
MORPHOGEN: A Multilingual Benchmark for Evaluating
Gender-Aware Morphological Generation

Aditya Aggarwal1∗ Mehul Agarwal1∗ Arnav Goel2† Medha Hira2† Anubha Gupta1‡

1SBILab, Indraprastha Institute of Information Technology Delhi
2Carnegie Mellon University

{aditya22028, mehul22294}@iiitd.ac.in
{arnavgoe, mhira}@cs.cmu.edu

anubha@iiitd.ac.in

Abstract

While multilingual large language models (LLMs) perform well on high-level tasks
like translation and question answering, their ability to handle grammatical gender
and morphological agreement remains underexplored. In morphologically rich
languages, gender influences verb conjugation, pronouns, and even first-person con-
structions with explicit and implicit mentions to gender. We introduce MORPHOGEN
a morphologically grounded large-scale benchmark dataset for evaluating gender-
aware generation in three typologically diverse grammatically gendered languages
i.e. French, Arabic and Hindi. The core task, GENFORM, requires models to rewrite
a first-person sentence in the opposite gender while preserving its meaning and
structure. We construct a high-quality synthetic dataset spanning French, Arabic,
and Hindi, and benchmark 15 popular multilingual LLMs (2B–70B) on their ability
to perform this transformation. Our results reveal gaps and interesting insights into
the handling of morphological gender in current models. MORPHOGEN offers a fo-
cused diagnostic lens for gender-aware language modeling and lays the groundwork
for future research on inclusive and morphology-sensitive multilingual LLMs.

1 Introduction

Multilingual large language models (LLMs) achieve strong performance across tasks such as sum-
marization, translation, and question answering [1, 2, 3, 4, 5]. Standard benchmarks like XTREME
[6], Global-MMLU [7], and BenchMAX [8] have enabled broad evaluation, but face limitations
including translation errors, contamination, and an emphasis on high-level semantic tasks. This
makes it difficult to isolate fine-grained weaknesses in morphologically rich or gendered languages
[9].

As LLMs are deployed in diverse linguistic settings, it is essential to evaluate their ability to apply
grammatical rules consistently. This is especially critical for languages such as French, Arabic, and
Hindi, where gender affects verbs, pronouns, and adjectives [10, 11]. Accurate modeling of gender
morphology is vital both for inclusive applications like conversational agents and translation, and for
probing bias in gendered language structures [12, 13].

However, no existing benchmark directly evaluates whether LLMs can generate coherent, grammatical
sentences conditioned on gender. To address this, we introduce MORPHOGEN, a benchmark for gender-
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Figure 1: Example illustrating how gender-based morphology differs across the three languages

conditioned morphological reasoning in French, Arabic, and Hindi. We define the GENFORM task:
given a sentence and speaker gender, the model must rewrite it in the opposite gender while preserving
correctness and meaning. Constructed from systematic gender-marking rules, the dataset poses
compositional challenges beyond surface transformations. We evaluate 15 open- and closed-source
multilingual LLMs ranging from 4B to 70B parameters.

Our contributions are: (1) A new benchmark covering three typologically diverse languages, with
parallel English data to support translation and bias analysis (Section 2); (2) Novel evaluation metrics
for assessing gender transformations, also applicable to translation and bias detection (Section 3.2);
and (3) A comprehensive evaluation of multilingual LLMs on the GENFORM task, providing insights
into their capacity to model gendered morphology.

2 Dataset

We introduce the MORPHOGEN dataset, a benchmark designed to evaluate the ability of multilingual
LLMs to handle morphologically grounded gender transformations. It spans three typologically
diverse languages—French, Arabic, and Hindi—that differ significantly in how gender is marked
and propagated, thereby providing a robust testbed for probing cross-lingual generalization. Each
sentence is paired with its gender counterfactual (masculine ⇌ feminine), enabling precise eval-
uation of whether models can transform gendered terms without altering unrelated content. A
detailed description of language-specific gender morphology and dataset construction is provided in
Appendix B.

2.1 Dataset Description and Design

Statistics Arabic French Hindi
Unique Sentences 2,719 9,999 7,610
Number of Rules 14 12 13

Avg. Gender Terms* 2.02 1.78 1.43
Max. Gender Terms* 7 7 7

Avg. Word Count* 12.34 26.76 15.46
Max. Word Count* 38 67 87

Table 1: Statistics for MORPHOGEN (*per sentence)

MORPHOGEN covers 9,999 French, 2,719
Arabic, and 7,610 Hindi sentences (Table
1). Every instance consists of (i) a mascu-
line sentence, (ii) its feminine counterpart,
and (iii) an English parallel. Gendered
terms—the tokens differing between the
two gendered variants—serve as ground
truth units for evaluation. Figure 4 shows
their per-sentence distribution, with some
sentences containing up to seven, underscoring the morphological complexity.

