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Abstract

Do large language models (LLMs) model lin-
guistic variation? We investigate this question
through Hindi-English (Hinglish) verb code-
mixing, where speakers can use either a Hindi
verb or an English verb with the light verb
karna (‘do’). Both forms are grammatical, but
speakers show unexplained variation in lan-
guage choice for the verb. We compare human
preferences on controlled code-mixed minimal
pairs to LLM perplexities spanning families,
sizes, and training language compositions. We
find that current LLMs do not reliably clas-
sify verb language preferences to match native
speaker judgments. We also see that with spe-
cific supervision, some models do predict hu-
man preference to an extent. We release (here)
native speaker acceptability judgments on 30
verb pairs, perplexity ratios for 4,279 verb pairs
across 7 models, and experimental materials.

1 Introduction

The point isn’t whether a text produced
by any system contains words from more
than one language - it is rather whether
they’re mixed in the way that a bilingual
human might. (Sterner and Teufel, 2025)

Social Science and policy researchers are increas-
ingly using LLMs as human behavioral proxies: to
simulate American survey responses on new sur-
veys (Hewitt et al., 2024), qualitative interviewing
of replicas fine-tuned on thousands of real demo-
graphic backstories (Argyle et al., 2023), and more.
However, parallel literature also finds that LLMs
are not grounded in human motives or embodiment,
so in scenarios requiring strategic thinking, genuine
uncertainty (Gao et al., 2025), or deeply subjective,
story-driven research (Kapania et al., 2025), LLMs
cannot be a reliable proxy for human psychology.

∗Equal contribution

Meanwhile, linguistics research shows us that
LLMs are already good at making human-like de-
cisions on grammaticality judgments across lan-
guages (Jumelet et al., 2025) but struggle at match-
ing human linguistic intuition in novel contexts like
suffixing nonce adjectives (Weissweiler et al., 2025).
These debates prompt us to think that while mod-
eling human social behavior is a complex task be-
cause of its high subjectivity, to what extent do
LLMs model human linguistic variation?

We test this question on the phenomenon of
Hindi–English (Hinglish) verb code‑mixing: As
shown in Fig.1, for a given Hindi predicate, na-
tive speakers can use either a Hindi verb or an En-
glish verbal noun followed by the Hindi verbalizer
karna (‘to do’). We find this phenomenon a neat test
of LLM-human linguistic variation alignment as:
(a) Replacing the Hindi verb in a sentence with its
Hinglish counterpart does not make it ungrammati-
cal, (b) however native speakers find some Hinglish
verbs awkward to mix, some comfortable, and some
where they’re preferred over the Hindi verb. (c) the
phenomenon hasn’t been explained theoretically.

Figure 1: Hindi vs. Hinglish code-mixed at verb, for:
They(3PL) + are(be.PRS.PL) + danc-ing(dance-PROG).

We design an experiment to collect human pref-
erences over 30 verbs of varying degrees of mixa-
bility in context of sentence pairs (Fig.1) and com-
pare them to LLM perplexity ratios on the same.
Our findings show that LLMs –across, sizes, fami-
lies, and degrees of Hindi-English bilingual train-
ing data– do not model human linguistic variation
shown by this phenomenon. Careful feature selec-
tion and supervision showed the highest (but insuffi-
cient) alignment only by using Sarvam-1 (AI, 2024)
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(F1=0.81) and doesn’t generalize across models.
Apart from the broader findings on LLM usabil-

ity for linguistic variation studies, this work also
provides the first systematic evaluation of human
preferences for Hinglish verb code-mixing. We re-
lease native bilingual preference ratings focused on
this phenomenon for 30 verb pairs, perplexity ratios
for 4,279 verb pairs across 7 base LLMs.

2 Background

2.1 Code-mixing and the Do verb in Hinglish
Code‑mixing is used to describe the process of na-
tive speakers embedding words or phrases from one
language (embedded) into the grammatical struc-
ture of another (matrix) (Myers-Scotton, 1997).

In Hinglish code-mixing, Hindi is typically the
matrix, and mixing is mostly insertional, i.e. En-
glish items put into Hindi frames. So, English
words combine in ways (e.g., taking Hindi postpo-
sitions) to maintain grammaticality. These account
for the grammatical shape, but also leave room for
choice in which words to mix and how often, vary-
ing across items and speakers (Bali et al., 2014).

Predicates are majorly expressed in two ways:
either the native Hindi verb, or an English noun/ad-
jective followed by the Hindi light verb karna (do)
(Dey and Fung, 2014). Both versions are grammat-
ical, as the pattern of mixing aligns with how Hindi
compound verbs work independently: the first el-
ement contributes core lexical meaning, while the
light verb (e.g., karna) supplies functional morphol-
ogy (e.g. tense) (Kumar, 1986). However, as shown
by Fig.1 (common) and Fig.2 (unacceptable), not
all Hinglish mixes are equally natural to natives.

