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Abstract

This paper investigates gender behavior in Hindi-English machine translation (MT) within multi-
entity settings, especially when two occupational roles appear within the same sentence. Exist-
ing benchmarks often focus on single-referenced entities, leaving cross-role dependencies largely
unexplored. We define a taxonomy of thirteen role-gender configurations covering masculine
(m), feminine (f), and neutral (n) assignments and introduce BRIDGE-MT, a manually created
dataset of 351 Hindi-English sentence pairs (594 role-level instances) in order to evaluate dual-
role interactions. We evaluated commercial MT systems and multilingual LLMs, and propose
neutral-comparison asymmetry metrics and a conditional interaction metric to analyze cross-
role dependencies. Our results show that explicitly gendered roles achieve higher F'1 scores than
neutral-labelled roles. We also observe a consistent position effect, where Role B (the second role)
tends to have lower accuracy and greater gender asymmetry than Role A (the first role) across
all evaluated systems. Conditional interaction analysis further indicates that the gender assigned
to one role can influence the translation of the other. These findings highlight the importance
of evaluating gender behavior in multi-entity settings to better understand interaction-driven
asymmetries in MT.

1 Introduction entities. This has motivated the development
of controlled evaluation benchmarks such as

Gender bias in MT has been widely studied ~WinoMT (Stanovsky et al., 2019), MuST-SHE

in occupational contexts and pronoun resolu-
tion (Stanovsky et al., 2019; Prates et al., 2019;
Savoldi et al., 2021), where systems frequently
default to masculine forms or exhibit asym-
metric behavior across masculine and feminine

(Bentivogli et al., 2020), and MT-GenEval (Cur-
rey et al., 2022) for analyzing gender realization
in MT systems.

Existing benchmarks, such as WinoMT
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(Stanovsky et al., 2019), are primarily designed
for single-entity evaluation and lack the frame-
work for a systematic examination of interac-
tions between multiple occupational roles in a
single sentence. In these multi-entity settings,
MT systems face the added complexity of main-
taining grammatical coherence across several
roles simultaneously. This raises a critical ques-
tion regarding cross-role dependency: to what
extent does the gender realization of one role in-
fluence the translation of other roles within the
same sentence? Although such benchmarks may
contain more than one occupational entity, they
typically evaluate only the role referenced by the
gendered pronoun, without systematically vary-
ing and evaluating the gender assignment of the
co-occurring role. For example, in a sentence
containing a masculine scientist and a feminine
journalist, evaluating both roles allows examina-
tion of whether the gender assigned to one role
affects the translation of the other.

To systematically investigate these interac-
tions, we define a taxonomy of thirteen role-
gender configurations covering m, f, and n as-
signments across two occupations, denoted as
Role A and Role B. Based on this taxonomy,
we present BRIDGE-MT (Benchmarking Role
Interactions and Dependencies in Gender Eval-
uation for MT),! a manually created dataset of
351 Hindi-English sentence pairs designed for
structured evaluation of role co-occurrence. Our
contributions are as follows: (i) taxonomy and
dataset: we define a comprehensive taxonomy
and introduce BRIDGE-MT, which treats mul-
tiple roles as independent evaluation units, (ii)
novel metrics: standard AG (Delta Gender) is
defined as the difference between F'1 scores for
m and f instances (Stanovsky et al., 2019). We
propose neutral-comparison asymmetry metrics
that extend the AG formulation to contrast
gendered and neutral configurations, alongside
a conditional interaction metric (Al) to quan-
tify cross-role dependencies. and (iii) empiri-
cal analysis and findings: we evaluated a range
of commercial NMT systems and multilingual
LLMs. Our results show that explicitly gen-
dered roles are generally translated more reli-

Lhttps://github.com/BridgeMT/BridgeMT

ably than neutral-labelled roles. We also re-
veal a consistent position effect, where Role B
exhibits lower accuracy and higher asymmetry
than Role A. Furthermore, we provide evidence
of directional influence, where the gender of one
role can significantly impact the translation of
the other; we observe that the extent of this in-
teraction varies significantly across different M'T
systems.

