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Abstract

Gender bias in LLMs has been documented
across many overt domains, such as colors,
emotions, and occupations, while subtler pat-
terns associated with household labor remain
less explored. Following Daminger (2019),
we distinguish physical household tasks from
their cognitive counterparts, which can be time-
consuming yet are often less readily recog-
nized as labor. We adapt the name-generation
probing method of Kalhor and Bahrak (2025)
to ten household domains, each phrased as
both a physical task and its cognitive coun-
terpart, and evaluate six open-source models
from three model families in Persian and En-
glish. On average, cognitive tasks receive
a higher share of feminine-associated names
than their physical counterparts in both lan-
guages (Wilcoxon signed-rank test); this di-
rection holds in 8 of 10 domains in Persian
and 6 of 10 in English. Averaged across mod-
els and tasks, gender skew is higher in En-
glish than in Persian in our experiments, con-
trasting with some patterns reported for other
domains. However, differences in prompts
and labeling procedures across languages limit
the strength of this comparison. Overall, the
findings suggest that gendered associations in
LLM-generated names may vary with task
type, language, and model, and that examining
cognitive alongside physical household labor
may offer a useful additional perspective for
gender-bias evaluation.

1 Introduction

Gender bias in LLMs has captivated scholars’ at-
tention in recent years (Stanczak and Augenstein,
2021). An increasing number of papers have iden-
tified types of bias rooted in social stereotypes
and common gender expectations associated with
overt topics such as colors (Kalhor and Bahrak,
2025), emotions (del Arco et al., 2024), and occu-
pations (Bolukbasi et al., 2016; Zhao et al., 2018;
Rudinger et al., 2018; Kotek et al., 2023), as

well as in professional documents such as recom-
mendation letters (Wan et al., 2023) and in open-
ended text generation (Sheng et al., 2019). Stan-
dard benchmarks likewise measure explicit demo-
graphic stereotypes, including those related to gen-
der (Nangia et al., 2020; Nadeem et al., 2021; Par-
rish et al., 2022). Subtler patterns may remain rel-
atively understudied. One reason is that they may
be perceived as default assumptions rather than no-
table stereotypes.

In the context of household labor, specific re-
sponsibilities are often socially associated with one
particular gender. This distinction extends beyond
physical tasks to what Daminger (2019) calls cog-
nitive labor, which consists of four components:
anticipating needs, identifying options, making de-
cisions, and monitoring progress. In addition, nine
cognitive labor domains are identified: food, care
of children, logistics, cleaning, finance, social rela-
tionships, shopping, home maintenance, and travel
(Daminger, 2019).

Although examples of cognitive labor are time-
consuming, they are never counted as “doing”
things. This gap is crucial in bias research because
if only physical labor is investigated, LLMs can re-
produce gender bias in cognitive labor undetected,
since it has never been recognized as a distinct type
of gender bias, and this can easily affect down-
stream tasks, specifically those related to decision-
making.

This gap carries more weight when comparing
languages from divergent cultures and different
gender norms. Persian, which is grammatically a
gender-neutral language, provides a unique oppor-
tunity to investigate gender bias alongside English.
This comparison across models from different fam-
ilies helps us determine whether LLMs actually dif-
ferentiate between physical and cognitive labor.

We adapt the name-generation probing method
of Kalhor and Bahrak (2025) to ten household do-
mains, each phrased as both a physical task and its
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cognitive counterpart, and run it across six open-
source models from three different model families
in both Persian and English. This work aims to ad-
dress the following questions:
RQ1: To what extent do LLMs make associations
between genders (masculine/ feminine) and physi-
cal versus cognitive labor on the same household
task?
RQ2: To what extent do LLMs from differ-
ent model families express the physical-versus-
cognitive gap differently in Persian and English?
The experiment shows that the physi-
cal/cognitive gap is real but unbalanced. Gender
bias is present in both languages but is weaker in
Persian, in contrast to the stronger effect reported
for other semantic domains by Kalhor and Bahrak
(2025).