Figure 2: Unnatural but grammatical, for: (It(EXPL) +
is(be.PRS.PL)) + easy(easy) + to(INF) + eat(eat).

2.2 Acceptability Variation and Why its
Difficult to Model

The naturalness acceptability variation in code-
mixing thus lies on a continuum. Bali et al. (2014)’s
frequency-based corpus analysis shows: extreme
conditions - highly frequent English items that are
readily mixed vs. near-absent ones that speakers
avoid, and a large middle where both Hindi and
English variants are used with comparable rates.

(a) kiss - चूम (b) change - बदल (c) tear - फाड़

Figure 3: Human preference histograms. x-axis: En
to Hi-preferred (1-7), y-axis: # ratings (0-12) on all
fairly frequent verbs. kiss is preferred at Fig.3a, फाड़ is
preferred at Fig.3c, while Fig.3b shows easy mixability

However, as Fig.3 shows, in the case of even
fairly frequent verbs in Hinglish, we observe all
3 parts of the continuum. There is no theory that
fully explains Hinglish verb-mixing variation yet.
This could happen due to various reasons in ad-
dition to lexical frequency: Domain dominance
(English forms are preferred in tech, work, pop
culture), No native substitute / lexical gap (proper
nouns, terms of art), Degree of bilingualism (Dey
and Fung, 2014), Attitudes toward mixing (positive
= higher acceptability) (Badiola et al., 2018).

Recent empirical work in Hinglish1 by Kodali
et al. (2025) shows that structure-only metrics of
“mixing” in a sentence: Code-Mixing Index (Gam-
bäck and Das, 2016), simple number-of-switch
counts (Pratapa et al., 2018), correlate poorly with
human acceptability. In contrast, fine-tuned multi-
lingual language models (LMs) trained on human
judgments substantially outperform such metrics at
distinguishing natural vs. awkward code-mixed sen-
tences. This shows that fine-tuned LMs can capture
general Hinglish acceptability to some extent.
Our focus: We thus specifically study the verb

code-mixing phenomenon inHinglish, as it presents
an isolated, interpretable test for base LLM align-
ment to human linguistic variation.

3 Data

Preference data was prepared by constructing Hindi
frames (Sec.3.2), scraping Hindi-English verb
pairs to insert in the frames (Sec.3.1), and present
them in different orthographies/forms (Sec.3.3).

3.1 Verb Pairs

The verb pairs were obtained from Indowordnet
(Bhattacharyya, 2010) parallel lexicon. It was pre-
processed (App.B) to retain verbs, remove phrases,
etc., yielding a total of 4,279 unique verb pairs.

1Prevalent online (Sengupta et al., 2024) and is a part of
LLMs’ training as seen empirically (Yang and Chai, 2025).
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Frames Gloss Meaning

wo X (kar) rahe hain 3PL/SG X (do) PROG be.PRS.PL ‘They are X-ing’

X(kar)na aasan hai X (do.)INF easy be.PRS.SG ‘Doing X is easy’

wo kal X (kar) chuke the 3PL/SG yesterday X (do) finish.PERF be.PST.PL ‘They had finished doing X yesterday’

X( kar)na mana hona chahiye X (do.)INF forbidden be.INF should ‘Doing X should be forbidden’

wo aaram se X( kar)te rahenge 3PL/SG ease with X (do.)HAB continue.FUT.PL ‘They will keep doing X’

Table 1: Hindi (and English) frame templates with glosses and translations. X marks the spot of the verb.

3.2 Frames
We make 5 Hindi frames (Tab.1) to control for:

1. Length: Frames are max. 6 words (∼12-15
tokens) as LLM perplexities get less reliable
and interpretable with length (Hu et al., 2024).

2. Grammaticality: Frames are grammatical
with Hindi verbs and the Hinglish parallels.

3. Minimal confounds: Verb is the only content
word, with max. one subject (third person, plu-
ral (3PL) pronoun, in the nominative case).2

4. Verbal confounds: Frames contain variants
of verb positions, adverbs (positive/negative),
and grammatical features (e.g. tense, aspect).3

3.3 Forms
We consider three orthographies for digital Hindi:

(a) Devanagari: Native script (e.g., वो नाच रहे है)ं
(b) Casual Latin: Native speaker romanization in

free variation (e.g., wo naach rahe hain)
(c) Formal Latin: Standardized rule-based

transliteration (Gupta et al., 2010) (e.g., vo
naacha rahe hain). While not commonly in
use, they are still often readable with very little
training (e.g., ITRANS, WX notation)

We transliterated Devanagari using GPT-4.1 with
iteratively refined prompts by native speaker evalu-
ation. Complete prompts, development processes,
and statistical analyses are provided in App.A.4

4 Experimental Design

4.1 LLM Preferences
4.1.1 Model Choices
We choose 7 open-weights LLMs: Gemma3-1B,
-4B, -12B (Team et al., 2025), Llama3.1-8B, -70B

2In Hindi, the 3PL form (wo) does not need differential
verb inflection and works with all nouns.