The dataset spans a diverse range of grammatical contexts where gender marking arises: verbs and
tense-specific agreement, adjectives and occupations, pronouns and possessives, and clause-level
structures such as passive voice and object-fronting. We additionally include multi-entity sentences,
where only the speaker’s gender governs agreement, to test robustness against gender interference.
Together, these design choices ensure that MORPHOGEN systematically captures the morphosyntactic
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phenomena central to gender realization across languages. Further details and rule inventories are in
Appendix B.

2.2 Task Formulation

The benchmark defines a controlled sentence rewriting task: given a first-person input sentence,
the model must output the same sentence in the opposite gender. Successful completion requires
applying language-specific morphological rules (e.g., suffixation in Arabic, agreement in French,
natural-gender suffixes in Hindi) while preserving meaning, fluency, and syntactic structure. Figure 2
illustrates the general morphological processes underlying gender transformations across the three
languages. This formulation makes MORPHOGEN a fine-grained test of LLMs’ sensitivity to grammati-
cal gender, disentangling correct rule application from unintended edits, and providing systematic
coverage of both simple and compositionally complex cases.

3 Experimental Setup
3.1 Models Benchmarked

We evaluate 15 multilingual LLMs spanning major model families (LLAMA, Qwen, Gemma, and
Phi) and parameter scales from 2B to 70B. This covers both lightweight models suited for deployment
and large-capacity models expected to generalize well across languages. Full model specifications
are provided in Appendix C.1.

3.2 Evaluation Metrics
To assess gender-conditioned transformations in MORPHOGEN, we design three complementary metrics:

• Sentence-Level Gender Accuracy (SGA): proportion of gendered terms correctly modified
per sentence, averaged across the corpus.

• Gender IoU (GIoU): stricter measure penalizing both missed and spurious gender changes,
inspired by Intersection-over-Union.

• Corpus-Level Gender Accuracy (CGA): overall ratio of correct gendered terms across the
test set.

These metrics capture accuracy, precision–recall tradeoffs, and corpus-level quality. Full definitions
and equations are deferred to Appendix C.2.

4 Results and Discussion
We evaluated 15 popular open-source and close-source multilingual LLMs on the MORPHOGEN
benchmark across French, Arabic and Hindi, using the metrics proposed in Section 3.2. Results are
presented language-wise as follows: Hindi in Table 8, French in Table 9 and Arabic in Table 10. We
provide a detailed analysis on the variation in performance of different models (sizes and family) on
MORPHOGEN and the corresponding inferences on gender bias in these models.

4.1 Smaller LMs can’t handle Complex Morphology
Larger models consistently outperformed smaller ones across all languages, particularly in Arabic,
where increased parameter size mitigated morphological complexity. For example, Gemma3-27B
(27B parameters) achieved a CGA of 74.74% in Arabic, markedly outperforming Gemma2-2B at
14.10%. In Hindi, smaller models remained viable due to simpler rules, with LLAMA-3.1-8B scoring
a CGA of 89.21%, compared to LLAMA-3.3-70B at 91.40%. French’s larger dataset challenged
resource-constrained models, amplifying errors, as Gemma2-2B recorded a CGA of 37.54%, while
Phi4-14B reached 87.70%. This suggests that parameter size is critical for handling complex
morphology but less impactful in simpler linguistic contexts like Hindi.

4.2 Masculine Bias in French and Arabic

Gender bias varied notably across languages, as seen in the △SGA scores. In Hindi, bias was
generally low but occasionally skewed toward feminine forms, with models like Gemma3-4B showing
an △SGA of -14.32%, often preferring feminine outputs even when the target gender was male. In
French, a stronger masculine bias was observed, particularly in larger models such as LLaMA3-70B,
which exhibited an △SGA of 15.15% due to consistent defaulting to masculine forms. Arabic showed
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persistent masculine bias, especially in plural constructions Figure 9 of appendix, with Qwen3-32B
recording an △SGA of 11.94%, frequently generating masculine outputs even in all-female contexts.
These trends highlight the influence of gender bias of the training data used in these LLM’s and
underscore the need for targeted debiasing in morphologically rich languages.

4.3 Significant Variance in Model Families
Architectural differences influenced performance quality. Gemma models excelled in gender fairness,
particularly in Arabic, maintaining balance in complex contexts. LLAMA models showed consistency
in Hindi and French but struggled with bias in Arabic. Qwen models frequently exhibited masculine
bias across languages, suggesting weaker gender handling. Phi models achieved high consistency
but faced challenges with entity recognition, especially in Hindi.

4.4 Models Misapply Gender in Multi-Entity Sentences
Gender interference occurs when a model incorrectly alters words associated with all entities’ genders
instead of only the gendered terms in sentences with multiple human entities. To measure correct
transformation of gendered terms, we use gender accuracy, which counts only the changes to the
intended gendered words. To further penalize any modifications of non-gendered words, we introduce
Gendered IoU (GIoU), which is a stricter metric that penalizes models for making unintended edits.
This is illustrated by an example result of LLama family of models on the multiple entities cases
in our Hindi dataset (Figure 8) of appendix. Thus, a large difference between gender accuracy and
GIoU indicates that models often transform non-gendered terms and suffer from gender interference
and limited instruction following capability for this task.