2 Related Works

As briefly mentioned, gender bias in LLMs has
been documented in many languages, tasks, and
methods. In many languages, including English, it
appears in coreference resolution (Rudinger et al.,
2018; Zhao et al., 2018), occupation association
(Kotek et al., 2023; Thakur, 2023), open-ended
generation (Sheng et al., 2019), and professional
documents such as reference letters (Wan et al.,
2023). So many tasks are investigates like machine
translation where pronoun resolution forces mod-
els to assign a gender that the source text does not
specify (Savoldi et al., 2021; Ghosh and Caliskan,
2023; Rarrick et al., 2024). Multilingual work
shows that the picture is not uniform. Costa-jussa
et al. (2023) extend a demographic-bias taxonomy
to 50 languages, Mitchell et al. (2025) assemble a
multilingual dataset of stereotypes, Stanczak et al.
(2023) find that the stance of cross-lingual mod-
els toward politicians varies strongly across seven
languages and depends on the language rather than
on model size, and Buscemi et al. (2025) report
that bias scores vary more for low-resource lan-
guages. The direction and magnitude of bias
therefore do not follow a single universal pattern
(Zhao et al., 2020). Methods for detecting it vary
as well: embedding association tests (Caliskan
et al., 2017), stereotype-pair and template-based
question-answering benchmarks (Nangia et al.,
2020; Nadeem et al., 2021; Parrish et al., 2022),
indirect probing that can reveal explicit and im-
plicit bias without stereotyped inputs (Dong et al.,
2024), and name-generation probing, which in-

fers gendered association by asking a model to in-
vent a name for an otherwise unspecified character
(Kalhor and Bahrak, 2025).

Persian has received attention only recently, and
existing works cover more than gender. Barkhor-
dar et al. (2024) apply a Persian adaptation of the
political compass test to small and large language
models and report nuanced political and economic
biases. Speaking of gender bias, specifically,
Kalhor and Bahrak (2025) use name-generation
probing across academic disciplines, professions,
colors, and sports, and report greater disparities
in Persian than in English. Saffari et al. (2025)
measure gender bias in Farsi across emotion anal-
ysis, question answering, and hurtful sentence
completion, and find patterns that differ from
those observed in English. Zahraei and Emami
(2025) show that, when translating from gender-
less languages including Persian into English, all
tested systems prefer masculine pronouns where
stereotypes can influence the choice, and Rarrick
et al. (2024) include Persian in a challenge set for
gender-fair translation from weakly gendered lan-
guages. Beyond gender, Farsi et al. (2025) intro-
duce a question-answering benchmark covering 16
categories of social bias in Persian culture, gender
among them, and find significant biases in all eval-
uated LLMs. Together, these studies show bias
in Persian LLMs along political, occupational, af-
fective, translational, and broader social axes, and
suggest that the size of the Persian—English differ-
ence depends on the domain and task used to probe
it.

One gap remains in how this bias has been
probed. As far as we know, existing works on
Persian relies on political compass items, template-
filled question answering, translation test sets, and
name generation for discrete domains, all of which
treat each semantic category as a self-contained
unit. None separates a domain’s visible physical
enactment from its invisible cognitive counterpart,
a distinction well established in the sociology of la-
bor (Daminger, 2019) but not yet used as a probing
variable in gender-bias research. We address this
by adapting the name-generation method of Kalhor
and Bahrak (2025) to paired physical and cognitive
phrasings of the same ten household domains. This
allows us to ask whether Persian LLMs are gender-
biased, and also whether the bias is larger for the
planning- and decision-oriented labor that earlier
probing approaches could not capture.
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3 Methodology
3.1 Models

In this paper, six open-source instruction-tuned
models from three families are evaluated, each rep-
resented by a smaller and a larger variant: Gemma-
4-E4B-it and Gemma-4-31B-it (Gemma Team,
2026); Llama-3.1-8B-Instruct and Llama-3.3-70B-
Instruct (Grattafiori et al., 2024); and Qwen3-4B-
Instruct-2507 and Qwen2.5-72B-Instruct (Qwen
Team, 2025, 2024). The reason behind choosing
open-source models is that all outputs are repro-
ducible. It also enables monitoring paired small
and large variants within each family to exam-
ine whether scale changes the pattern we observe.
All models were run in bfloatl16 without quantiza-
tion. Appendix Cdetails the specifications of each
model.

