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Abstract

Large Language Models (LLMs) have shown promising results in dialectal machine translation, yet the impact of
explicit linguistic features remains underexplored. This paper examines whether part-of-speech (POS) tags and
diacritization help or hinder LLM-based translation between Algerian dialect (Darija) and Modern Standard Arabic
(MSA). Using a linguistically enriched subset of the PADIC dataset, we conduct bidirectional experiments across
several frontier and open-weight LLMs, evaluated with automatic metrics and human judgments of adequacy and
fluency. Results reveal a dual and asymmetric effect: diacritics can improve adequacy in the MSA — Algerian
dialect direction, while POS tags and forced diacritization often introduce noise, especially for Algerian dialect —»
MSA translation. We further observe a mismatch between traditional overlap-based metrics and human evaluation,
suggesting limitations in current evaluation practices. Overall, explicit linguistic augmentation does not consistently
benefit LLM-based dialectal translation and must be applied cautiously. The code, prompts, and datasets are
available at: FeatureDual-MT Repository
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1. Introduction Heafield, 2020). For Arabic, combining POS-aware
and diacritic-sensitive representations has been
Arabic natural language processing poses signif-  shown to enhance disambiguation and translation
icant challenges due to the language’s rich mor-  quality (Abdul-Mageed and Bouamor, 2021; Khal-
phology, flexible word order, and high degree of ifa et al., 2022). Even with transformer-based and
lexical ambiguity (Habash, 2010). Two linguistic  large language model (LLM) architectures, explicit
factors are particularly important for addressing  linguistic enrichment can improve handling of com-
these challenges: Part-of-Speech (POS) informa-  plex morphology and closely related language vari-
tion and diacritization. POS tagging provides ex-  eties (Edman and Sogaard, 2023; Liu and Neubig,
plicit syntactic cues by identifying the grammatical ~ 2024).
role of words (Petrov et al., 2012), while diacritics In this work, we study the impact of incorporat-
encode short vowels and morphological markers  ing POS tagging and diacritization as auxiliary lin-
that are typically omitted in written Arabic, result-  guistic features in bidirectional machine transla-
ing in substantial lexical and syntactic ambiguity  tion between Algerian dialect (Darija) and Modern
(Habash and Rambow, 2007; Zitouni et al., 2006).  Standard Arabic (MSA) using LLM-based systems.
In the absence of these cues, a single surface form  We conduct a systematic evaluation of POS- and
may correspond to multiple grammatical categories  diacritic-aware translation settings in both direc-
and meanings, complicating automatic language tions, analyzing their effect on ambiguity reduction
understanding. Consequently, both POS tagging  and translation quality. Our results shed light on the
and diacritization have been shown to be effective  effect of explicit syntactic and morphological cues
for improving disambiguation and downstream Ara-  in translation accuracy and linguistic consistency
bic NLP tasks, including machine translation (Diab  for dialectal Arabic.
and Hacioglu, 2004; Habash, 2013).
In machine translation, linguistic features such . .. .

as POS tags and diacritization remain valuable for 2. Linguistic Differences Between
morphologically rich languages like Arabic. POS Algerian Dialect and Modern
information helps models better capture syntactic Standard Arabic
dependencies, while diacritization reduces ambi-
guity by providing missing morphological informa-  MSA serves as the standardized variety used in
tion (Habash, 2019; Zalmout and Habash, 2020).  formal, written, and institutional contexts, whereas
Prior work has shown that incorporating linguis-  Algerian dialect (Darja) is the primary medium of
tic annotations can complement end-to-end neu-  everyday communication. Despite their shared his-
ral models, improving generalization and robust-  torical origin, the two varieties differ substantially
ness, particularly in low-resource and dialectal set-  at the phonological, morphological, syntactic, and
tings (Sennrich and Haddow, 2016; Currey and lexical levels. Algerian dialect is characterized by
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reduced inflectional morphology, distinct syntactic
patterns, extensive lexical borrowing, and the ab-
sence of a standardized orthography. These struc-
tural differences result in limited mutual intelligibility
in spoken contexts and have important implications
for linguistic analysis and language technology.