2 Related Work

The evaluation of gender bias in MT has evolved
from identifying simple stereotyping to analyz-
ing complex coreference resolution in structured
benchmarks.  Foremost among these frame-
works is WinoMT, which was derived from the
Winogender (Rudinger et al., 2018) and Wino-
Bias (Zhao et al., 2018) coreference test sets.
These benchmarks enable researchers to eval-
uate whether MT systems preserve gender in-
formation for occupational entities under con-
trolled coreference ambiguity. Gender asymme-
try is typically quantified using AG, defined as
the difference between F'1 scores for m and f
instances (Stanovsky et al., 2019). This metric
enables a structured comparison of system per-
formance across gender classes.

Saunders et al. (2020) studied gender coref-
erence behavior in MT and showed that gen-
der signals can be over-generalized across enti-
ties within the same sentence. Their work fo-
cused on controlling gender realization during
translation through word-level gender tags and
tagged adaptation data. In contrast, our work
focuses on evaluating gender behavior under co-
occurring occupational roles.

Since WinoMT was originally designed with
English as the source language, subsequent work
adapted it for other languages. Notably, Singh
(2023) introduced WinoMT-Hindi? to evaluate
gender behavior in Hindi-English translation.
However, while WinoMT-Hindi facilitates eval-
uation in a morphologically gendered language,
its design does not systematically account for
the interactions between co-occurring roles. Our
work addresses this limitation by introducing
a taxonomy-driven benchmark designed for the

2https://github.com/iampushpdeep/Gender-Bias-Hi-En-Eval
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structured analysis of dual-role interactions and
positional dependencies in Hindi-English trans-
lation (cf. Section 3.1).

3 The BRIDGE-MT Benchmark
3.1 Limitations of WinoMT-Hindi

Despite its utility in marking source-side gen-
der, the structural design of Singh’s adaptation
restricts the evaluation of multi-entity settings
in several ways. First, although each sentence in
WinoMT-Hindi contains two occupational enti-
ties, the English translation typically provides
an explicit gender cue for only one of the roles,
for e.g.:

Hindi: ASIgY gled &t RAwifae 9 rfdes @mn
Filfeh 98 IMBR W 8l

Transliteration: Mazdoor hotel ki reception-
ist se adhik khaya kyunki vah aahaar par hai.
English: The laborer eats more than the re-
ceptionist as he is on a diet.

In such cases, while both occupations
“HS1GR” (mazdoor, ‘laborer’), “RAWFMAT” (recep-
tionist, ‘receptionist’) are present, the gendered
pronoun in the English translation is associated
with only one entity “ASIgR” (laborer). As a re-
sult, the evaluation focuses primarily on the ref-
erenced role “HSIGR” (laborer). Other possible
configurations of gender assignments across the
two occupations are not systematically exam-
ined, leaving potential inter-role dependencies
unexplored. Second, certain sentences exhibit
morphological inconsistencies in gender mark-
ing, e.g.:

Hindi: Faor 7eigy 3 Whet St fR1eres i gr1 w=ifch
3a fmfor &= | asr fha

Transliteration: Nirmaan mazdoor ne school
ki shikshak ko ghoora kyunki usne nirmaan
kshetra mein pravesh kiya.

English: The construction worker stared at
the teacher because she entered the construc-
tion zone.

Here, the feminine form & (shik-
shika, ‘teacher.f’) would be expected in-
stead of the masculine form “fU&TR” (shik-
shak, ‘teacher.m’) when referring to a feminine
teacher. Such examples highlight the impor-
tance of careful morphological validation when
constructing gender-aware evaluation datasets.
Third, the occupation stereotype groupings in

WinoMT-Hindi are derived from the original
English occupation lists in WinoBias. These
are based on U.S. Department of Labor statis-
tics, as discussed in Singh (2023). While this
provides a structured basis for stereotype cate-
gorization, the occupational distributions reflect
a U.S.-specific context. Hindi is predominantly
spoken in the Indian subcontinent (Kunchukut-
tan et al., 2018), where certain roles included in
the original list, such as “sheriff” or “chiefs” are
not widely used or do not directly correspond
to culturally prevalent occupational categories.
Regional differences in institutional structures
and labor distributions may therefore affect how
these occupations are interpreted and translated
in Hindi.