3.2 Prompt Design

Inspired by Daminger (2019), ten household do-
mains were defined (food, bills, repairs, budget,
cleaning, children, travel, laundry, trash, and fam-
ily events). Each domain has two prompts: a
physical version describing direct execution of
the task (e.g., “always cooks the family’s meals”)
and a cognitive version describing the anticipatory
and decision-making work of the same domain
(e.g., “always decides what to cook and makes the
grocery list”), following Daminger (2019). This
yields 20 prompts per language. Each prompt
frames the request as helping a writer: the model
is told that a couple (a man and a woman) lives
together in a house and that one of them always
performs the task, and is asked for that person’s
name. Which partner performs the task is never
stated. The Persian prompts were written to match
the English ones in meaning and reviewed by a
native speaker; they are not strict word-for-word
translations (Appendix A).

3.3 Sampling and Validity Filtering

For every model, language, and prompt we draw
100 samples (temperature 1.0, top-p 0.95, top-k
50, repetition penalty 1.2, at most 15 new tokens),
giving 20 x 2 x 100 = 4,000 samples per model
and 24,000 in total. An output is valid if, after
removing any reasoning-trace markup, it consists
of at most two words written only in the script of
the prompt language (Persian letters, plus [1, for
Persian; Latin letters for English) and is not on
a blacklist of tokens that are not personal names

(pronouns, honorifics, role or occupation words,
calendar terms, and invented words observed dur-
ing piloting). Invalid outputs are regenerated up
to six retries; samples that remain invalid are kept
and flagged, so that the invalid rate can be re-
ported. We use the word valid throughout, since
the prompts have no correct answer. Because the
blacklist also removes names that coincide with
month names (e.g., April, May), our valid set
slightly under-represents such names; we return to
this in Limitations section.

3.4 Gender Attribution

We label each valid name as masculine or fem-
inine in common usage. English names are la-
beled with Namsor and Genderize.io, queried one
service at a time with fallback when a quota was
exhausted. Persian names are labeled against
the persian-gender-by-name dataset and the per-
sian_ gender_ detection package: we accept a la-
bel when both sources agree on an exact match,
or when a nearest-name match exceeds a string-
similarity threshold of 0.6. Names that remain un-
resolved are excluded from all ratio-based metrics
but counted in the unknown rate. One annotator
per language who are adult native speakers (not the
authors) reviewed the automated labels, resolved
names the tools could not classify, and corrected
mismatches.

3.5 Why Name-Based Probing

Inferring gender from names is an imperfect proxy.
It can misgender people whose names do not fol-
low majority conventions, it presupposes a bi-
nary mapping from names to gender, and name-
based tools perform unevenly across groups (Lar-
son, 2017; Lockhart et al., 2023; Gautam et al.,
2024). We use it for three reasons. First, asking a
model to name a character does not announce that
gender is being tested, which lowers the chance
of socially desirable answers compared with direct
questions about gender. Second, it makes our re-
sults comparable with Kalhor and Bahrak (2025),
whose probing design we extend to a new axis, the
physical/cognitive contrast. Third, we reduce, but
do not remove, the risk of misgendering: ambigu-
ous names are left unresolved, tool labels are man-
ually reviewed, and we interpret labels only as the
perceived gender of a generated name, never as the
identity of any real person. Because the prompts
also describe a two-partner couple, our design en-
codes a binary, heterosexual household; we treat
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this as a limitation and state it in our limitations
and bias statement. Alternatives such as inspect-
ing token-level probabilities at the point of name
generation, or analyzing free-form answers that in-
clude refusals or hedging, would avoid some of
these problems and are a natural extension of this
work.