2.1. Phonological Differences

Algerian dialect exhibits significant phonological
divergence from MSA. Vowel reduction and eli-
sion are common, resulting in consonant clusters
that are rare in MSA. Additionally, several con-
sonants undergo systematic variation. The MSA
phoneme /q/ is frequently realized as (Holes, 2004;
Kouloughli, 1999):

« the palatal sound [g / (3] is used in several re-

gional varieties. It is attested in northern cities
such as Annaba and Sétif, and is especially
prevalent in Bedouin dialects. This sound is
also widely employed in southern regions of Al-
geria, including Adrar, Bechar, and Tamanras-
set, where it constitutes a stable phonological
feature.

The glottal stop [? / ] is used in the Algerian
dialect spoken in Tlemcen.

The post-palatal sound [k / £ represents a

distinctive feature of the Algerian dialect and
is not attested in other North African dialects.
It is primarily used in rural varieties and is also
found in several regions and cities, including
Kabylia, Jijel, Msirda, and Trara.

Overall, the letter "3" is not the only case of pho-

netic variation in Algerian dialect. Other letters,
such as: C C and "&" also display different
pronunciations across regions, further illustrating
the phonological diversity of the Algerian dialect in

comparison with MSA.

2.2. Morphological Differences

Although both varieties share a root-and-pattern
morphological system, Algerian dialect shows ex-
tensive morphological simplification. Case endings,
dual forms, and feminine plural which are obliga-
tory in MSA, are absent in Algerian dialect (Holes,
2004), the first and the second person of the sin-
gular form are conjugated in the same way in the
Algerian dialect. Verbal paradigms are reduced,
and tense—aspect distinctions are often expressed
analytically rather than through inflection (Sayahi,
2014). Negation provides another clear contrast,
as Algerian dialect typically uses a bipartite nega-
tion construction (ma—... =8/ ji~...- L), unlike the
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single negation particle used in MSA (Kouloughli,
1999).

- MSA: 21 Y — 13 aktubu

+ Algerian dialect: S L — ma n-ktb-$

2.3. Syntactic Differences

Syntactically, Algerian dialect tends to favor
Subject—Verb—Object (SVO) word order, whereas
MSA allows both Verb—Subject—Object (VSO) and
SVO structures (Versteegh, 2014). Algerian dialect
also makes frequent use of resumptive pronouns
in relative clauses and relies on discourse parti-
cles rather than inflectional markers (Sayahi, 2014).
Another important distinction between MSA and
Algerian dialect concerns verb—subject agreement
and how it is affected by word order. In MSA, verb
agreement varies depending on whether the verb
comes before or after the subject: it can be either
partial or full. In contrast, dialectal Arabic consis-
tently uses full agreement, no matter where the
verb appears in the sentence.

Example:

In MSA:
Lol G ool Jeos

wadala al-dullabu ila al-madrasah

“The students arrived at the school.”

In this case, the verb appears in the singu-
lar form despite the plural subject, illustrating
partial agreement.

Loyal! sk DI

al-daullabu wadald ila al-madrasah

“The students arrived at the school.”

Here, the verb fully agrees with the plural sub-
ject.

In Algerian dialect:

. LU..\A.U }.L-oj u}Ua.”
“The students arrived at the school.”
The verb shows full agreement with the subject
regardless of word order.

2.4. Lexical Differences

Lexical variation represents one of the most salient
differences between Algerian dialect and MSA. Al-
gerian dialect incorporates numerous loanwords
from Berber, French, Turkish, Spanish, and ltalian
as a result of historical contact (Benrabah, 2014)
(see Table 1). These borrowings are often inte-
grated into Arabic morphological patterns and may
co-occur with Arabic vocabulary within the same
utterance (Bouhadiba, 2017).



Loanword Source English

eSS Berber kseksu  couscous
RIS French cuisine  kitchen
sb Turkish bey governor
J;L.L, Spanish zapato  shoe

e Italian bagno bathroom

Table 1: Frequent loanwords in Algerian dialect by
source language.