3Modality variations make frame lengths more disparate as
they are marked by auxiliary particles in Hindi verb phrases.

4The five frames for both the Hindi and English verb coun-
terparts in all three transliterations are presented in Tab.11.

(Grattafiori et al., 2024), Qwen3-32B (Yang et al.,
2025), and Sarvam-1 (2B)5. These choices repre-
sent popular architectures, sizes, model families,
and training language mixes. Different model sizes
within the same family help us examine scaling ef-
fects. Note that we also used each model’s base
version, as the aim is to assess existing models’
latent alignment with human preferences, not to
align LLMs to them. Finally, aside from Sarvam-1,
none of these models are trained from scratch on
substantial mixtures of Indic languages.6

4.1.2 Measuring LLM Preferences
We quantify an LLM’s preference for a sentence
using perplexity. For a sentence x1:N of length N ,
the perplexity under model θ is defined as

pplθ(x1:N ) = exp

(
− 1

N

N∑

i=1

log pθ(xi | x<i)

)

(1)
which corresponds to the model’s average per-token
surprise (Eqn.1). To compare a Hindi sentence with
its English counterpart, we use the perplexity ratio
as our metric. For a given Hindi sentence xhi (in
any of the three forms) and its English version xen,
we define the following ratio (Eqn.2)

PRθ(xhi, xen) =
pplθ(xhi)

pplθ(xen)
(2)

A note on why surprisal/perplexity is a reason-
able unsupervised proxy for model preference:
Our goal is to compare models’ relative prefer-
ence between two minimally different but gram-
matical sentences. Computational linguistics (like
psycholinguistics (Hale, 2001; Levy, 2008)) eval-
uates models’ preference signal between minimal-
pairs by using higher probability/lower surprisal

5Run using Hugging Face Transformers (Wolf et al., 2020)
with BF16 quantization, on 2x NVIDIA RTX 6000 GPUs
running for 10 GPU hours. Refer App.C for more details.

6We also considered closed-source models, but their APIs
did not support extracting logprobs for sequences, full prob-
ability distributions or token-level cross-entropies, rendering
them unsuitable for our perplexity-based analysis.
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as a proxy, e.g., BLiMP-style paradigms (Warstadt
et al., 2020;Marvin and Linzen, 2018). We use PRθ

similarly, but target preference under grammatical
equivalence rather than judging grammaticality.

However, absolute perplexity is not compara-
ble across languages, models, and is sensitive to
tokenization/orthographic choices. In contrast,
PRθ(xhi, xen) is computed and compared within
model, frame, and orthography on matched sen-
tences, thus reducing confounds. Under this design,
a lower PRθ corresponds to the model assigning
lower average surprise to the Hindi variant thus
preferring it over English verb in Hindi frame.

4.2 Human Preferences
4.2.1 Participants
Participants were recruited via Prolific (2025), in-
clusion criteria required participants to be: 18-65
years old, native Hindi speakers, and fluent in En-
glish. We collected responses from 18 participants,
removed an outlier on the basis of z-score analy-
sis on responses, and 3 others due to incomplete
preference data, yielding 14 for the final analysis.7

4.2.2 Data Curation
We sampled 30 verb pairs and selected 1 form, as
collecting human judgments for all 4,279 verb pairs
across 15 conditions (5 frames x 3 forms) would be
expensive (Sterner and Teufel, 2025):
Verb Pairs: We sample 30 verb pairs for the

Human experiment using a hybrid strategy. First,
we use k-means clustering using 18 features for each
pair: Llama3.1-70B8 PRθ for all 15 combinations
(5 frames x 3 forms) + min, max, and std. deviation.
This results in 4 clusters from which we randomly
sample 100 pairs (25 per cluster) ensuring diversity
and coverage in terms of LLM preference.

From these 100, two native speaker judges fil-
tered 30 verb pairs (Tab.13) to cover a range, e.g.
some pairs where both verb choices are common,
some “extreme” pairs where one verb is more infre-
quent compared to its counterpart, etc.9
Form: We conducted a preliminary survey to

determine native speaker preferred form. 32 partic-
7Demographics summary can be found at App.D
8We use this model for generating the features as it is ex-

pected to have seen the most data (as compared to other models
in the set) thus minimizing effects due to OOD issues.

9We adopt a hybrid strategy because our study aims to ob-
serve emergent patterns from human preferences rather than in-
advertently impose them through sampling conditions, chang-
ing it would alter the number of verbs per group, but not the
underlying ground-truth human data or observed preferences.

Figure 4: Preference distribution across 3 orthographies.

ipants of varying demographics were shown sen-
tences in all 3 forms, formed with a curated set of
5 visually different Hindi verbs 10.