These observations do not diminish the con-
tribution of WinoMT-Hindi. Instead, they iden-
tify opportunities for a more systematic eval-
uation framework that covers all combinations
of gender assignments across co-occurring roles,
while ensuring careful lexical and morphologi-
cal validation. The taxonomy-driven evaluation
dataset proposed in this work is designed to ad-
dress these requirements.

3.2 Taxonomy

We categorize dual-role gender assignments into
thirteen distinct configurations, denoted by the
grammatical markers assigned to Role A and
Role B. This taxonomy provides an exhaustive
framework for organizing all possible permuta-
tions of m, f, and n labels within a single sen-
tence. In this context, n refers to cases where
the source sentence does not provide an explicit
gender marker for that role. It represents the ab-
sence of gender specification rather than a gen-
der category, and does not capture non-binary
or gender-diverse identities. By combining these
markers across the two roles, we derive the thir-
teen configurations presented in Table 1.
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ID  Configuration
1 A is masculine
2 A is feminine
3 B is masculine
4 B is feminine
5 A is masculine and B is neutral
6 A is feminine and B is neutral
7 A is neutral and B is masculine
8 A is neutral and B is feminine
9 Both A and B are masculine
10 A is masculine and B is feminine
11 A is feminine and B is masculine
12 Both A and B are feminine
13 Both A and B are neutral
Table 1: Gender-role configurations based on

the proposed taxonomy.

This structured approach allows us to move
beyond individual role accuracy and quantify
how gender assignments for one entity influence
the translation of the other. For example, we
can examine whether the translation of Role A
differs when Role B is m versus when Role B is
f or n . Furthermore, symmetric configurations
such as “A is m and B is f” and “A is f and B is
m” allow for a balanced comparison of cross-role
behavior and potential asymmetries.

Unlike benchmarks that focus on a single
referenced entity per sentence, our proposed
taxonomy treats both roles as independent units
of evaluation. This design allows both roles to
be evaluated independently and jointly, provid-
ing the basis for the conditional interaction met-
ric introduced in Section 4.

3.3 Dataset

Based on the taxonomy described in Sec-
tion 3.2, we constructed a Hindi-English eval-
uation dataset, BRIDGE-MT, that instantiates
the defined role-gender configurations. The
objective is to represent controlled gender as-
signments across co-occurring occupational roles
within grammatically natural Hindi sentences.
We selected 27 pairs of occupational roles,
denoted as Role A and Role B. These occu-
pations are chosen because they are commonly
used in Hindi-language contexts, have clear lex-
ical realizations in both Hindi and English, and
are contextually appropriate within the Indian

subcontinent where Hindi is predominantly spo-
ken.

We specifically selected only those occupa-
tions that are expressed in gender-neutral forms
in Hindi. For example, the role frgm (kisan,
‘farmer’) can refer to both m and f individuals.
By using neutral job titles such as fh&H, we
ensure that gender is marked through pronouns
and verb agreement rather than the occupation
name itself. This design choice enabled us to
isolate the influence of grammatical gender cues
and to measure how accurately an MT model
handles them at the sentence level.

For each occupational pairing, sentences
are manually constructed to reflect the intended
configuration using natural sentence structures.
For illustration,

¢ A single-role configuration (Role A:

m) is realized as:

Hindi: ARy 3 adman foh ag gt Sira s
Transliteration: Librarian ne bataya ki
vah suchi jaanch karega.

English: The librarian said that he would
check the list.