2.5. Orthography and Standardization

Unlike MSA, which has a standardized orthography,
Algerian dialect lacks an official writing system (see
Table 2) and is primarily oral. When written, par-
ticularly in digital contexts, it may appear in Arabic
script, Latin script (Arabizi), or mixed forms, re-
sulting in significant spelling variation (Bassiouney,
2009).

Algerian dialect MSA English
)5
dark
—5)))-’

drouk

oYl now

Table 2: Example of Algerian dialect variants and
Arabizi forms corresponding to MSA.

3. Literature review
3.1. Machine Translation in the Era of
LLMs

Recent work has shown a clear shift from traditional
supervised neural machine translation (NMT) to-
ward LLMs for Dialectal Arabic (DA) to MSA trans-
lation. (Elneima et al., 2024) introduced a large-
scale benchmark for DA-MSA translation covering
five major dialect groups and demonstrated that
zero-shot and few-shot prompting with ChatGPT
outperforms fine-tuned NMT systems, establishing
strong baselines for LLM-based approaches. Sim-
ilarly, (Atwany et al., 2024) compared supervised
Transformer models with prompting-based LLMs
and found that few-shot prompting with GPT-3.5
substantially surpasses fine-tuned models trained
on MADAR (Bouamor et al., 2018), highlighting
the difficulty of dialect modeling using conventional
supervision alone.

Several studies explored combining LLMs with
data-centric approaches. (Abdelaziz et al., 2024)
leveraged ChatGPT-generated translations to con-
struct large-scale parallel corpora, showing that
training higher-capacity Transformer models on
mixed synthetic and human-curated data sig-
nificantly improves DA-MSA translation quality.
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In a similar vein, (Khered et al., 2025) intro-
duced Dial2MSA-Verified, a high-quality multi-
dialect dataset with human verification and multiple
references, and demonstrated that AraT5 achieves
strong performance across dialects, particularly un-
der joint multi-dialect training.

Other work examined efficiency and modeling
trade-offs. (Alabdullah et al., 2025) evaluated both
training-free prompting and resource-efficient fine-
tuning across multiple LLMs, showing that few-
shot prompting consistently outperforms zero-shot
strategies, while carefully scaled fine-tuning can
exceed prompting-based systems when sufficient
high-quality data is available. Focusing on Alge-
rian dialect, (Babaali et al., 2025) compared tradi-
tional Seq2Seq models with ChatGPT prompting
and showed that few-shot prompting yields superior
performance in both DA-MSA and MSA-DA direc-
tions. Dialect-specific systems were also explored
by (Sibaee et al., 2025), who developed SHAMI-MT
for Syrian Arabic using AraT5 and demonstrated
high translation quality using LLM-based evalua-
tion. Finally, (Obeidat et al., 2025) introduced Ir-
bidDial, a Jordanian dialect dataset, and showed
that few-shot prompting with GPT-based models
consistently outperforms fine-tuned NMT systems,
even when dialect-aware prompting constraints are
applied.

3.2. Influence of POS Tagging and

Diacritization on MT

Prior to the widespread adoption of LLMs, several
studies investigated the role of linguistic prepro-
cessing in Arabic machine translation. (Baniata
et al., 2018) proposed a multitask NMT framework
that jointly learns DA—MSA translation and POS
tagging, demonstrating that syntactic supervision
leads to consistent BLEU improvements for both
Levantine and Maghrebi dialects. Complementary
work examined the impact of Arabic diacritization on
statistical machine translation. (Diab et al., 2007)
showed that full diacritization degrades the perfor-
mance of SMT due to data sparsity, while selective,
linguistically motivated schemes produce compara-
ble or slightly improved results. Similarly, (Algah-
tani et al., 2016) found that partial diacritization
strategies combining lexical and inflectional cues
consistently outperform both fully diacritized and
undiacritized baselines. Together, these studies
indicate that linguistically informed preprocessing
can benefit Arabic MT, but overly aggressive anno-
tation increases sparsity and harms performance.



4. Experimental Apparatus

4.1. Procedure

Our experimental procedure is designed to investi-
gate how linguistic features, model capability, and
translation metrics affect bidirectional MT between
Algerian dialect and MSA. The evaluation frame-
work answers the following research questions:

» We first address RQ1 in order to measure the
effects of POS and diacritics on translation
quality and ambiguity resolving.