4.5 French: Complex Morphology Amplifies Bias and Challenges Pronoun Agreement
French’s larger dataset and complex morphology diluted performance, amplifying training imbalances,
a trend evident in the GIoU scores presented in Figure 5 of appendix. Larger models exhibited
masculine bias, while smaller models struggled significantly. Possessive pronoun agreement (e.g., son
instructeur/son instructrice), requiring possession-based gender disambiguation, posed challenges.
Smaller models lacked the morphological understanding to handle this, whereas larger models
performed more effectively, reflecting the impact of capacity on complex rule application.

4.6 Arabic: Lowest Scores with Persistent Masculine Bias in Plurals
Arabic’s smaller, stricter dataset with intricate morphology yielded the lowest scores, as reflected in
the GIoU scores in Figure 6 of appendix. Larger models mitigated complexity with balanced gender
handling, while smaller models faltered, often showing masculine biases. Female plural agreement
(e.g., ka-mumaththilāt for “actresses”), defaulting to masculine for female plural groups, highlighted
inadequate training on gender-specific morphology, with most models over-applying masculine forms,
even in all-female contexts.

4.7 Hindi: Feminine Skew and Entity Errors
Models achieved higher performance on the Hindi dataset of the MORPHOGEN benchmark, reflecting
its simpler morphology with fewer gender nuances, as illustrated in the GIoU scores in Figure 7
of appendix. Larger models demonstrated superior performance with minimal gender disparity,
while smaller models remained competitive, underscoring Hindi’s accessibility. However, some
models displayed a feminine bias in female-to-male conversions, and others showed weaker entity
recognition due to erroneous gender modifications. Models in 8B–12B range exhibited stronger entity
recognition abilities. Smaller models struggled on direct speech involving adjectives and occupations,
and co-reference resolution (e.g., śiks. ak/śiks. ikā for “teacher”) failing to resolve a speaker’s gender,
unlike larger models with robust co-reference handling.

5 Conclusions and Future Work

This paper introduced MORPHOGEN, a new multilingual benchmark for evaluating gender-aware
morphological generation in LLMs, covering Hindi, French, and Arabic, three typologically diverse,
gendered languages. MORPHOGEN focuses on a controlled first-person transformation task that isolates
gender-sensitive morphological reasoning. We proposed novel evaluation metrics tailored to this
setting and benchmarked 15 multilingual LLMs ranging from 2B to 70B parameters.
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Our results show models often confuse gendered forms, especially with multiple entities, and
exhibit biased masculine-to-feminine vs. feminine-to-masculine transformations, with some models
showing strong directional bias. This highlights persistent limitations in LLMs’ handling of gendered
morphology. MORPHOGEN offers a foundation for studying morphological competence in multilingual
models. Future work should expand it to include 2nd and 3rd person constructions, other gendered
languages, and more complex discourse. Our work also enables developing gender-sensitive training
and evaluating bias in generative tasks like translation, summarization, and dialogue.
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Figure 2: General morphological rules for grammatically gendered languages
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(a) Hindi (b) French

(c) Arabic

Figure 3: Distribution of Sentence Frequency Per Morphological Rule for Each Language

A Related Work

A.1 Existing Benchmarks on Multilingual LLMs

Recent advancements in multilingual LLM evaluation have produced several broad-coverage bench-
marks. XTREME [6] emerged as a foundational multi-task benchmark spanning 40 languages and 9
tasks (e.g., NER, QA), though its focus on cross-lingual transfer left gaps in morphosyntactic evalua-
tion. Subsequent works like MM-Eval [14] introduced meta-evaluation protocols for 18 languages,
emphasizing multilingual consistency in LLM-as-judge scenarios, but remained task-agnostic to
gender morphology. Resource-focused frameworks such as GlotEval [15] expanded coverage to
hundreds of languages across seven NLP tasks, while mHumanEval [16] addressed code generation
in 200+ languages via machine-translated prompts. Domain-specific efforts like MuST-SHE [17].
and WinoMT [18] pioneered gender-disambiguated MT datasets for Romance languages, though
their narrow scope (1k examples per language) limited utility for LLM evaluation.

A.2 Evaluting Gendered Languages in Multilingual LLMs and NLP Systems

Grammatically gendered languages like French, Arabic, and Hindi pose unique evaluation challenges
due to their morphological complexity. For Hindi, [19] revealed that LLMs struggle with gender-
inflected verb conjugations and occupational noun morphology. Arabic evaluations [20] exposed
performance gaps in dialectal gender agreement, while French analyses [21] demonstrated LLMs’
tendency to default to masculine forms despite contextual cues.