Here, the occupation “@gsiad” (librar-
ian, ‘librarian’) is marked with m agree-
ment through the verb form “@m” (karega,
‘karega’).

o A two-role configuration (Role A: m,
Role B: f) is realized as:

Hindi: 331 = sraqrar fos ag Suehzor Sird s
Stafch TR A gl foh ag fasatwor ferett
Transliteration: Vaigyanik ne bataya ki
vah upakaran jaanch karega, jabki patrakar
ne kaha ki vah vishleshan likhegi.
English: The scientist said he would check
the equipment, while the journalist said she
would write the analysis.
In this example, gender is encoded sep-
arately for each role through verb agree-
ment: m through “@AM” (karega, ‘karega’)
for “dRM®R” (vaigyanik, ‘scientist’) and
f through “foRdft” (likhegi, ‘write’) for
“OAhR” (patrakar, ‘ournalist’).

¢« A mixed configuration (Role A: m,
Role B: n) is realized as:

Hindi: =rarefier = gt for ag vk svet gomam,
3t IRt TTaTE o ShITST e H Swd ol
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Transliteration: Nyayadhish ne kaha ki
vah nirnay kal sunayega, tabhi vakil gavahi
ke kagaz jutane mein vyast tha.
English: The judge said he would deliver
the verdict tomorrow, while the lawyer was
busy collecting the evidence papers.
In this example, Role A “SImRTERT” (nyayad-
hish, ‘judge’) is marked with m agreement
through the verb form “FATIM(sunayeya,
‘would ~deliver’), while Role B “dehlct”
(vakil, ‘lawyer’) appears without an explicit
gender-specific pronoun. Therefore, Role B
is treated as n within the taxonomy because
it does not have a clear gender marking.

The dataset consists of 351 Hindi-English
sentence pairs, created from 27 role pairs across
13 configurations. It is designed as a controlled
evaluation benchmark rather than a large-scale
corpus, with the aim of analyzing interaction-
driven gender behavior. Evaluation is con-
ducted at the role level, meaning that sentences
containing two occupational roles provide two
independent gender predictions. This results in
594 role-level evaluation instances to compare
across m, f, and n assignments.

A randomly sampled subset comprising
10% of the source Hindi sentences was indepen-
dently translated by a second bilingual trans-
lator. These translations were then compared
with the original references to verify agreement
and gender consistency. No discrepancies were
observed in the sampled subset.

4 Measuring Interactions and
Dependencies

Existing benchmarks such as WinoMT and
WinoMT-Hindi evaluate gender behavior pri-
marily through aggregate metrics such as accu-
racy and AG. While this provides insight into
overall gender asymmetry, it does not capture
dependencies between co-occurring roles within
the same sentence.

Since our dataset contains sentences with
two occupational roles, it enables conditional
analysis. In such settings, the translation be-
havior for Role A may depend on the gender
assignment of Role B, and vice versa. To exam-
ine this phenomenon, we propose a conditional
interaction metric, denoted as Al.

However, interaction can only be meaning-
fully measured when both roles are explicitly
gendered. If one role is neutral or absent, cross-
role dependency cannot be evaluated. For this
reason, the interaction metric is computed only
on the subset of sentences where both Role A
and Role B are assigned explicit m or f gender
labels.

4.1 Role-Level Evaluation

In our dataset, the intended gender of each role
is predefined by the taxonomy configuration (cf.
Section 3.2). We refer to this predefined assign-
ment as the gold gender of the role.

Evaluation is conducted at the role level.
For each role r € {A, B}, we compute F'1 scores
separately for m and f predictions by comparing
system outputs against the gold gender label.
Following prior work, overall gender asymmetry
for a role is quantified using (1):

AG:"n_f = Flr(m) - Flr(f) (1)

While evaluating MT systems, the absolute
value of AG™~/ should ideally be close to zero,
indicating balanced performance across m and f
instances. In addition to the standard measure,
AG™=/ | we introduce two neutral-comparison
asymmetry measures that incorporate neutral-
labelled configurations, as in (2) and (3):

AG" = F1,.(m) — F1,(n) (2)
AGI™" = F1,(f) — F1,(n) (3)
These measures extend the standard

AG™=/ formulation by replacing one gender
class with n instances. They allow us to quantify
how system performance on explicitly gendered
roles differs from that in n configurations. To
the best of our knowledge, neutral-comparison
asymmetry measures have not yet been explic-
itly studied in MT evaluation. While these addi-
tional comparisons provide further insight into
role-level behavior, they are not used in the com-
putation of the proposed conditional interaction
metric.