» We then address RQ2 by evaluating the ability
of LLMs to understand and generate Algerian
dialect and MSA.

Finally, to address RQ3, we compare auto-
matic evaluation scores with human judgments
across all settings to assess their alignment
for dialectal Arabic.

4.2. Dataset

Experiments are conducted on a subset of the
PADIC (Meftouh et al., 2015) dataset, which con-
tains sentence-aligned Algerian dialect and MSA
pairs and is commonly used for Arabic dialects
translation. To incorporate syntactic information,
POS tags are added for both language varieties.
Algerian dialect POS annotations are generated
using the Algerian BERT-based model proposed
in (Cheragui et al., 2023), which outputs token-
level POS sequences from raw Algerian input.
MSA POS tagging is performed using the FARASA
toolkit (Darwish and Mubarak, 2016), a state-of-
the-art and widely adopted analyzer for MSA. We
additionally include diacritics information as an aux-
iliary linguistic feature. Diacritization for both is
performed manually by a linguistic expert to ensure
high annotation quality and to avoid noise intro-
duced by automatic diacritization systems.The re-
sulting dataset contains 475 parallel sentence pairs.
The average sentence length is 7.02 tokens for Al-
gerian dialect and 8.02 tokens for MSA, revealing
a consistent length asymmetry between the two
varieties. As shown in introduction, this difference
reflects more explicit morphological and syntactic
expression in MSA and is a known source of ambi-
guity in dialect—standard Arabic translation.

4.3. Baseline Models

To evaluate the impact of linguistic features, we
selected a set of state-of-the-art LLMs covering pro-
prietary and open-weight models, including GPT-
40-mini, GPT-40 (Latest), and GPT-4-1106-preview
from OpenAl (Achiam et al., 2023); Claude-3.5 Son-
net from Anthropic (Anthropic, 2024); Gemini 1.5
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Pro from Google (Team et al., 2023); and the open-
weight models LLaMA-3.1-8B-Instruct (Grattafiori
et al., 2024) and Gemma-2-9B-Instruct (Team et al.,
2024). These models span a range of capacities
and architectures commonly used in multilingual
and translation benchmarks.

This selection enables a controlled comparison
of how models with different capacities and train-
ing paradigms handle the structural variability and
ambiguity characteristic of dialectal Arabic transla-
tion. Open-weight models were evaluated locally
in quantized configurations using the Ollama infer-
ence framework’ , while proprietary models were
accessed through their official APls: OpenAl?, An-
thropic®, Google Gemini*. All models were as-
sessed using the default hyperparameter settings
and the following prompt format.

Translation Prompt Template

Objective: Translate a given sentence
from {SOURCE_LANGUAGE} to {TAR-
GET_LANGUAGE}.

Your input will include a sentence in
{SOURCE_LANGUAGE} along with: - Di-
acritization for each word - Part-of-speech
tags for each word

Use this information to accurately translate
the sentence into {TARGET_LANGUAGE]}.
The translation should preserve the orig-
inal meaning while adhering to {TAR-
GET_LANGUAGE} norms.

Steps:

1. Understand Context: Analyze the sen-
tence, diacritics, and POS tags to grasp its
structure and meaning.

2. Word-by-Word Translation: Use diacritiza-
tion and grammatical class to select appro-
priate {TARGET_LANGUAGE]} equivalents.
3. Reconstruction:  Form a gram-
matically correct and coherent {TAR-
GET_LANGUAGE} sentence.

4. Meaning Verification: Ensure the trans-
lation accurately reflects the original intent
and nuances.

Qutput Format: Provide ONLY one trans-
lated sentence in {TARGET_LANGUAGE}.

J

4.4. Metrics

We report results using four automatic evalua-
tion metrics: COMET as a neural-based metric
for similarity of vector representations calcualtion,

'https://ollama.com/
2https://platform.openai.com/
Shttps://platform.claude.com/
*https://ai.google.dev/gemini-api



Table 3: Evaluating LLMs on MT with/without POS tags (ALG—MSA). Arrows indicate change relative to

W/O. Model suffixes indicate release month.