We decide to use Casual form as it is more com-
parable to how English verbs are presented and are
more natural to native speakers. Note that Devana-
gari was almost equally preferred (p > 0.05, Fig.4),
while Formal Latin was much lower in preference
(ANOVA with post-hoc t-tests, p < 0.05).11

Figure 5: Experiment Screen

4.2.3 Measuring Human Preferences
The experiment was implemented using Psytoolkit
(Stoet, 2010, 2017)12. Each participant rated their
preference between 2 sentences of the same frame
and verb pair over 50 sentences (after 5 practice
trials) on a 7-point scale, Fig.5. Verb pairs (and lan-
guage sides) across frames were counterbalanced
across participants over 150 sentence pairs. After
outlier removal, 699 ratings across 100 sentences,
provided by 14 participants, were analysed.

5 Analyses

We present our findings in a series of analyses, be-
ginning with understanding how the data looks like,
i.e. human judgment patterns on the verb pairs, and

10Based on factors like length, consonant cluster presence.
11This is because most native speakers are unaware of stan-

dardization rules meant for computational consistency.
12Instructions and Consent can be found at Figs. 6-7.
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then evaluating model alignment through three con-
nected experiments. Each experiment ends with
observations about model-human alignment.

5.1 Preference Classes & Analyses Overview
From the Human Preference experiments we ob-
served moderate inter-annotator agreement (ordinal
Krippendorff’s α = 0.365, on a 7-point scale), con-
firming variability in human judgments, within typ-
ical ranges in the field Kodali et al. (2025); Sterner
and Teufel (2025). We used a Monte Carlo simula-
tion test for uniformity to characterize this variation
(100,000 iterations, App.E). Verb pairs with non-
uniform distributions (p < 0.05) were then manu-
ally classified by distribution shapes (Fig.3)13:

1. UN (n=12): Uniform-like distributions (p >
0.05) = no clear preference, e.g. change-बदल

2. HIP (n=13): Strong right-skewed distribu-
tions = clear Hindi preference, e.g. tear-फाड़

3. ENP (n=3): Strong left-skewed distributions
= clear English preference, e.g. kiss-चूम

4. MP (n=2): MultiPeak = divergent speaker
groups/context dependence, e.g. imagine-सोच

We see that over half of the verb pairs elicited a
strong one-language preference (HIP, ENP), partic-
ularly favoring Hindi (unsurprisingly, given Hindi
native bilinguals and frames) while the rest showed
fair mixability (UN + MP). This shows that Hinglish
verb mixing acceptability lies on a spectrum and is
speaker & context dependent in some cases.

This gives us well-defined distribution-shape
based classes for a conservative evaluation of
model-human alignment. Although one could, in
principle, compare the full 7‑bin human preference
histograms to model outputs using distributional
distances such as the Wasserstein metric, doing
so would require an explicit calibration from the
scalar PRθ values (or their 15‑dimensional profiles)
to ordinal rating distributions, introducing addi-
tional modeling assumptions. Moreover, Wasser-
stein distances between empirical distributions can
be sample‑sensitive in small‑N regimes (Fournier
and Guillin, 2015; Panaretos and Zemel, 2019).

We therefore do a conservative intermediate test:
do models recover these classes of human linguistic
variation from PRθ features? In the first experiment
at Sec.5.2, we test whether models do so without
supervision via a coarse classification (HIP, ENP,
Mixable (UN+MP)), and then in Sec.5.3, 5.4 we
study supervised recovery of the full 4‑way labels.

13Tab.7 lists specific verb pairs in each category.

Model Name Accu-
racy

Macro-
Precision

Macro-
Recall

Macro-
F1

Gemma3-1b 0.37 0.24 0.28 0.21
Gemma3-4b 0.37 0.22 0.28 0.22
Gemma3-12b 0.37 0.30 0.28 0.22
Llama3.1-8B 0.40 0.36 0.39 0.33
Llama3.1-70B 0.33 0.20 0.25 0.20
Sarvam-1 0.20 0.28 0.32 0.20
Qwen3-32B 0.27 0.31 0.37 0.26
Random Baseline 0.27 0.29 0.37 0.27

Table 2: Exp. 1 stats, Bold = column best across models.

5.2 Exp. 1: Do LLMs model Human Variation
in Hindi-English Verb Code-Mixing?

This represents the hypothetical use case: a linguist
using an LLM as a proxy for human linguistic vari-
ation on novel items (Hinglish verb code-mixing).
Setup: For each verb pair, we conducted a ma-

jority vote across all 15 conditions based on their
PRθ. If a majority of the conditions (> 8) showed
the same language preference we label the verb as
HIP/ENP, and Mixable otherwise. This yielded
model predictions for all 30 verb pairs to compare
against human classes using classification metrics.
Results: Tab.2 shows:

• All models perform like the random base-
line (Macro-F1 = 0.27), none statistically sig-
nificantly different from it14. Only Llama3.1-
8B is slightly above baseline (F1 = 0.33).

• No positive model size effect: Scaling within
Gemma does not change performance, and
within Llama drops performance. Across fam-
ilies, Llama 70B performs identically to the
much smaller Sarvam 2B (F1 = 0.20).