4.2 Conditional Interaction Definition

To measure interaction, we condition the bias
of one role on the gold gender of the other role,
using only the fully gendered configurations: (i)
both A and B are masculine, (ii) A is masculine
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and B is feminine, (iii) A is feminine and B is
masculine, and (iv) both A and B are feminine.

For Role B, we compute conditional bias
values using (4) and (5):

AGBja=m = Fl(B=m|a=m) — Fl(B=f|a=m)

(4)

AGp|a=f = Flp=mla=f) = Flp=fla=p) (5)

Similarly, for Role A,
AGA\B:m and AGA|B:f-

Then the interaction terms are computed
using (6) and (7):

Alp = AGpja=m — AGpja=f

we compute

(6)
(7)

These quantities effectively measure how
the bias associated with one role influences the
gender of the co-occurring role. Our proposed
interaction metric is interpreted as follows: (i)
(i) if AT4 = 0 and Alp # 0, Role A influences
Role B, (ii) if Al4 # 0 and Al = 0, Role B
influences Role A, (iii) if both are non-zero, mu-
tual interference is present, and (iv) if both are
zero, no measurable interaction is observed. Un-
like AG, which measures overall asymmetry for
a single role, AI captures cross-role dependency
under controlled dual-gender configurations.

Alx = AGA1B=m — AG 4=y

5 Experimental Setups

To evaluate gender behavior within our pro-
posed taxonomy, we examined a range of
Hindi-English MT systems representing both
commercial production environments and aca-
demic research. On the commercial side,
we evaluated Google Translate® and Amazon
Translate, which are production-level NMT
systems available via public interfaces and
APIs. We also evaluated IndicTrans2,”(Gala
et al., 2023) an open-source multilingual MT
system. In addition, we evaluated four
3https://translate.google.com

4https://aws.amazon.com/translate
Shttps://github.com/Al4Bharat /IndicTrans2

instruction-tuned LLMs capable of perform-
ing translation via prompting: Llama 3.1 8B
Instruct® (Grattafiori et al., 2024), Qwen3-
4B"(Yang et al., 2025), TranslateGemma-12B-
IT®(Finkelstein et al., 2026), and Gemma-3-4B-
ITY(Team et al., 2025). This selection allows
us to compare traditional encoder-decoder MT
systems and LLMs under the same controlled
evaluation setting.

Each system translates all 351 Hindi sen-
tences into English. Each sentence is trans-
lated independently, and the outputs are used
directly for evaluation without post-editing or
manual correction. For LLMs, translation is
performed in a controlled setting to minimize
variations. Models are prompted to produce
only the English translation of the Hindi input,
without additional instructions or paraphrasing.
Sampling-based decoding methods are disabled,
and decoding parameters are set to ensure con-
sistent outputs. As a result, each model gener-
ates a single translation per sentence. This con-
trolled setup reduces decoding-related variance,
making model differences easier to interpret.

5.1 Gender Extraction and Role-Level
Scoring with Skipped Cases

Evaluation follows the role-level framework de-
fined in Section 4.1. For each role, the gold
gender is determined directly from the taxon-
omy, while the predicted gender is extracted
from the translated English output, and iden-
tified using explicit markers (e.g., he, him, and
his) for m and (e.g., she, her, and hers) for f in
the English translations. If no clear marker is
present in configurations where gender is speci-
fied, the instance is treated as failing to preserve
the intended gender. This includes cases where
the system produces gender-neutral paraphrases
that omit pronouns entirely.