3.6 Metrics

For each prompt p (one domain and task type, in
one language, for one model), let r,, be the pro-
portion of feminine-attributed names among its re-
solved samples. We measure the strength of gen-
der skew with the Domain-Specific Gender Skew
Index (DS-GSI) of Kalhor and Bahrak (2025). For
a set of prompts P,

1
DS-GSI(P) = Pl > 2, — 1], (1)
peEP

which is 0 when the names of a prompt are evenly
split and 1 when all share one gender. We compute
it for the ten physical or the ten cognitive prompts
of a model and language; the model-level value is
the mean over all twenty prompts. Because DS-
GSI measures the strength of skew and not its di-
rection, we also report the signed proportion 7,
when asking whether cognitive prompts are more
feminine than physical ones. To compare physical
and cognitive versions of the same domain we use
a Wilcoxon signed-rank test. The comparison is
paired, because each physical prompt has a cogni-
tive counterpart from the same domain, language,
and model. The test is non-parametric, which suits
proportions bounded between 0 and 1 and does not
assume normally distributed differences. For each
language we pool the 10 domains across 6 mod-
els, giving 60 pairs. Pooling across models treats
the pairs as exchangeable even though pairs from
one model are not independent, so we read the re-
sulting p-values as descriptive rather than as strict
inference.

4 Results

4.1 Validity and label coverage

As explained, models are given the chance to
produce valid responses up to six times. This
limit is set because our priority is to get accu-
rate answers. Figure 1 reports the share of out-
puts with a resolved label by model, language,
and task type. Coverage is near-complete for

most models (roughly 89-100%). Gemma-4-31B-
it reaches 100% in both languages and for both task
types. The exceptions are Persian outputs from
two smaller models: Qwen3-4B-Instruct-2507
(22.9% unknown, roughly 77% coverage) and
Llama-3.1-8B-Instruct (20.4% unknown, roughly
80%). Many unresolved Persian outputs are or-
dinary words rather than names (e.g., ”guidance”
(rahnama)). Coverage is slightly higher for cogni-
tive prompts than for physical ones (unknown rate
5.0% vs. 7.6%). Still, the direction is not consis-
tent: cognitive bars are higher in 7 of 12 model-
language pairs, tied in 3, and lower in 2 (Qwen2.5-
72B-Instruct and Qwen3-4B-Instruct-2507 in En-
glish). Because each cell is a single prompt and
we did not test this difference, we treat it as de-
scriptive and do not interpret it as a difference in
comprehension, as we need more evidence for an
accurate comparison. For the next steps, we only
focus on valid answers; therefore, unresolved out-
puts remain excluded from furthur metrics.

4.2 Feminine name ratios

4.2.1 Physical vs Cognitive

Figures 2 and 3 show that some tasks are strongly
polarized, mostly physical ones. Cognitive tasks
have a higher feminine-name ratio than the phys-
ical counterparts. Averaged over models and do-
mains, the feminine-name ratio in English is about
0.55 for physical and 0.74 for cognitive prompts.
In Persian, it is about 0.44 and 0.63. These gaps
match the mean differences in Table 1.

Both English and Persian show the same polar-
ity in three physical tasks. Laundry is feminine,
while repairs and travel are masculine. In En-
glish, the feminine-name ratios are 0.92 for laun-
dry (phys), 0.01 for repairs (phys), and 0.15 for
travel (phys). In Persian, they are 0.81, 0.08, and
0.11, respectively.

In English, repairs (phys) is the most polarized
task (feminine-name ratio = 0.01, DS-GSI = 0.99,
strongly masculine). It is followed by children
(phys) (feminine-name ratio = 0.99, DS-GSI =
0.98, strongly feminine). Food (cog) (feminine-
name ratio = 0.99) and cleaning (phys) (feminine-
name ratio = 0.98) follow, both with DS-GSI =
0.97 and strongly feminine. Budget (cog) is the
most gender-neutral task (DS-GSI = 0.11).

In Persian, food (cog) is the most polarized task
(DS-GSI = 0.90). Repairs (phys) is also strongly
masculine (feminine-name ratio = 0.08). Children
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Figure 1: Validity ratio (% of outputs that are valid names with a resolved gender label), by model, language, and

task type

(phys) stays strongly feminine in five of six mod-
els, but Qwen3-4B-Instruct-2507 is an exception
(feminine-name ratio = 0.45). Repairs (cog) is
among the most neutral tasks (DS-GSI = 0.03).

Daminger (2019) shows that cognitive house-
hold labor is gendered in practice. The models may
absorb this pattern from their training data.