Model Comet MARBERT-v2 BLEU Chrf++
WO W/ WO W WO W WO W
GPT-40-mini-07 7314 69.87| 75.84 74.04] 544 504] 3235 30.75]
GPT-4o-Latest 7848 77.39] 7911 7834, 7.95 7.1, 3841 36.37)
GPT-4-1106 72.99 7159 746 7456, 534 5677 30.26 31.861
Claude-3.5-sonnet-06 | 78.57 76.98, 79.69 79.09] 8.30 856 39.28 38.78]
Claude-3.5-sonnet-10 | 79.19 77.48, 80.36 80.03) 9.02 9.04| 39.99 39.77|
Claude-3-sonnet-02 | 67.12 67.807 68.19 69.921 3.23 355! 2280 26.05"
Claude-opus-02 75.70 7421| 77.62 76.77) 6.49 7.05] 3450 33.85]
Claude-haiku-03 67.59 62.56] 67.78 64.68, 3.48 2.64] 2282 21.79]
Gemini 1.5 Pro 76.60 79.197 75.63 8036 6.84 9297 3452 40341
Gemini Flash 69.46 66.73] 70.76 6820, 5.61 4.29] 29.70 28.68]
Gemini Flash-8B 7051 66.91] 71.07 68.05, 4.10 2.61, 27.63 2451
Llama3.1-8B 5532 50.56, 62.88 60.06) 0.63 034, 14.44 13.23,
Gemma2-9B 64.36 58.63, 68.18 65.27) 1.83 1.46/ 20.08 17.60]

MARBERT-v2 (Abdul-Mageed et al., 2021) (for
MSA—-ALG) and CamelBERT-MSA (Inoue et al.,
2021) (for ALG—MSA) for contextualized semantic
similarity, BLEU for n-gram precision, and ChrF++
for character-level overlap. To complement the
automated metrics, the human evaluation proto-
col (Costa-Jussa et al., 2022) looks at fluency and
adequacy to ensure the translations sound natural
and stay true to the original meaning. Using a sim-
ple three-point scale (0, 0.5, 1.0), we evaluate how
well models preserve meaning and produce read-
able translations. Two expert annotators, trained on
the evaluation protocol, independently assessed
the models’ outputs, achieving inter-rater agree-
ment scores of 84.59% for fluency and 86.78% for
adequacy.

5. Results and Discussion

5.1.

Adding linguistic features was intended to help, but
in practice, it often acted as a distraction rather than
a helpful signal. Across all experiments, the base-
line (w/o features) proved to be the most reliable,
where with auxiliary features frequently failed.

Impact of Linguistic Features (RQ1)

* MSA — ALG (Formal to Dialect): in this direc-
tion, diacritics (DIACT) offered a signal boost
according to human evaluators (Table 7). Ade-
quacy increased for both GPT-4 (0.88 — 0.93)
and Gemini 1.5 pro (0.91 — 0.95), indicating
that vowel markers aid the models in decod-
ing formal Arabic morphology before "translat-
ing" it into the dialect. POS tags, on the other
hand, were a fluency disaster (0.93 — 0.31
for GPT-4). Adding more information (POS to-
kens) causing labels to be mixed into the sen-
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tence itself, where the translations of Llama3.1
prove this.

ALG — MSA (Dialect to Formal): results indi-
cate a strong negative impact in this direction.
Performance drops when diacritical marks are
introduced into Algerian dialect, a variety that
is rarely written with diacritics in real-world us-
age. For instance, Claude-3.5's BLEU score
drops from 9.02 to 3.39. Imposing diacritics
on a naturally non-diacritized script shifts the
input into a representation unfamiliar to the
model, hindering its ability to align dialectal
forms with their corresponding MSA version.

Humans vs. Machines: Humans and LLMs
process language differently. Humans use dia-
critics to reduce ambiguity, while LLMs rely on
contextual representations learned from data.
Explicit cues such as POS tags can override
these learned contextual signals and introduce
noise, especially in low-resource settings with
limited annotated data.