Interestingly, a recent work [22] argues that none of the existing benchmarks systematically eval-
uate LLMs’ application of gender morphology rules (e.g., adjective-noun concord) across diverse
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typologies, which is the gap addressed by our work. Other work looks at how culture and speech
affects bias in LLM and NLP systems which further underscores the need to address this problem
from multiple views and modalities [23, 24, 25].

B Dataset

Figure 4: Gendered Terms Distribution in MORPHOGEN

B.1 Gender Morphology for Chosen Languages

MORPHOGEN comprises sentence pairs in three typologically diverse, grammatically gendered lan-
guages: French, Arabic, and Hindi. These were deliberately selected to capture a range of gender
assignment strategies of semantic, morphological, and phonological nature offering a robust testbed
for evaluating morphological generalization in multilingual LLMs. All three languages feature binary
gender systems (masculine and feminine), but differ significantly in how gender is marked and
propagated. This variation is depicted in Figure 1.

French combines semantic, morphological, and phonological cues. While suffixes like -e often
indicate feminine gender, exceptions are common. Gender agreement is mandatory across determiners,
adjectives, and verbs, but variability in marking makes it typologically distinct.

Arabic features a highly regular morphological system where gender is marked primarily via
suffixation (e.g., -a for feminine). Agreement is strict and pervasive across verbs, adjectives, and
pronouns, making it a consistent ground for evaluating morphological accuracy.

Hindi employs a natural gender system with partial morphological marking. Gender is semantically
assigned, especially for animate nouns, and commonly marked via suffixes (e.g., -ā for masculine, -ı̄
for feminine). Agreement extends to verbs, adjectives, and pronouns, but with moderate regularity
due to exceptions.

Together, these languages exemplify distinct typological frameworks in gender morphology: French
integrates phonological, morphological, and semantic gender assignment; Arabic employs regular
morphological suffixation with strict agreement; and Hindi blends semantic natural gender with
morphological suffixes.

B.2 Construction of Morphological Rules

To evaluate whether multilingual models can accurately perform gender transformation in first-person
contexts, we construct a set of language-specific morphological rules grounded in linguistic theory, as
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shown in Figure 3 of appendix. These rules are inspired by a general taxonomy of gender morphology
across grammatically gendered languages (Figure 2) and are illustrated with concrete examples in
Table 2 of Appendix. We present an overview for our motivation behind constructing these rules as
below:
(1) Verbs and Tenses. Gender inflection on verbs depends on both tense and aspect, varying across
languages. For instance, French present-tense verbs are gender-invariant, while past participles in
compound tenses agree in gender with the subject. Our rules capture such tense-specific patterns.
(2) Adjectives and Role Nouns. Adjectives and identity-bearing nouns (e.g., occupations, national-
ities) often mark speaker gender morphologically. We design transformation rules to reflect these
regular and predictable gendered forms.
(3) Pronouns and Possessives. Gender marking in pronouns and possessives is language-dependent.
Hindi marks the gender of the possessor, while French and Arabic express gender through grammati-
cal agreement. Our rules reflect these alignment differences.
(4) Clause-Level Effects. Gender agreement may be influenced by sentence structure, especially in
constructions involving passives or object-fronting. We include rules to account for such syntactic
interactions that affect gender realization.
(5) Multiple Entities and Gender Interference. To evaluate a model’s sensitivity to speaker identity,
we introduce sentences with two human referents. Only the speaker’s gender governs agreement,
allowing us to test susceptibility to gender interference [26].

We provide detailed rules with examples for each language in the following tables in the Appendix:
French (Tables 3, 4), Arabic (Table 5) and Hindi (Tables 6, 7).

B.3 Dataset Construction

We constructed the MORPHOGEN dataset capturing sentence-level gender transformations in French,
Arabic, and Hindi through a structured pipeline grounded in linguistic principles. We began by
identifying grammatical phenomena where a speaker’s gender influences agreement or lexical choice,
such as in tense and voice (e.g., active/passive), occupations and adjectives, pronouns and possessives,
and multi-entity contexts prone to gender interference. For each case, we designed sentence templates
(e.g., “I am a <occupation>”) to ensure structural consistency and systematic coverage. Prompts
specifying the rules, lexical arguments (e.g., occupation = doctor), and discourse contexts (e.g.,
politics, classroom, therapy) were used to generate English sentences via GPT-4o-mini [27]. These
English sentences were translated into Hindi (using IndicTrans2 and GPT-4o-mini) [28, 27], Arabic
(Grok-3)4, and French (NLLB-200) [29], and then reviewed for accuracy by native speakers. Each
sentence was manually corrected into both masculine and feminine forms by multiple annotators
(aged 18–21 years), proficient in their respective languages. A total of 7 annotators participated. The
resulting parallel gender-specific annotations form a high-quality gold-standard set for evaluating the
model’s sensitivity to morphosyntactic gender variation.