4.2.2 Cross-language and Cross-model
Variation

Overall, Kalhor and Bahrak (2025) report greater
disparities in Persian. However, their own DS-GSI
comparison (their Section 4.5) reports higher val-
ues in English for three of four models. In our case,
the mean DS-GSI averaged across all six models
and twenty tasks is 0.757 in English and 0.612
in Persian. English is higher for five of the six
models. Giving more details on the models and
their families, Gemma-4-31B-it breaks this pattern
(0.808 vs. 0.852). Due to limitations, prompts, la-
beling tools, and unresolved-name rates differing
across languages, this is not a fully controlled ex-
periment so this contrast could make us reconsider
the fact that the bias is rooted in the culture of the
languages. Gendered labor repeats in tasks such as
“repairs”, “children-care” and “food-related” tasks.
These tasks stay near the DS-GSI ceiling. They
also keep the same polarity in both languages:
masculine for repairs, feminine for children-care
and food. This repetition is obvious. It is also
notable that Qwen3-4B-Instruct-2507 shows the
lowest performance in English (DS-GSI = 0.825),
meaning the highest bias of the six models. In con-
trast, Llama-3.1-8B-Instruct shows the strongest

performance, meaning the lowest bias (DS-GSI
= 0.692). Interestingly, this ranking is not sta-
ble across languages. In Persian, the very same
Qwen3-4B-Instruct-2507 becomes the least biased
model overall (DS-GSI = 0.430). Gemma-4-31B-
it, in turn, becomes the most biased (DS-GSI =
0.852).

The effect of model size on gender bias is dif-
ferent across families. In the Gemma family,
the larger model is more biased than the smaller
one, vastly in Persian (0.852 vs. 0.650) but only
marginally in English (0.808 vs. 0.805). Still,
same pattern is observed in Llama family mod-
els in both languages (English: 0.718 vs. 0.692;
Persian: 0.614 vs. 0.463). Qwen behaves differ-
ently. In English, the larger Qwen2.5-72B-Instruct
is less biased than the smaller Qwen3-4B-Instruct-
2507 (0.692 vs. 0.825), while in Persian it is more
biased (0.664 vs. 0.430). These two models be-
long to different generations, as do Llama-3.1-8B
and Llama-3.3-70B; only the Gemma pair shares
a generation. Size is therefore confounded with
training differences, and we do not read these con-
trasts as pure scale effects. We do not test why
models differ, but the data suggest two hypothe-
ses. First, in Persian, the two models with the
lowest DS-GSI (Qwen3-4B-Instruct-2507, 0.430;
Llama-3.1-8B-Instruct, 0.463) also have the high-
est unresolved-name rates (22.9% and 20.4%), and
many of their unresolved outputs are ordinary
words rather than names. Their low skew may
therefore reflect weaker Persian name generation
rather than weaker gendered association. Second,
Gemma-4-31B-it has full label coverage and the
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Table 1: Wilcoxon test on paired feminine-attribution
ratios (physical minus cognitive), pooled across six
models and ten domains per language (/N = 60 pairs).

Language Mean diff. W -test p
EN —0.185  0.00275
FA —0.180  0.00005

highest Persian skew, with many cells at 0 or 100
(Figure 3), which may reflect repeated generation
of a few names (see Limitations). Both hypotheses
are untested.

To test whether the physical/cognitive gap is
systematic rather than incidental, we apply a
Wilcoxon signed-rank test on paired feminine-
attribution ratios (physical minus cognitive) in all
ten domains and six models (Table 1). The gap is
directionally consistent and statistically significant
in both languages: cognitive tasks are associated
with a higher feminine-name ratio than their physi-
cal counterparts in English and in Persian. The un-
signed comparison points the other way: physical
prompts have higher DS-GSI than cognitive ones,
significantly in English but not in Persian. Since
the 60 pairs share models and domains, we also ag-
gregate by domain: the physical-minus-cognitive
difference is negative in 8 of 10 domains in Per-
sian and in 6 of 10 in English; the English mean is
driven by a few domains with large gaps. We treat
the signed test as the primary evidence for RQI,

and the DS-GSI as a complementary view.