5.2. Overall Model Performance (RQ2)

A clear distinction in model efficacy is revealed
by the comparative analysis. Close-weight mod-
els perform better in both configurations, including
GPT-40-Latest and Claude 3.5 Sonnet (20241022).
With a COMET score of 79.19 and a ChrF++ of
39.99 in the ALG — MSA direction, Claude 3.5 Son-
net exhibits the highest generalization performance.
Significant obvious asymmetry phenomena where
models continuously exhibiting higher generation
quality when translating from the ALG — MSA di-
rection. Higher BLEU scores for ALG — MSA ap-
proximate 9.0, whereas the MSA — ALG direction



Table 4: Evaluating LLMs on MT with/without POS tags (MSA—ALG). Arrows indicate change relative to

W/QO.
Model Comet MARBERT-v2 BLEU Chrf++
W/O W/ W/O W/ WO W/ W/O W/

GPT-40-mini-07 65.88 56.57] 85.53 86.181 294 0.18] 25.82 18.20]
GPT-40-Latest 67.67 59.19] 87.84 88.621 560 552, 31.16 33.261
GPT-4-1106 65.25 58.05| 84.76 85.171 3.30 0.38)] 28.16 20.71]
Claude-3.5-sonnet-06 | 68.12 61.85] 89.49 8888, 6.61 3.88]| 3359 2845|
Claude-3.5-sonnet-10 | 67.56 62.56] 89.28 90.087 7.32 4.05] 34.11 29.12]
Claude-3-sonnet-02 59.94 56.49| 86.64 8546 1.80 0.43] 2251 19.24|
Claude-opus-02 66.55 62.23) 87.70 87.841 525 233] 29.69 2531
Claude-haiku-03 62.12 53.78] 86.65 85.60], 1.78 0.27, 20.63 14.95]
Gemini 1.5 Pro 66.90 60.11] 87.32 88.641 5.25 0.78] 32.04 22.45]
Gemini Flash 66.47 58.46, 8795 87.68, 358 0.31] 26.85 19.95]
Gemini Flash-8B 66.16 57.70] 87.54 87.11] 173 0.21] 2298 18.49]
Llama3.1-8B 55.13 46.63] 81.01 76.77] 0.22 0.05, 13.86 10.36]
Gemma2-9B 4558 50.361 79.27 82,681 0.13 0.13 471 10.771

exhibits a marginal decline, peaking at 7.3. Such a
disparity suggests that there is a generation bottle-
neck for low-resource dialects. While the models
show sufficient inferential capacity to parse dialec-
tal nuances, they lack the syntactic fluency required
for high-quality generation in non-standardized vari-
ants.

Additionally, the findings show that smaller open-
weights models perform much more poorly. With
BLEU scores below 1.0, Llama 3.1 8b and Gemma
2 9b both demonstrate barely useful functionality.
Human evaluation metrics (Table 7 and 8) support
this functionality collapse, with Llama 3.1 8b re-
porting adequacy and fluency scores as low as
1.58, demonstrating a near total failure to maintain
cross-lingual alignment for this particular pair of
languages.

5.3. Metric Analysis (RQ3)

Human assessment of adequacy and fluency
(Table 7) indicates an obvious less degradation,
whereas automated metrics such as BLEU and
ChrF++ demonstrate sharp decreases when diacrit-
ical marks are added. A notable discrepancy exists
between statistical metrics and human linguistic un-
derstanding due to measuring just the overlap with
reference without taking semantics into considera-
tion. while most models suffered from performance
decay when processing diacritics, Gemini 1.5-Pro
and GPT-4 latest demonstrated a positive trend
in human-perceived adequacy (0.91 — 0.94, and
0.88 — 0.92).

MARBERT-v2 scores, which monitored ade-
quacy changes more accurately than traditional
MT metrics, notably reflected this beneficial effect
as well. The contextual semantic modeling of Ara-
bic in MARBERT-v2 is responsible for this behavior,
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which makes it especially well-suited for automati-
cally assessing Arabic translation. Overall, these
findings show a significant evaluation gap, where
improvements in lexical clarity that are easily notice-
able by human evaluators are frequently missed by
traditional statistical measures.