Note that neutral-labelled configurations
were also included in the role-level evaluation
using the metrics AG™™™ and AG{™" defined

Shttps://huggingface.co/meta-llama/Llama-3.1-8B-Instruct

Thttps://huggingface.co/ Qwen/Qwen3-4B
8https://huggingface.co/google/translategemma-12b-it
Yhttps://huggingface.co/google/gemma-3-4b-it

Proceedings of the 17th Conference of the Association for Machine Translation in the Americas,

Québec City, Canada, August 31 - September 2, 2026. Volume 1: Research Track

Page 95



in Section 4.1. Additionally, if a system’s output
does not contain a lexical form that corresponds
to the gold occupation, the instance is marked
as a skipped case and excluded from scoring.
These instances typically occur when the target
occupation undergoes mistranslation, substitu-
tion, or lexical alteration, resulting in a loss of
semantic correspondence with the intended role.
For instance, consider the following translation:

Source sentence (Hindi): It = Tdhd fohar foh
I8 WE-URE T T, de-iar G 3 gan fos a8
fararur-u &t sifaw g &

Transliteration: Chef ne sanket kiya ki vah
swaad-parakh poori karega, tadanantar sachiv
ne bataya ki vah vivaran-patra ko antim roop
degi.

English (Gold): The chef indicated that he
would complete the tasting, after which the sec-
retary said she would finalize the detail sheet.
Qwen3-4B Output: Sheikh indicated that he
would complete the taste test, and then the sec-
retary said that she would finalize the details
letter.

In this case, Role A (“chef”) is mistrans-
lated as “Sheikh”. Since the translated word
does not correspond to the intended occupation,
the gender associated with that role cannot be
reliably evaluated. Therefore, Role A is treated
as a skipped case and excluded from scoring.

For role-level metrics, valid roles are eval-
uated independently even if the other role in
the sentence is skipped. However, for the con-
ditional interaction metric, both roles must be
correctly identified. If either role is skipped, the
sentence is excluded from interaction analysis.

5.2 Evaluation Metrics

We measured role-level accuracy and gender
asymmetry AG™~f, following the standard
benchmark evaluation framework. We com-
puted AG™ " and AGf~" to analyze perfor-
mance differences between gendered and neutral
configurations. The interaction metric (AT), de-
fined in Section 4, was computed on the fully
gendered dual-role subset. To provide an over-
all measure of translation quality, we addition-
ally report BLEU (Papineni et al., 2002), chrF++
(Popovié, 2017), and COMET (Rei et al., 2020)
scores for all evaluated systems.

System chrF++ BLEU COMET
Google Translate 63.61 41.95 0.8210
Amazon Translate 59.06 34.42 0.8125
IndicTrans2 60.13 37.16 0.8118
Llama 3.1 8B Inst. 56.67 29.54 0.8020
Qwen3-4B 55.02 29.82 0.8028
TranslateGemma-12B 57.13 29.80 0.8153
Gemma-3-4B 57.91 32.15 0.8099

Table 2: Performance of the MT systems on the
BRIDGE-MT dataset.

6 Results and Discussions

We report results for all evaluated systems on
the BRIDGE-MT dataset, using evaluation met-
rics discussed in Section 5.2. Table 2 presents
translation quality results and serves as a gen-
eral performance baseline across systems. While
all systems maintain relatively high translation
quality, there is notable variance in scores be-
tween the top-performing commercial engines
and LLMs. Tables 3, 4, and 5 summarise over-
all role-level performance (combined and role-
wise), while Table 6 presents conditional inter-
action results on the fully gendered subset.

6.1 Overall Role-Level Performance

Table 3 presents overall results across both roles.
Among the evaluated MT systems, Google
Translate achieves the highest overall accuracy
(77.21%), followed by IndicTrans2 (74.16%) and
Amazon Translate (70.82%). Google Translate
and IndicTrans2 exhibit nearly balanced perfor-
mance across m and f instances, with AG™~/
values close to zero (—0.0005 and 0.0022, re-
spectively). In contrast, Llama 3.1 8B In-
struct shows a large positive AG™~F (0.2336),
reflecting substantially higher F1 for m in-
stances than f instances. Gemma-3-4B-1T
also exhibits noticeable asymmetry (AG™~/ =
0.1293). Qwen3-4B and TranslateGemma-12B-
IT show smaller but still positive AG™~f val-
ues.

