0.30 0.25 0.27 0.26
Non-Lexical Homophone 0.65 0.54 0.59 0.68 0.73 0.70 0.38 0.30 0.34 NaN 0.00 NaN
Phonetic Substitution 0.50 095 0.65 0.51 097 0.67 048 0.16 0.24 0.38 045 0.41
Emoji Substitution 0.75 0.25 0.38 0.77 0.83 0.80 0.10 0.08 0.09 0.09 0.58 0.16
Cipher 0.86 0.81 0.84 0.78 0.85 0.81 045 0.12 0.19 0.04 0.13 0.06
Orthographic Substitution 0.30 091 045 046 097 0.63 0.17 0.65 0.27 0.02 0.85 0.05

Cross-Lingual Phonetic Encoding 0.05 1.00 0.10

0.04

1.00 0.08 0.09 0.57 0.16 0.06 0.71 0.11

Table 7: Per-class coded language classification performance across models.

Not all socially opaque language is
coded language. Dialect, jargon, or

multilingual text alone does NOT count

as coded language unless encoding is
involved.

Coded language classes (multi-label
allowed):

1. ambiguous_homophone
An existing word or phrase whose
literal meaning differs from its
hidden meaning.
Examples:
- X - B (very)
- PG - il (trash)
- Wl - B (like)

2. non_lexical_homophone
Homophonic characters or tokens
that do NOT form a valid lexical
expression on the surface.
Examples:

- KE CEF)
- TR (AR
- JFER LY

3. Phonetic Substitution
Use of pinyin, phonetic symbols,
or roman letters to represent
words or meanings instead of
full characters.

Examples:
- nb  (H9E)
- tm (fbiG)

- % (4FZ)
- e (RE)

4. Emoji
Emoji replaces textual content and
conveys a hidden meaning DIFFERENT
from its literal emoji meaning.

Coded examples:

- [MWemojillf - XEIH

- Of » — &

- BRI EEemoji 1[I Eemoji] » FREKEKX
Non-coded (DO NOT label as coded):
- {E[{&emojil » (EFF)

- [ifiemojil® - W=

- M emoji] » (EIHNE)

5. orthographic

Encoding through visual or orthographic
similarity.

Examples:

- JRY = MY

- o B

- No GooD - NO GOOD

6. transliteration
Phonetic transliteration across
languages.
Examples:
- W& - good
- A/ EHE + very good
- b3+ shuttle
- ball ball - 3Kk

7. cipher
The sentence has no clear literal
semantic meaning and appears
intentionally nonsensical or
cipher-like.
Example:
- qaQQaQ! 1RMAyfyi y f r

Exclusions (NOT coded language):

- Pure dialectal expressions without
encoding

- Pure multilingualism without
phonetic or orthographic substitution
- Emoji used literally without hidden
meaning
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Your task:

- Decide whether coded language is
present.

- If present, identify ALL applicable
coded language classes.

- Extract exact spans from the review
that constitute coded language.
Return ONLY valid JSON with the
following keys:

- label: 1 if coded language is
present, else 0

- classes: list of coded language
classes (empty if label=0)

- evidence: list of exact spans
copied from the review

(empty if label=0)

- short_reason: <= 20 words
explaining the decision

Review:
<L{text}>>>

A.4.2 Rating Prediction
Original Reviews

You will be given a review.
Estimate the user's intended star rating
on a 1-5 scale.

Rules:

- Output JSON ONLY.

- The JSON must have exactly one field:
"rating”.

- The value of "rating” must be a number
between 1 and 5.

- Do not include any explanation or
extra fields.

Review:
{text}

Masked Reviews

You will be given a review.
Estimate the user's intended star rating
on a 1-5 scale.

Note:

- The token [CODE] indicates masked
coded language in the original review.

- Treat [CODE] as an unknown placeholder

Rules:

- Output JSON ONLY.

- The JSON must have exactly one field:
"rating”.

- The value of "rating” must be a number
between 1 and 5.

- Do not include any explanation or extra
fields.

Review:
{text}

Decoded Reviews

You will be given a review.
Estimate the user's intended star rating
on a 1-5 scale.

Note:
- Some reviews may contain unusual
or nonsensical expressions.

Rules:

- Output JSON ONLY.

- The JSON must have exactly one field:
"rating”.

- The value of "rating” must be a
number between 1 and 5.

- Do not include any explanation or
extra fields.

Review:
{text}
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