5.4. Error Analysis

To gain deeper insight into the impact of linguistic
augmentation and the quality of LLMs translation,
we performed a qualitative error analysis focusing
on the output generated by the best performing
model (Claude 3.5 sonnet) in each translation di-
rection.

ALG to MSA Without linguistic features most ad-
equacy errors stem from the prevalence of code-
switching in Algerian dialect input. In particu-
lar, sentences often contain French lexical words
(such as g3 ,b, olu, and s awdY) (for example,

good, anesthesia) written in Arabic script, which
frequently lead to incorrect semantic interpretation.
As a result, models tend to either mistranslate these
words or ignore their intended meaning, causing
substantial semantic drift. Fluency errors are com-
paratively less frequent in this direction. However,
in some cases, outputs retain untranslated Algerian
lexical words that often appearing at the beginning
of the sentence, indicating incomplete normaliza-
tion into standard Arabic.

Incorporating linguistic enhancement introduces
additional challenges. The presence of dense
annotations increases input complexity and intro-
duces noise, which can hinder model comprehen-
sion. although outputs typically remain well-formed
at the surface level, they often exhibit severe se-



Table 5: Evaluating LLMs on MT with/without Diacritic

s (MSA—ALG). Arrows indicate change relative to

W/O.
Model Comet MARBERT-v2 BLEU ChrF++
W/O W/ W/O W/ W/O W/ W/O W/

GPT-40-mini-07 65.88 61.36] 85.53 84.03] 294 229 2582 23.84]
GPT-40-Latest 67.67 63.58], 87.84 87.14] 56 4.62, 31.16 28.68|
GPT-4-1106 65.25 64.39), 84.76 88.13+ 3.3 3.887 28.16 28.33"
Claude-3.5-sonnet-06 | 68.12 64.48| 89.49 89.22| 6.61 6.771 33.59 31.99]
Claude-3.5-sonnet-10 | 67.56 65.07] 89.28 8841 7.32 7.02] 34.11 3341
Claude-3-sonnet-02 59.94 57.74] 86.64 86.36] 1.8 2187 2251 20.39|
Claude-opus-02 66.55 64.57] 87.7 88.161 525 5341 29.69 30.11
Claude-haiku-03 62.12 58.17] 86.65 86.53] 1.78 1.53] 20.63 18.17|
Gemini 1.5 Pro 66.9 64.68] 87.32 88811 525 5521 32.04 30.78]
Gemini Flash 66.47 63.07] 87.95 88.461 3.58 274, 26.85 26.16]
Gemini Flash-8B 66.16 62.68) 87.54 88.251 1.73 1.2 2298 2267,
Llama3.1-8B 55.13 54.79] 81.01 81611 022 0.341 13.86 15.781"
Gemma2-9B 4558 47.3617 79.27 84.121t 0.13 0.191 4.71 7.731

Table 6: Evaluating LLMs on MT with/without Diacritic

s (ALG—MSA). Arrows indicate change relative to

the W/O setting.
Model Comet Camelbert-MSA BLEU ChrF++
W/O W/ W/O W/ W/O W/ W/O W/
GPT-40-mini-07 73.14 48.68) 75.84 4965| 544 1.08] 3235 9.77]
GPT-40-Latest 78.48 54.65| 7911 49.78), 7.95 232 3841 1533]
GPT-4-1106 7299 53.61, 746 50.27) 5.34 1.75] 30.26 13.9]
Claude-3.5-sonnet-06 | 78.57 56.23] 79.68 53.24| 83 359 3928 17.83]
Claude-3.5-sonnet-10 | 79.19 56.08) 80.36 53.42] 9.02 3.39] 39.99 1745]
Claude-3-sonnet-02 67.12 43.12] 6819 4559| 323 0.51] 228 5|
Claude-opus-02 75.7 5554, 77.62 5229 649 296 345 15.83]
Claude-haiku-03 67.59 40.68), 67.78 4435 3.48 045 22.82 419
Gemini 1.5 Pro 76.6 54.72| 7563 50.67] 6.84 154 3452 13.6]
Gemini Flash 69.46 53.12) 70.76 51.18, 561 135 29.7 11.86]
Gemini Flash-8B 70.51 4999 71.07 51.42] 41 0.78) 27.63 6.33]
Llama3.1-8B 55.32 44.37| 6288 46.72] 0.63 0.06] 14.44 539]
Gemma2-9B 64.36 47.94, 6818 50.22| 1.83 0.51] 20.08 8.18]

mantic mismatches, producing grammatically cor-
rect sentences that are unrelated to the original
input content or topic.