B.4 Comparison with Existing Datasets

Standard parallel corpora often default to masculine forms when gender is not explicitly marked. For
instance, the EuroParl corpus includes speaker metadata but only 30% of its sentences are spoken by
women, resulting in a male bias [30]. Such imbalance limits their suitability for evaluating gender
accuracy. Specialized challenge sets exist but fall short for our speaker-gender restoration task:

(1) WinoMT targets occupational stereotypes across languages, including English–Hindi, but relies
on rigid templates that models may overfit to [18]. (2) MT-GenEval improves diversity and realism
for English–Hindi but lacks first-person sentences and speaker-gender labels [31]. (3) MuST-SHE
offers speaker annotations and first-person content, but is not publicly available [17]. (4) mGENTE
supports gender-neutral generation across languages [32], but lacks speaker-grounded, first-person
constructions.

To our knowledge, no existing dataset:

1. Provides male and female translations for every sentence.

2. Aligns examples with grammatical triggers for gender inflection.

4https://x.ai/grok
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3. Ensures balanced ground truth for both genders.
4. Covers the full spectrum of gender-marking phenomena.

Mining real transcripts is inefficient: most sentences are gender-neutral and few cover key structures.
In contrast, prompting large language models under controlled templates enables efficient generation
of diverse, balanced, and linguistically grounded examples across Hindi, Arabic, and French.

C Experimental Setup

C.1 Full Model Specifications

To effectively evaluate the performance of multilingual LLMs on MORPHOGEN, we conducted extensive
benchmarking across 15 models spanning a diverse range of model families and parameter scales.
The models evaluated include:

• LLAMA: LLAMA-3.1-8B, LLAMA-3.2-3B, LLAMA-3.3-70B [33]
• Qwen: Qwen3-4B, Qwen3-8B, Qwen3-14B, Qwen3-27B [34]
• Gemma: Gemma2-2B, Gemma2-9B, Gemma3-4B, Gemma3-12B, Gemma3-27B [35, 36]
• Phi: Phi4-14B [37]

Our goal was to cover a representative and practical spectrum of contemporary multilingual LLMs,
ranging from lightweight models (e.g., 2B–4B parameters) suitable for deployment and industry
use-cases, to high-capacity models (up to 70B parameters) that are expected to exhibit stronger
multilingual generalization. These models were selected based on their widespread adoption, open-
source availability, and explicit support for the three gendered languages under study.

C.2 Formal Metric Definitions

To evaluate model performance on the MORPHOGEN benchmark, we propose three complementary
metrics that measure an LLM’s ability to correctly perform gender-aware morphological transforma-
tions at different granularities. Note that for any sentence, we collect gendered terms by referring to
its gender-counterfactual as presented in Section 2. The proposed metrics are defined as follows:

(1) Sentence-Level Gender Accuracy (SGA): This metric measures the proportion of correctly
generated gendered terms in each sentence. For a given sentence, we compute the number of gendered
words that were correctly modified (i.e., match the gold-standard target) and divide this by the total
number of gendered terms in the reference sentence. The final score is the average of this ratio across
all N sentences in the corpora:

SGA =
1

N

N∑
i=1

|Genderedi ∩ Mismatchc
i |

|Genderedi|

As described in Section 2.2, the GENFORM task evaluates bidirectional gender transformation: mas-
culine to feminine and vice versa. We report disaggregated results for each direction, denoted as
SGAM and SGAF , corresponding to masculine-to-feminine and feminine-to-masculine conversions,
respectively. Additionally, to evaluate any performance gaps between the masculine and feminine
disaggregation, we report the gaps between the masculine and feminine scores △SGA.

△SGA = SGAM − SGAF

(2) Gender IoU Score (GIoU): Inspired by the Intersection-over-Union (IoU) metric commonly
used in object detection, GIoU metric provides a stricter and more comprehensive measure of
morphological transformation quality. It penalizes both over-generation (modifying non-gendered
terms or incorrect gendered entities) and under-generation (failing to modify gendered terms). For
each sentence, we computed the ratio between the no. of correctly transformed gendered terms to the
union of gendered and mismatched terms. The final score is the mean of sentence-level IOU values:

GIoU =
1

N

N∑
i=1

|Genderedi ∩ Mismatchc
i |

|Genderedi ∪ Mismatchi|
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This metric captures both precision and recall and is especially useful in sentences with multiple
entities or partial gender relevance, where models may hallucinate or overlook certain terms. Again,
we report disaggregated results for each direction i.e., GIoUM and GIoUF , corresponding to
masculine-to-feminine and feminine-to-masculine conversions, respectively.