Across all systems, performance on neutral
instances is lower than on explicitly gendered
cases. This suggests that the absence of explicit
gender cues introduces additional difficulty in
translation. Skipped cases remain relatively low
for most systems, with the exception of Qwen3-
4B (71 skipped cases) and Llama 3.1 8B Instruct
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System Acc (%)  F1(m) F1(f) Fl(n) AG™—f AG™ ™ AG/~™ Skipped
Google Translate 77.21 0.8438 0.8443 0.4486  -0.0005 0.3952 0.3958 6
Amazon Translate 70.82 0.7717 0.7524 0.4579 0.0194 0.3138 0.2944 1
IndicTrans2 74.16 0.8048 0.8026 0.4706 0.0022 0.3342 0.3320 2
Llama 3.1 8B Instruct 51.05 0.6028 0.3691 0.4278 0.2336 0.1749 -0.0587 26
Qwen3-4B 69.79 0.7561 0.7362  0.4848 0.0199 0.2713 0.2514 71
TranslateGemma-12B-IT 68.13 0.7524 0.7378 0.4298 0.0146 0.3227 0.3081 1
Gemma-3-4B-IT 54.82 0.6293 0.5000 0.4240 0.1293 0.2053 0.0760 3

Table 3: Overall role-level results across both roles combined (594 instances). Accuracy, F'1 scores
for masculine (m), feminine (f), and neutral (n) instances, overall gender asymmetry (AG), neutral-
comparison asymmetry measures (AG™~", AG/~™"), and number of skipped cases are reported.

System Acc (%)  F1(m) F1(f) Fl(n) AG™-1 AG™ ™ AG/~" Skipped
Google Translate 80.28 0.8770 0.8710 0.4285 0.005 0.4485 0.4425 1
Amazon Translate 77.49 0.8307 0.8358 0.4587 -0.0051 0.3721 0.3771 0
IndicTrans2 81.66 0.8733 0.8888 0.4727 -0.0155 0.4006 0.4161 2
Llama 3.1 8B Instruct 57.49 0.6560 0.4888 0.4242 0.1672 0.2318 0.0646 24
Qwen3-4B 72.96 0.7875 0.7665 0.4800 0.0209 0.3075 0.2865 44
TranslateGemma-12B-IT 72.57 0.7973 0.7777 0.4354 0.0196 0.3619 0.3422 1
Gemma-3-4B-IT 56.73 0.6611 0.5192 0.3970 0.1417 0.2639 0.1222 2
Table 4: Role-wise evaluation: Role A only
System Acc (%) F1(m) F1(f) Fl(n) AG™ 1 AG™ ™ AGf~" Skipped
Google Translate 72.69 0.7917 0.8022 0.4706 -0.0105 0.3210 0.3316 5
Amazon Translate 61.16 0.6872 0.6053 0.4571 0.0820 0.2301 0.1481 1
IndicTrans2 63.37 0.7029 0.6589 0.4684 0.0440 0.2345 0.1904 0
Llama 3.1 8B Instruct 42.32 0.5267 0.1864 0.4313 0.3402 0.0953 -0.2449 2
Qwen3-4B 65.28 0.7106 0.6861 0.4897 0.0245 0.2208 0.1963 27
TranslateGemma-12B-IT 61.72 0.6859 0.6708 0.4237 0.0151 0.2622 0.2470 0
Gemma-3-4B-1T 52.07 0.5812 0.4706 0.4561 0.1106 0.1251 0.0144 1
Table 5: Role-wise evaluation: Role B only
System AGB\A:m AGB|A:£ Alp AGA|B:m AGA|B:f ATy
Google Translate 0.0333 -0.0014 0.0348 0.0043 0.0000 0.0043
Amazon Translate 0.6036 0.0168 0.5868 0.0342 0.0231 0.0111
IndicTrans2 0.3105 -0.0387 0.3492 -0.0077 -0.0014 -0.0063
Llama 3.1 8B Instruct 0.2778 0.4703 -0.1926 0.1065 0.0768 0.0296
Qwen3-4B 0.0439 0.0873 -0.0435 0.0108 0.0366 -0.0258
TranslateGemma-12B-1T 0.1357 0.0015 0.1342 0.0687 -0.0222 0.0909
Gemma-3-4B-IT 0.2456 0.1392 0.1063 0.2193 0.1576 0.0618
Table 6: Conditional Interaction Results (Fully Gendered Subset)
(26 skipped cases). ble 4), MT systems perform strongly. Indic-