MSA to ALG Without linguistic features, several
recurrent error types are observed. First, outputs
sometimes retain MSA vocabulary instead of gen-
erating dialectal equivalents, reflecting incomplete
dialect adaptation. Second, models occasionally
produce lexical words from other Arabic dialects,
most commonly Moroccan dialect.

Orthographic distortions are also frequent, where
minor character alterations lead to incorrect word
forms (e.g., generating r\.-.? (food) instead of TL-L

or & ,l= (choose) instead of _izsl). Additionally,

models sometimes reorder internal characters or
syllables, resulting in awkward or nonstandard pro-
nunciation patterns.

Another common issue involves grammatical
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agreement, particularly gender mismatches, where
model incorrectly switch between masculine and
feminine forms during translation.

When POS tags are introduced, a distinct class of
semantic errors emerges. Models sometimes con-
fuse syntactic roles, especially between subjects
and objects, leading to outputs that are linguistically
fluent and dialectically appropriate but semantically
incorrect. This indicates that while linguistic fea-
tures may improve surface quality, they can also
disrupt deeper sentence-level interpretation.

6. Conclusion

This study used LLMs to investigate how linguistic
augmentation affects bidirectional translation be-
tween Algerian dialect and MSA. Findings indicate
that auxiliary features like POS tags and diacritics
frequently cause noise instead of enhancing perfor-
mance, with asymmetric effects in both directions:



Table 7: Human evaluation for MSA—ALG (Adequacy and Fluency). Arrows indicate change relative to

w/o.

Model Adequacy

Fluency

w/o  w/POS w/DIACT | wo w/POS w/DIACT

GPT-4 models* 88.63 34.74|
Claude-3-5-sonnet-10 93.68 67.05]
Google-gemini-1.5-pro | 91.46 45.26]
Gemma2:9b-instruct-g5 | 4.74 3.374
Llama3.1:8b-instruct-g5 | 1.58 1.47]

92.957 | 93.05 31.26] 87.26
88.74| | 88.74 15884, 81.37]
9453 | 87.58 37.05, 87.26]
4.00, | 474 232] 2.21]
2.841 158  0.42] 3.051

Table 8: Human evaluation for ALG—MSA (Adequacy and Fluency). Arrows indicate change relative to

w/o.
Model Adequacy Fluency
w/o w/POS w/DIACT | wo w/POS w/DIACT
GPT-4 models* 82.70 65.05] 45.26] 95.05 56.42] 38.00)

Claude-3-5-sonnet-10 80.42 67.58]
Google-gemini-1.5-pro | 52.32 61.681
Gemma2:9b-instruct-q5 | 6.84 6.00,
Llama3.1:8b-instruct-g5 | 1.89 0.21]

72.53] 96.42 59.26] 65.89)
53.891 90.74 57.68] 43.37]
5.26, 6.95 4.42| 4.42|
0.53/) 1.89 0l 0.32]

diacritics can improve adequacy in MSA—ALG but
significantly hinder translation in ALG—MSA be-
cause of distribution mismatch. Additionally, we
see distinct differences in capability between mod-

11th international joint conference on natural
language processing (volume 1: long papers),
pages 7088-7105.

els: smaller open-weight models exhibit significant ~ Josh Achiam, Steven Adler, Sandhini Agar-

performance degradation, while frontier LLMs show
strong dialect comprehension but are still limited in
dialect generation. Lastly, a significant discrepancy
between automated metrics and human assess-
ment is revealed, with contextual semantic metrics
outperforming traditional overlap-based measures
in capturing adequacy changes.
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