(3) Corpus-Level Gender Accuracy (CGA) This is a corpus-level aggregation of gender correct-
ness. Instead of averaging per-sentence ratios, we computed the ratio of no. of correctly generated
gendered terms across the entire test set to the total no. of reference gendered terms in the corpus.
This provides a holistic measure of overall transformation quality at an n-gram level:

CGA =

∑N
i=1 |Genderedi ∩ Mismatchc

i |∑N
i=1 |Genderedi|

D Gender-Morphology

Different languages express grammatical gender through distinct morphological patterns. An overview
of these patterns is shown in Figure 2, with illustrative examples in Table 2. These patterns motivate
our focus on three gendered languages: French, Arabic, and Hindi.

For each of these languages, we provide example snippets along with the corresponding morphological
rules in Tables 3, 4, 5, 6, and 7.

E Model Hyperparameters and Compute Used

For all models evaluated on the MORPHOGEN benchmark, we used a standardized inference con-
figuration to ensure consistency across generations. The input prompt was constructed using the
model-specific chat template, and all models were queried in a zero-shot setting without any few-shot
examples.

Generation Parameters. We used the following generation hyperparameters for all models, unless
otherwise noted:

• Sampling Strategy: Deterministic (no sampling)

• do_sample: False

• Max New Tokens: 256

• Temperature: 0.1 (low temperature for controlled and accurate generations)

• Top-p: 0.95

• Top-k: Not used (default)

• Num Return Sequences: 1

• Batch Size for Inference: 1 (due to varied token limits across models)

All generations were performed with:

• eos_token_id: Set to the tokenizer’s EOS token

• pad_token_id: Set to the tokenizer’s PAD token if defined, else fallback to EOS

Compute Infrastructure. All experiments were run on an NVIDIA DGX A100 server equipped
with 8 NVIDIA A100 GPUs, each with 40GB VRAM. While most models were executed using a
single A100 GPU, larger models (e.g., mixture-of-experts or 65B+ parameter class) were distributed
across multiple GPUs as needed via tensor or model parallelism.

This setup ensured sufficient compute headroom for large-scale inference and supported parallelized
benchmarking across multiple languages and prompts.
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Table 2: Gender Morphology Overview
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Table 3: French Gendered Grammar Examples Across Rule Types [1]
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Table 4: French Gendered Grammar Examples Across Rule Types [2]
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Table 5: Arabic Gendered Grammar Examples Across Rule Types
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Table 6: Hindi Gendered Grammar Examples Across Rule Types [1]
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Table 7: Hindi Gendered Grammar Examples Across Rule Types [2]
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Figure 5: Rule based and model wise IoU metrics for French
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Figure 6: Rule based and model wise IoU metrics for Arabic
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Figure 7: Rule based and model wise IoU metrics for Hindi
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Figure 8: Example of results of LLAMA family of models on multiple entities in Hindi Dataset

F Prompts

F.1 Sentence Generation

system_prompt = "Suppose you are an Expert English Sentence Generating
System."

user_prompt =

Generate <Num_Sentences> English sentences. Strictly adhere
to the format: <Template>

Instructions:
1. Only output the sentences–-do not include any additional
text.
2. Each sentence must be unique in its context and the nouns
used.
3. Vary the sentence lengths and ensure they sound natural
and conversational.
4. Use a variety of creative contexts, including but not
limited to [<Context_1>, <Context_2>, ..., <Context_n>].

The prompts are designed to guide a language model in generating diverse and natural-sounding
English sentences. The system prompt establishes the model’s role, while the user prompt provides
clear, structured instructions to ensure variety, contextual relevance, and adherence to a specified
format.
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Figure 9: GIoU and SGA on Plural Roles in Arabic Dataset

F.2 Zero Shot Prompts

For zero-shot inference of the LLMs on the MORPHOGEN benchmark, we designed language-specific
prompts to ensure precise gender-aware morphological transformations while preserving sentence
structure. Although the prompts were provided to the models in the respective target languages
(Hindi, French, or Arabic), the structure and content of the system and user prompts were consistent
across languages.

The system prompt given to the model was:

“You are a language assistant. Given a sentence in the target language and the
gender of the speaker, adjust only the words that refer to the speaker to match the
specified gender. Do not alter any other parts of the sentence. Return only the
modified sentence with no explanations or extra words. If no change is required,
return the sentence exactly as it is.“

The user prompt provided the transformation instruction, depending on the speaker’s gender:

• For male speakers: Without changing the structure of the sentence,
convert it as if it were spoken by a male speaker.

• For female speakers: Without changing the structure of the sentence,
convert it as if it were spoken by a female speaker.

This was followed by the sentence to be transformed: Sentence to transform: [sentence].