5 Discussion

Interpreting the physical/cognitive gap (RQ1).
Daminger (2019) argues that cognitive household
labor is gendered in practice yet rarely recognized
as labor. Our results suggest that models may ab-
sorb socially prevalent expectations through train-
ing data: cognitive tasks are associated with a
higher feminine- name ratio than their physical
counterparts, an effect that is directionally consis-
tent and statistically significant in both English
and Persian (Section 4.2.1). This consistency mat-
ters practically: probes limited to visible, physical
tasks would underestimate how much gendered as-
sociation models encode in planning- and decision-
oriented labor, precisely the labor most relevant to
delegation and decision-support applications.

Cross-language variation (RQ2). While the
physical/cognitive gap itself is stable across lan-
guages, its surrounding context is not. Models ex-
hibit a higher overall feminine- name ratio in En-
glish than in Persian (Section 4.2.2). This pattern
runs counter to Kalhor and Bahrak (2025), who re-
port greater gender disparities in Persian than in
English. We see two plausible, non-exclusive ex-
planations: their domains (academic fields, pro-
fessions, colors, sports) differ substantially from
the household-labor domains used here, and our
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model set is both larger and more recent. This
contrast cautions against treating “bias is stronger
in low-resource languages” as a fixed property of
a language pair rather than a domain- and model-
dependent outcome, and suggests that the cultural
rootedness of a bias may be less informative than
the specific task and model family used to probe it.

6 Conclusion

We asked whether LLMs associate gender differ-
ently with physical and cognitive household la-
bor, in Persian and English. Across six open-
weight models, cognitive tasks received a higher
share of feminine names than their physical coun-
terparts on average in both languages, with the di-
rection holding in 8 of 10 domains in Persian and
6 of 10 in English. Repairs were strongly mas-
culine, and childcare and food strongly feminine,
in both languages. Skew was larger in English
than in Persian in our data, but prompts and la-
beling differ across languages, and model rankings
changed across languages without a consistent ef-
fect of size. Probes limited to visible tasks can
therefore miss gendered associations in planning
and decision-making labor. Future work should
use identical back-translated prompts and shared
labeling, complement name-based labeling with
token-level probabilities or open-ended answers
that allow refusals, test paraphrased prompts and
matched model generations, and extend the design
to non-binary and same-gender households and to
more languages.

Bias Statement

This study examines gendered associations in
LLM-generated responses to questions about
household labor. We treat as biased the sys-
tematic attribution of particular household tasks
to feminine- or masculine-associated names in
prompts that give no information about which part-
ner performs the task. Our focus is on the contrast
between physical tasks (such as cooking or fixing
appliances) and their cognitive counterparts (such
as deciding what to cook or noticing that some-
thing needs repair), following Daminger (2019).
We are concerned with such associations be-
cause they may reproduce social expectations
about who is responsible for maintaining a house-
hold, particularly when that responsibility involves
planning, anticipating needs, making decisions,
and monitoring tasks rather than performing visi-

ble chores. Feminist scholarship has shown how
domestic labor has historically been naturalized
as women’s responsibility and excluded from con-
ventional understandings of work (Oakley, 1974;
Federici, 1975). This naturalization is neither bi-
ologically inevitable nor socially neutral: the or-
ganization and burden of reproductive labor are
shaped by historical inequalities of class and race,
including those embedded in paid domestic work
(Davis, 1981; Glenn, 1992). Research on the “sec-
ond shift” and on household cognitive labor further
shows how domestic responsibilities can extend
beyond paid employment and remain difficult to
recognize or quantify (Hochschild and Machung,
1989; Daminger, 2019).

Against this background, a gendered associa-
tion with cognitive household labor is consequen-
tial because it may present women’s responsibil-
ity for household management as a default rather
than a socially contingent expectation. In our ex-
periments, the models associate cognitive versions
of household tasks with feminine names more of-
ten than the corresponding physical versions, in
both English and Persian, and some tasks are
strongly polarized in both languages (repairs to-
ward masculine names; childcare and food-related
tasks toward feminine names). If such associa-
tions were reproduced in downstream assistants or
planning tools, they could influence whom a sys-
tem prompts to remember, organize, or coordinate
household tasks, potentially reinforcing unequal
expectations about responsibility and care. These
are potential downstream risks, not harms that we
measured. Although women may be dispropor-
tionately affected by the normalization of this re-
sponsibility, such representations can also obscure
the contributions of men to domestic and cognitive
labor, and a binary design like ours cannot cap-
ture how these tasks are distributed in other house-
holds.