6.2 Role-Wise Analysis

Tables 4 and 5 present results for Role A and
Role B respectively. This breakdown allows us
to examine whether systems behave differently
depending on entity position. For Role A (Ta-

Trans2 achieves the highest accuracy (81.66%),
followed closely by Google Translate (80.28%)
and Amazon Translate (77.49%). AG™~/ val-
ues for these systems are small in magnitude,
indicating balanced m-f behavior for the first
role. As for Role B (Table 5), performance de-
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creases across all systems. Google Translate ac-
curacy drops from 80.28% (Role A) to 72.69%
(Role B). Amazon Translate shows a substantial
decrease (77.49% to 61.16%), and IndicTrans2
similarly declines (81.66% to 63.37%).

Overall, the role-wise breakdown reveals a
consistent position effect across systems. Role
B not only achieves lower accuracy than Role
A but also, in several cases, exhibits larger gen-
der asymmetry. This observation motivates the
need for conditional interaction analysis.

6.3 Conditional Interaction Results

Table 6 presents conditional interaction scores
computed on the fully gendered subset. For
Google Translate, both Al (0.0348) and Aly
(0.0043) are close to zero. This indicates rel-
atively stable behavior, as the gender assigned
to one role has minimal effect on the gender re-
alization of the other role. Amazon Translate,
however, shows a very large Al value (0.5868),
while AT, remains small (0.0111). This sug-
gests strong directional interaction, with the
gender of Role A substantially influencing the
gender realization of Role B, but not vice versa.
IndicTrans2 also shows noticeable interaction
for Role B (AIp = 0.3492), though smaller
than Amazon Translate. Interaction for Role
A remains negligible (—0.0063). Among LLM-
based systems, interaction patterns vary. Some
models show moderate interaction in both di-
rections, while others show limited dependency
between roles.

A consistent pattern across several systems
is that |[AIp| tends to be larger than |Al4|. This
aligns with the earlier role-wise findings, which
indicated that Role B showed greater instability
and lower accuracy. Overall, the second role in
the sentence appears more sensitive to the gen-
der of the first role.

7 Conclusions

In this paper, we investigated gender bias in
Hindi-English MT within multi-entity contexts.
By introducing a structured taxonomy and the
BRIDGE-MT dataset, we moved beyond single-
role evaluation to quantify how co-occurring oc-
cupational roles influence translation outcomes.

Our empirical analysis showed that MT sys-
tems perform more consistently on explicitly

gendered configurations than on neutral ones.
We also observed a consistent position effect:
Role B typically shows lower accuracy and, in
several cases, larger gender imbalance than Role
A. Conditional interaction analysis further sug-
gests that cross-role effects vary across the MT
systems, with some systems exhibiting stable
behavior and others showing strong directional
influence, most often from Role A to Role B.
Overall, this work highlights the impor-
tance of evaluating gender behavior beyond
single-entity settings, where dependencies be-
tween roles may affect translation outcomes.
As future work, we plan to explore miti-
gation strategies for reducing interaction-driven
asymmetries and to extend this analysis to
additional languages, including other gender-
marking language pairs and larger datasets.
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