• Pretraining language mixes do not help as
the only model (Sarvam-1) reportedly pre-
trained on a substantial Indic language mix,
performs the worst, while Qwen3-32B which
performs much better Chinese, also performs
better (near baseline) than Sarvam.

Model behavior patterns: Examining model
confusion matrices (Tabs.3-4) reveals strong but
random biases. Llama and Gemma prefer Hindi,
while Sarvam prefers English, misaligned with its
training composition. Qwen is more balanced but
is unrelated to humans. These patterns indicate that
model preferences neither reflect training distribu-
tions nor align with human acceptability.

14McNemar’s test on aggregated predictions after Bonfer-
onni corrections, p > 0.007.
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Human | Model Eng Hin Mix

EnglishPreferred (n=3) 0 2 1
HindiPreferred (n=13) 1 9 3
MultiPeak (n=2) 0 2 0
Uniform (n=12) 1 10 1

Total 2 23 5

(a) Llama3.1-70B

Human | Model Eng Hin Mix

EnglishPreferred (n=3) 1 2 0
HindiPreferred (n=13) 1 10 2
MultiPeak (n=2) 0 2 0
Uniform (n=12) 1 10 1

Total 3 24 3

(b) Llama3.1-8B

Human | Model Eng Hin Mix

EnglishPreferred (n=3) 2 0 1
HindiPreferred (n=13) 7 3 3
MultiPeak (n=2) 1 1 0
Uniform (n=12) 5 4 3

Total 15 8 7

(c) Qwen3-32B

Human | Model Eng Hin Mix

EnglishPreferred (n=3) 2 0 1
HindiPreferred (n=13) 8 3 2
MultiPeak (n=2) 1 1 0
Uniform (n=12) 9 2 1

Total 20 6 4

(d) Sarvam-1

Table 3: Confusion matrices for Llama, Qwen, and Sarvam models. Note Llama’s strong Hindi bias, Sarvam’s
English bias, and Qwen’s more balanced but still misaligned predictions.

Human | Model Eng Hin Mix

EnglishPreferred (n=3) 0 3 0
HindiPreferred (n=13) 1 10 2
MultiPeak (n=2) 0 2 0
Uniform (n=12) 0 11 1

Total 1 26 3

(a) Gemma3-1B

Human | Model Eng Hin Mix

EnglishPreferred (n=3) 0 2 1
HindiPreferred (n=13) 1 10 2
MultiPeak (n=2) 0 2 0
Uniform (n=12) 1 10 1

Total 2 24 4

(b) Gemma3-4B

Human | Model Eng Hin Mix

EnglishPreferred (n=3) 0 2 1
HindiPreferred (n=13) 3 10 0
MultiPeak (n=2) 0 2 0
Uniform (n=12) 0 11 1

Total 3 25 2

(c) Gemma3-12B

Table 4: Confusion matrices for Gemma model family. All variants show strong Hindi bias, no scaling effect.

Implication: Unsupervised LLMs do not model
human linguistic variation. A linguist asking
“which mix sounds more natural?” on a similar phe-
nomenon might receive responses no better than
chance. Llama 3.1-8B’s performance is not use-
ful in a novel linguistic variation study. Note that
the scaling is also not consistent with Sterner and
Teufel (2025)’s findings in the Llama family, where
scaling sizes made them more aligned to human
judgments in code-switching.

As models do not reliably recover even these
liberal classes from PRθ in the unsupervised setting,
we do not do a full 7-bin matching. We instead ask
“do LLMs supervised with some human judgments
reveal latent abilities to model the rest?”

5.3 Exp. 2(a): Supervised 4-way classification
This experiment represents the use case of an NLP
researcher leveraging LLMs as a proxy for human
judgments of linguistic variation on novel items
given access to some labeled gold data. If mod-
els contain systematic linguistic knowledge about
Hinglish verb mixing acceptability, this oracle ac-
cess to labels should reveal it.

Exp1 (Sec.5.2) showed LLMs do not model lin-
guistic variation in the phenomenon. We now test if
we can train classifiers built on PRθ based features
identified using some gold human labels to predict
verb mixability preference types.

Feature Setup: We use PRθ obtained from the
15 conditions as ‘features’, and compute Spearman
correlations between each of these and human rat-
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Feature set Accu- Macro- Macro- Macro-
racy Preci-

sion
Recall F1

All Selected Features 0.27 0.14 0.20 0.16
above w/o Sarvam 0.28 0.19 0.21 0.20
Best for Llama3.1-8B 0.43 0.43 0.53 0.43
Best for Llama3.1-70B 0.33 0.34 0.40 0.34
Best for Sarvam-1 0.43 0.41 0.35 0.34
Best for Qwen3-32B 0.33 0.28 0.30 0.29
Random Baseline 0.25 0.24 0.29 0.25

Table 5: Exp2(a) stats, Bold = column best.

ings. Note that we restricted this analysis to sen-
tences from HIP and ENP verb pairs (n=52), where
humans prefer one language clearly (Tab.10).
Features Selection: The correlation (based on

a grid of 7 (models) x 15 (features)) analysis re-
vealed heterogeneity across models. We prune non-
Devanagari Gemma features from the feature set as
they mostly showed positive correlations 15.