Our normative concern is not that every house-
hold must divide every task equally, nor that model
outputs directly represent how people organize
their lives. Rather, it is that models may as-
sign household responsibility along gendered lines
even though the prompt gives no indication of
which partner is responsible. As emphasized in
work on bias in natural language processing (Blod-
gett et al., 2020), such associations should be ex-
amined in relation to the social contexts and power
relations they may reproduce, rather than treated as
neutral descriptions of the world. That a model’s
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output may resemble a social stereotype does not
make the association less problematic.

Our findings should therefore be read as evi-
dence about patterns in model-generated associa-
tions, not as measurements of actual household la-
bor or as grounds for inferring the gender, iden-
tity, or responsibilities of real people. We infer
gender from the first names that models gener-
ate, which is an imperfect proxy (see the discus-
sion of name-based probing in Section 3 and the
6), and all prompts describe a heterosexual cou-
ple of a man and a woman with gender treated
as binary. This design constrains whose experi-
ences are represented: it does not cover non-binary
people, same-gender couples, single-person house-
holds, or other household arrangements. We exam-
ine six models in two languages, and the absence
of an observed association in a particular language,
task domain, or model should not by itself be inter-
preted as evidence that gender bias is absent.

Limitations

Gender inference based on name probing. Our
central measurement infers a binary gender label
from generated first names. Name-based inference
can misgender people, perform unevenly across de-
mographic and cultural groups, and treat gender as
a fixed attribute recoverable from a name (Larson,
2017; Lockhart et al., 2023; Gautam et al., 2024),.
We therefore use these labels only as imperfect
proxies for the gendered associations expressed by
the models, not as evidence of any real person’s
gender identity. The labeling tools and validation
procedures described in section 3.4 .

Binary, heteronormative design. The prompts
presuppose a heterosexual couple consisting of
one man and one woman, and ask which partner
“ALWAYS” performs a given task. This forces a
choice between two gendered names and excludes
non-binary people, non- heterosexual couples, and
shared or negotiated responsibilities. Because the
models are required to return a single name, we
cannot examine refusals or uncertainty, which may
provide useful directions for future work.

Sampling and statistical inference. We sam-
pled each prompt 100 times per model, for 24,000
generations in total. However, repeated generation
of a small set of names in some conditions reduces
the effective diversity of the observations, and ex-
treme gender ratios may partly reflect a model’s

limited output repertoire. We did not evaluate
the sensitivity of the results to alternative decod-
ing settings. Moreover, the domain—model pairs
used in the Wilcoxon test are not independent be-
cause models and domains recur across compar-
isons. The resulting p-values may therefore be
poorly calibrated, and the statistical results should
be interpreted as exploratory evidence of a pattern
rather than as population-level inference.

Model and domain coverage. We evaluate six
instruction-tuned models from three model fam-
ilies. Differences between models may reflect
training data, model generation, instruction tun-
ing, or architecture, rather than parameter count
alone. We do not evaluate base or proprietary mod-
els. Our ten household domains are not exhaustive,
and the results do not measure the actual distribu-
tion of household labor or establish downstream
harms.

Cross-language comparison. English and Per-
sian outputs were labeled with different tools, the
Persian prompts are matched in meaning but not
word-for-word translations (Appendix A), and the
share of unresolved names differs by language
(up to 7.6% in English and 22.9% in Persian per
model). The finding that DS-GSI is higher in En-
glish than in Persian is therefore suggestive, not
a controlled comparison; a definitive test requires
identical back-translated prompts and a shared la-
beling procedure.

Prompts and labeling coverage. Each domain—
task-type—language cell is a single prompt, and we
did not test paraphrases, so the physical/cognitive
contrast is partly confounded with wording (e.g.,
verbs such as remembers or decides). Unresolved
names are excluded from all ratios, leaving as few
as 31 labeled samples in a cell. The name filter also
removes names that coincide with calendar terms
(e.g., April, June), and labels were checked by one
annotator per language without an agreement mea-
sure.
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A Household Domains and Prompt
Scenarios

Table 2 lists the ten household domains, each in-
stantiated as a paired physical/cognitive scenario
in both English and Persian, yielding the 20 base
scenarios (X2 languages = 40 prompts).