These prompts were designed to enforce minimal intervention, focusing solely on speaker-referring
terms. This ensures the task evaluates the models’ ability to perform gender-specific transformations
without altering unrelated components of the sentence. The zero-shot setting tests the models’ inherent
linguistic knowledge, aligning with the benchmark’s goal of assessing gender-aware morphological
capabilities across diverse languages.
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Model GIoU ↑ GIoUM ↑ GIoUF ↑ SGA ↑ SGAM ↑ SGAF ↑ △SGA ↓ CGA ↑
QWEN2.5-0.5B 0.35 0.69 0.05 0.35 0.69 0.05 0.63 0.21
GEMMA2-2B 71.41 75.13 67.85 76.28 80.04 72.69 7.35 65.41
LLAMA-3.2-3B 48.54 19.85 76.90 53.08 20.57 85.22 -64.65 49.72
GEMMA3-4B 67.50 60.29 73.21 71.75 63.76 78.08 -14.32 64.58
QWEN3-4B 62.84 61.96 63.70 73.74 75.41 72.08 3.33 68.51
LLAMA-3.1-8B 83.12 84.01 82.23 91.65 91.44 91.87 -0.43 89.21
QWEN3-8B 80.96 82.36 79.57 91.52 92.60 90.43 2.16 87.82
GEMMA2-9B 85.47 82.78 88.20 87.42 83.78 91.12 -7.34 84.39
GEMMA3-12B 79.91 75.69 84.16 84.93 80.48 89.41 -8.93 80.99
PHI4-14B 82.77 84.69 80.85 96.69 97.38 96.00 1.38 95.10
QWEN3-14B 80.68 83.62 77.74 90.22 94.12 86.30 7.81 85.80
GEMMA3-27B 77.97 75.68 80.31 83.96 80.34 87.96 -7.61 82.56
QWEN3-32B 83.21 85.86 80.56 93.88 96.46 91.31 5.14 90.38
LLAMA-3.3-70B 93.33 95.04 91.62 94.06 95.89 92.22 3.67 91.40
GPT-4O-MINI 88.81 90.08 87.54 95.73 96.04 95.42 0.62 93.36

Table 8: Performance metrics of different models on Hindi (% values; GIoU = Gender IoU, CGA =
Corpus-Level Gender Accuracy, SGA = Sentence-Level Gender Accuracy, △SGA = Accuracy Gap,
M = Male, F = Female)

Model GIoU ↑ GIoUM ↑ GIoUF ↑ SGA ↑ SGAM ↑ SGAF ↑ △SGA ↓ CGA ↑
QWEN2.5-0.5B 5.47 7.65 3.30 5.72 8.00 3.45 4.55 4.16
GEMMA2-2B 39.73 37.29 42.16 40.90 38.32 43.47 -5.14 37.54
LLAMA-3.2-3B 54.49 60.19 48.85 59.20 64.94 53.52 11.42 53.48
GEMMA3-4B 52.70 46.49 59.09 57.72 50.74 64.91 -14.16 51.60
QWEN3-4B 58.64 61.59 55.76 60.98 64.64 57.40 7.25 53.20

LLAMA-3.1-8B 67.89 70.67 64.62 82.75 84.44 80.75 3.69 81.76
QWEN3-8B 71.66 73.89 69.39 76.25 78.66 73.79 4.86 69.91
GEMMA2-9B 60.52 62.02 59.02 65.48 66.11 64.84 1.26 55.56
GEMMA3-12B 64.27 64.34 64.20 76.33 76.04 76.62 -0.58 74.26

PHI4-14B 79.84 81.46 78.22 89.68 90.26 89.09 1.17 87.70
QWEN3-14B 74.22 80.64 67.48 78.78 85.73 71.49 14.23 73.91
GEMMA3-27B 71.89 75.47 68.11 83.11 86.78 79.25 7.53 79.63
QWEN3-32B 76.28 80.80 71.76 79.35 84.40 74.30 10.10 74.74
LLAMA-3.3-70B 76.68 83.53 69.81 80.76 88.33 73.17 15.15 76.08
GPT-4O-MINI 86.43 86.61 86.25 91.77 91.22 92.33 -1.11 90.27

Table 9: Performance metrics of different models on French (% values; GIoU = Gender IoU, CGA =
Corpus-Level Gender Accuracy, SGA = Sentence-Level Gender Accuracy, △SGA = Accuracy Gap,
M = Male, F = Female)

G Results

G.1 Examples of Outputs and Error Analysis

Figure 8 presents an error analysis of the LLAMA model family on a Hindi example involving gender
and morphological agreement. Specifically, we compare the outputs of LLAMA 3.2 3B, LLAMA
3.1 8B, and LLAMA 3.3 70B.

• LLAMA 3.2 3B fails to produce the correct gendered forms, resulting in lower SGA and
GIOU scores.

• LLAMA 3.1 8B correctly inflects for gender but incorrectly converts the first-person
pronoun, which reduces its GIOU score.