For the remaining models, we selected the four
frames in Devanagari16 that showed consistent neg-
ative correlations (all except X(kar)na aasaan hai).

Classification: We trained L2-regularized logis-
tic regression classifiers with balanced verb class
weights, grid search, and scaling to use the above
features over 10 repeated randomly sampled 80:20
train-test splits, ensuring fair class representation.
Results: Tab. 5 shows that:

• Performance remains weak all combinations
are near random baseline (p > 0.008).

• No model size effect emerges again after
exploring individual models’ features predic-
tive strength, (“Best for X”). Smaller models
(Llama 8B, Sarvam (2B)) match or outperform
bigger models (Llama 70B, Qwen 32B).

• Pretraining language mix seems to help as
Sarvam shows high accuracy with low Macro-
F1, because of wrong MP prediction.

Implication: For the NLP researcher, even with
human-labeled feature selection and exhaustive
search, 4-way classification is barely above base-
line. The optimal strategy to achieve better scores
required model-specific feature selection, thereby
decreasing utility, as this feature selection is model-
specific. Even then, most models’ best feature sets

15Opposite the desired negative direction where lower per-
plexity should indicate higher preference of Hindi verb.

16This is interesting as it was the only form where English
verbs were visibly in a different orthography (Latin) than the
Hindi verbs and frames (Devanagari).

Config Accu-
racy

Preci-
sion

Recall F1

All Selected Features 0.72 0.71 0.73 0.72
above w/o Sarvam 0.65 0.63 0.73 0.68
Best for Llama3.1-8B 0.45 0.41 0.23 0.30
Best for Llama3.1-70B 0.63 0.65 0.57 0.61
Best for Sarvam-1 0.80* 0.76 0.87 0.81
Best for Qwen3-32B 0.63 0.75 0.40 0.52
Random Baseline 0.47 0.46 0.43 0.45

Table 6: Exp2(b) stats, * = significant diff. from random

perform no better than random, and removing Sar-
vam features from the full model-feature set only
marginally improves performance to F1 = 0.20,
which is still unreliable and impractical.

However, this task faces class imbalance chal-
lenges (e.g. HIP (n=13) vs. MP (n=2)). We further
simplify the task to binary classification: do LLMs
detect when the Hindi form is strongly preferred?

5.4 Exp. 2(b): Supervised 2-way Classification

The supervision setup is the same as above, but the
binary labels HIP (n=13,43%) and not-HIP (n=17,
57%) reduce the confounding effect of class imbal-
ance. As this is a substantial simplification, failure
in classification would mean that LLM perplexities
are unreliable models of human judgment variation.
Results: Tab. 6 shows:

• Performance improves across all models.
The set with all features is well above the bi-
nary random baseline, and Sarvam-1’s best
feature set achieves F1 = 0.81 (significantly
away from random p < 0.008).

• Size effects are more consistent as mod-
els perform better with size, except Sarvam,
which is the smallest but best in this condition.

Implication: Sarvam emerges as the strongest
performer with supervision (near-best in Exp2(a),
best in Exp2(b)) after failing unsupervised predic-
tion (Exp1). This suggests its Indic-focused pre-
training may encode latent code-mixing knowledge
that surfaces only with supervision, consistent with
claims about Hindi and code-mixed pre-training.

Thus, LLMs do not model human linguistic vari-
ation, as shown byHindi-English verb code-mixing;
however, on an easier classification objective, super-
vised logits probing shows some predictive ability.
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6 Discussions

6.1 Answering the Research Question

Our central question is: Do LLMs model human
linguistic variation in Hindi-English do verb code-
mixing? We approached this through a three-step
evaluation: In Exp. 1, we asked the most direct and
“LLM-native” question: do perplexity ratios over
minimal pairs model whether humans tend to prefer
the Hindi or the Hinglish verb form, or find the pair
easily mixable? All models performed close to the
random baseline, with no consistent benefit from
pretraining language mix or scaling within a family.
Thus, LLMs do not encode this variation in a way
that is straightforwardly accessible through standard
surprisal-based probing.

In Exp. 2(a), we gave models more help: we
treated the 15 perplexity ratios as features and su-
pervised lightweight L2-regularized logistic regres-
sion classifiers to model all preference classes. Note
that this is not fine-tuning the LLM or performing
preference optimization but an external probe over
model-derived features, analogous to factor analysis.
Even with this oracle access to human labels and
hand-selected features, performance only slightly
exceeds chance and remains weak across families,
pretraining languagemixes, and sizes. InExp. 2(b),
we simplify the task further to a conservative bi-
nary distinction between clearly Hindi-preferred
verb pairs (HIP) from all others. Performance now
improves, with the best configuration achieving F1
= 0.81. Thus, this is an optimistic upper bound be-
cause it depends on model-specific feature choices
and an exhaustive feature sweep.