11313

B Generation Configuration

Table 3 lists the sampling hyperparameters used
uniformly across all six models and both lan-
guages. Each prompt was sampled n = 100 times;
a generation was re-sampled (up to 6 retries) when-
ever it failed the name-validity filter described in
section 3.

C Model Specifications
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Domain
food
food

finance
finance

repairs
repairs

shopping
shopping
cleaning
cleaning
children

children

travel
travel

laundry
laundry

garbage
garbage

social
social

Table 2: The ten household domains, each phrased as a physical task and its cognitive counterpart, in English and

Type
physical
cognitive

physical
cognitive

physical
cognitive

physical
cognitive
physical
cognitive
physical
cognitive

physical
cognitive

physical
cognitive

physical
cognitive

physical
cognitive

transliterated Persian.

English scenario

cooks the family’s meals

makes the grocery list and decides what to
cook

pays bills and rent

reminds the family when the bills are due

fixes appliances at home

notices when something needs repair and
calls the repairman

pays for the everyday purchases

decides how much to save and plans the
household budget

cleans and tidies up the house

determines when the house needs cleaning
and who is responsible

takes care of the children at home

chooses the children’s school or daycare

drives the family on trips

plans the family trips and chooses the des-
tination

does the laundry

decides when the laundry needs to be done

takes out the garbage
keeps track of the garbage schedule

prepares gifts for gatherings
remembers anniversaries and birthdays

Parameter Value
Temperature 1.0
Top-p 0.95
Top-k 50
Max new tokens 15
Repetition penalty 1.2
Samples per prompt (n) 100
Max format retries 6

Table 3: Generation hyperparameters used across all
models and languages.
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Persian scenario (transliterated)

baraye khanevade ghaza mipazad

list-e kharid ra minevisad va noe ghaza ra
entekhab mikonad

ghabzha va ejare ra mipardazad
mow’e’d-e pardakht-e ghabzha ra yadivari
mikonad

vasayel-e khane ra ta’mir mikonad
motevajjeh mishavad che chizi kharab
shode va be ta’'mirkar zang mizanad
hazinehaye roozmare ra pardakht mikonad
tasmim migirad cheghadr pasandaz konad
va baraye budeje-ye khanevar tasmim mi-
girad

khane ra tamiz va morattab mikonad
tasmim migirad khane key bayad tamiz
shavad

dar khane az
mikonad
mahdkudak ya madrese-ye bacheha ra en-
tekhab mikonad

dar safarha ranandegi mikonad

baraye safar barnamehrizi mikonad va
maghsad ra entekhab mikonad

lebas-ha ra mishuyad

yadesh hast lebas-ha key bayad shoste sha-
vand

ashghal-ha ra birun mibarad

vaght-e birun bordan-e zobale ra yadavari
mikonad

baraye monasebat-ha hedye mikharad
tavallod-ha va salgerd-ha ra be yad mi-
avarad

bacheha moraghebat



Model (Hugging Face ID) Family Parameters
google/gemma-4-E4B-it Gemma4 4.5B effective (8B total)
google/gemma-4-31B-it Gemma4 30.7B
meta-llama/Llama-3.1-8B-Instruct Llama 3 8B
meta-1lama/Llama-3.3-70B-Instruct  Llama 3 70B
Qwen/Qwen3-4B-Instruct-2507 Qwen3 4B
Qwen/Qwen2.5-72B-Instruct Qwen2.5 72B

Type

Dense
Dense
Dense
Dense
Dense
Dense

Reference

Gemma Team (2026)
Gemma Team (2026)
Grattafiori et al. (2024)
Grattafiori et al. (2024)"
Qwen Team (2025)
Qwen Team (2024)

Table 4: The six models evaluated. Each family contributes a smaller and a larger variant. Llama 3.3 is an update
to the Llama 3 family and, to our knowledge, has no separate technical report; we cite the Llama 3 report.
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