• LLAMA 3.3 70B performs the transformation flawlessly, yielding high SGA and GIOU
scores.
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Model GIoU ↑ GIoUM ↑ GIoUF ↑ SGA ↑ SGAM ↑ SGAF ↑ △SGA ↓ CGA ↑
QWEN2.5-0.5B 4.14 7.31 0.72 6.28 10.37 1.88 8.49 4.59
GEMMA2-2B 14.73 14.14 15.30 16.04 15.63 16.43 -0.81 14.10
LLAMA-3.2-3B 18.31 5.96 29.96 20.95 6.74 34.35 -64.65 17.75
GEMMA3-4B 45.68 45.31 46.06 55.34 51.23 59.43 -8.20 48.93
QWEN3-4B 34.34 34.07 34.59 37.63 37.17 38.07 -0.90 35.97
LLAMA-3.1-8B 43.51 44.53 42.49 50.65 51.13 50.17 0.96 45.51
QWEN3-8B 45.89 47.93 43.89 51.44 53.99 48.96 5.03 51.01
GEMMA2-9B 46.45 47.92 44.99 50.43 51.71 49.16 2.55 45.26
GEMMA3-12B 62.76 64.69 60.82 69.37 70.62 68.12 2.50 65.52
PHI4-14B 57.08 62.24 52.20 66.51 69.89 63.31 6.58 66.15
QWEN3-14B 51.83 56.07 47.73 57.48 62.29 52.84 9.45 56.08
GEMMA3-27B 70.33 71.47 69.19 77.12 76.70 77.53 -0.83 74.74
QWEN3-32B 50.69 57.32 44.10 56.57 62.56 50.62 11.94 53.00
LLAMA-3.3-70B 59.16 63.50 54.84 66.84 70.61 63.11 7.50 64.37
GPT-4O-MINI 71.02 68.13 73.91 82.76 77.45 88.06 -10.61 80.27

Table 10: Performance metrics of different models on Arabic (% values; GIoU = Gender IoU, CGA =
Corpus-Level Gender Accuracy, SGA = Sentence-Level Gender Accuracy, △SGA = Accuracy Gap,
M = Male, F = Female)

H Limitations

This work presents MORPHOGEN, a large-scale, synthetic benchmark designed to evaluate multilingual
language models on grammatical gender and morphological agreement across three typologically
diverse and gendered languages: French, Arabic, and Hindi. While we believe MORPHOGEN represents
an important step toward more inclusive and linguistically grounded evaluation of LLMs, several
limitations remain.

First, the dataset currently covers only three languages, each represented in a standardized form
without accounting for dialectal variation. French, Arabic, and Hindi each have dozens of dialects,
many of which exhibit distinct grammatical and lexical gender patterns, which are not yet included in
this release. Second, our Arabic dataset is smaller than the others, primarily due to limited availability
of high-quality source data and fewer native Arabic-speaking annotators. Third, both Hindi and
Arabic are predominantly binary-gendered languages; consequently, our current dataset focuses
only on male and female speaker forms. We recognize this binary framing as a limitation and aim
to extend the dataset to better represent gender as a spectrum in future work. Finally, while we
also introduce multi-entity scenarios to evaluate gender interference, these are currently limited to
two human referents per sentence. Expanding to more complex discourse scenarios with multiple
gendered entities remains an important direction for future research.

Despite these limitations, MORPHOGEN provides a valuable and high-precision resource for advancing
evaluation of how of LLMs across linguistically diverse settings.

I Ethical Considerations

Grammatical gender and morphological agreement are critical components of many NLP tasks,
including machine translation, coreference resolution, and question answering. MORPHOGEN aims to
address a key gap by providing a gender-focused evaluation benchmark for morphologically rich and
typologically diverse languages such as French, Arabic, and Hindi. While the dataset is intended to
advance fairness and inclusivity in multilingual language model development, we recognize several
ethical considerations that arise from its creation and use.

First, the current task formulation is binary in nature, reflecting the masculine and feminine gram-
matical categories encoded in Hindi and Arabic. We acknowledge that this does not capture the full
spectrum of gender identities and expressions. Future iterations of MORPHOGEN will seek to expand
beyond binary gender, contingent on linguistic feasibility and community consultation. Additionally,
French, Arabic, and Hindi encode gender distinctions that intersect with cultural, religious, and social
norms—particularly through gendered references to animacy, occupations, or identities. To mitigate
potential harm, we curated sentence prompts carefully to avoid reinforcing stereotypes and actively
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included constructions that challenge male-default biases (e.g., "doctor" or "leader" in feminine
forms).

We also acknowledge the risk that gender-correct, grammatically coherent language could be misused
to generate harmful content, including hate speech. While such misuse is outside the intended scope
of this work, it remains a general concern in the release of any language resource. MORPHOGEN was
designed with synthetic prompts and neutral scenarios to minimize these risks.

All annotations were conducted by undergraduate students aged 18–21. Annotators were compensated
fairly and awarded certificates of recognition for their contributions. We ensured annotator well-being
and did not include any sensitive, offensive, or personally identifiable content in the annotation tasks.

MORPHOGEN will be released under a Creative Commons Attribution-NonCommercial 4.0 (CC BY-NC
4.0) license, which permits free use for research and non-commercial purposes. We strongly encourage
the community to use this dataset to promote fairness and linguistic inclusivity in multilingual NLP
systems.
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