Taken together, these three experiments con-
sistently show that for this well-controlled phe-
nomenon, LLMs do not model human preferences
in Hinglish verb code-mixing. Some models con-
tain extractable signals, but recovering them re-
quires careful feature engineering, task simplifica-
tion and human labels, and the resulting predictors
do not generalise across models or decision bound-
aries. At the same time, the three-step progression
from Exp. 1 to 2(b) makes for a reusable LLM
evaluation template for linguistic variation. It sep-
arates questions about what signal is present in a
base model from questions about how much super-
vised probing can extract, and can be adapted to
other variation phenomena without committing to
preference-training the LLMs themselves.

6.2 Why Even “Success” Represents
Fundamental Limitations

The Sarvam-1 result in Exp. 2(b) might appear to
show that supervised approaches solve the problem:
with the right feature subset, a probe reaches F1 =
0.81 on the binary task. However, there are several
limitations that matter for practicality:

Model-specific and non-generalisable. The
same probing workflow that yields high F1 for
Sarvam-1 produces substantially lower scores for
other models (e.g., around 0.61 for Llama3.1-70B
and near-chance for Llama3.1-8B). There is no prin-
cipled way, a priori, to know which model, which
frames, or which orthographies will contain the
most informative signal for a given phenomenon.

Coarse-grained modeling of a rich phenomenon.
Our binary labels collapse the original 7-point rat-
ings and distributional shapes into a yes/no decision
about strong Hindi preference. This discards the
gradient acceptability, contextual sensitivity, and
speaker-level variability that a linguistic analysis of
a novel phenomenon might seek to capture.

Dependence on human labels rather than re-
placement. This pipeline requires human pref-
erence data to select features, define classes, and
evaluate performance. Ideally, a model of language
that could be used to model human linguistic varia-
tion should not require more specific human data.

Optimistic upper bounds. Finally, we explicitly
present the results as optimistic upper bounds over
our exhaustive search over feature subsets in Exp.
2(b). Even under the best case, only one model
achieves strong performance on the simple task.

6.3 What This Reveals About LLMs and
Linguistic Variation

We do not observe a consistent scaling effect, i.e.
within families, larger models do not systematically
outperform smaller ones. We also do not observe
the advertised differences in training language mix
(e.g., Sarvam’s Indic and Qwen’s Chinese focus)
correlate with some trends but do not straightfor-
wardly explain unsupervised or cross-family be-
haviour. We treat this pattern of inability more as
alignment than as firm causal claims.

More broadly, our findings are consistent with the
view that standard next-token prediction on large
web corpora is well-suited to learning average pat-
terns and aggregate statistics, but not necessarily
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to capturing the fine-grained, context- and speaker-
dependent variation that characterises code-mixing
preferences. Models exhibit family-level biases
(e.g., some tending to prefer Hindi verbs, others
English) that are not obviously justified by human
data and are difficult to link back to specific corpus
properties. This suggests a mismatch between the
kinds of signals that matter for linguistic variation
and the signals emphasised during pretraining.

6.4 Why Does This Question Matter?
Our narrow, tightly controlled setup is deliber-
ate. From a Popperian perspective, even one well-
specified counterexample matters: if LLMs fail
to align with human preferences in a simple verb-
choice alternation under their next-token objective,
this challenges broad claims that such models gen-
erally capture human linguistic behaviour. By Oc-
cam’s razor, the simplest explanation is that cur-
rent training regimes do not yet endow base models
with an ability to model natural linguistic variation,
rather than assuming that more complex or abstract
forms of variation are nonetheless encoded but re-
main inaccessible.

6.5 Conclusion
LLMs align well with human judgments on formal
phenomena with relatively uniform speaker behav-
ior (Jumelet et al., 2025), but for the specific case
of Hindi-English do verb code-mixing, our find-
ings clearly demonstrate that current LLMs cannot
be used reliably for linguistic studies even for lan-
guages with high to mid-range resources (English
is in class 5 and Hindi is in class 4 in Joshi et al.
(2020) classification scheme - the top two classes)

Our findings also open several promising re-
search directions. At the phenomenon level, fu-
ture work should examine whether our results gen-
eralize to other code-mixing types such as adjec-
tive–noun alternations, discourse markers, or prag-
matic particles; and to syntactic alternations like
word order variation in mixed clauses. Testing
across other bilingual communities (Spanish–En-
glish, Arabic–French, Cantonese–English) for sub-
jective phenomena in the respective mixes would
clarify whether the patterns we observe are specific
to Hindi–English or reflect broader limitations in
how LLMs handle linguistic variation.

More broadly, our study also contributes (i) a
three-step experimental template to probe LLM–hu-
man alignment in linguistic variation: unsupervised
minimal-pair perplexity, supervised class modeling

via simple perplexity ratio based classifier probes,
and a conservative binary version of the same; (ii)
the first systematic human acceptability dataset
for Hinglish do verb code-mixing; and (iii) paral-
lel perplexity-based measurements for seven open-
weight models on the same material. Together,
these resources highlight the need for models and
training paradigms that develop genuine linguistic
variational competence rather than only capturing
aggregate statistics: modeling how different com-
munities use language, including expressing dis-
agreement or politeness, requires representing mul-
tiple valid perspectives rather than a single average
(Saha et al., 2025).

7 Limitations

Sample size and scope. Our human study uses 30
verb pairs and 14 annotators, chosen to span the
observed preference space under a carefully con-
trolled design. Such small yet structured samples
are common in (psycho)linguistics, but they limit
the breadth of our claims.

Demographic diversity and linguistics. Our an-
notators are native Hindi speakers fluent in English,
primarily from central and northern India. This de-
mographic does not encompass the full diversity of
Hinglish speakers across regions, ages, and social
groups. We focus on linguistic acceptability rather
than other possible linguistic variables. Although
we collected some demographic metadata and ob-
served weak trends (e.g., age-related differences in
English preference), our sample is underpowered
for strong claims; instead, we release the data to
support future work that targets these questions.
Model selection and training regimes. We re-

strict attention to seven open-weight basemodels to
avoid confounds from instruction-tuning and RLHF.
We do not study closed-source models or models ex-
plicitly trained with preference-optimisation meth-
ods such as DPO. Consequently, our negative find-
ings apply to these base models and to this phe-
nomenon; they do not preclude the possibility that
suitably trained or specialised models might better
capture variation. Moreover, since detailed pre-
training corpora are not publicly documented, our
remarks about the role of Indic or code-mixed data
in pretraining should be read as hypotheses rather
than definitive statements about data composition.
Methodological constraints. Our main prob-

ing signal is per-token perplexity, used via within-
model perplexity ratios over minimal pairs. This
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aligns with standard practice in computational psy-
cholinguistics, but it is not the only way to in-
terrogate models. In Exp 2(a) and 2(b), we em-
ploy simple logistic regression probes over these
ratios, rather than more complex representation-
based probes, causal interventions, or sequence-
level preference models. In addition, the exhaustive
feature sweep in Exp 2(b) uses no held-out valida-
tion, so the best-reported numbers are optimistic
upper bounds. A more conservative protocol with
validation or cross-validation would likely lower ab-
solute scores but, given the already weak unsuper-
vised and multi-way results, is unlikely to reverse
our qualitative conclusions. Future methodologi-
cal work could explore richer probing signals and
architectures, as well as alternative evaluation met-
rics such as distributional distance measures, once
larger human datasets are available.

8 Ethics Statement

Human subjects research. All human data col-
lection followed ethical research practices. Partici-
pants were recruited through Prolific, and informed
consent was obtained within the survey. Partici-
pation was voluntary, and participants could with-
draw at any time. Participants were compensated
at an hourly rate of £8 (per Prolific’s recommended
pay guidelines) and took approximately 10-15 min-
utes to complete the survey. No personally iden-
tifiable information was collected beyond demo-
graphic data necessary for participant screening.
Data release and privacy. We will publicly re-

lease anonymised preference ratings, perplexity ra-
tios, and experimental materials. All released data
contains no personally identifiable information. De-
mographic summaries are presented in aggregate
form only. In addition, we release the full rating dis-
tributions and basic non-identifiable demographic
metadata so that future work can explore sociolin-
guistic patterns beyond the linguistic focus of this
paper.
Potential biases. Our participant sample (pri-

marily from central and northern India, ages 25–61)
may not represent the full diversity of Hinglish
speakers, potentially biasing our characterisation
of code-mixing preferences toward specific age and
regional groups. Our findings should therefore
not be interpreted as universal patterns across all
Hindi–English bilinguals.

Broader impacts. This work demonstrates limi-
tations of using current LLMs as proxies for human

linguistic behaviour in a specific code-mixing phe-
nomenon. While our negative findings discourage
certain kinds of unsupervised or lightly supervised
applications, they also highlight the continued ne-
cessity of human participation in linguistic research.
Our released resources enable replication and exten-
sion but should not be used to make claims about
individual speakers’ linguistic competence or to
enforce prescriptive norms about “correct” code-
mixing.

Model use and Environmental considerations.
Model evaluation required approximately 10 GPU
hours on 2× NVIDIA RTX 6000 GPUs. We used
existing pretrained models to minimise computa-
tional costs and environmental impact. Finally,
we also used LLMs for basic grammar checks and
proofreading.
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A Transliteration

A.1 Formal Transliteration
Formal transliteration follows established Devana-
gari romanization conventions with systematic map-
ping rules. We follow the transliteration system in
Table 9 for the Formal Latin form. Our approach
uses chain-of-thought reasoning with six process-
ing stages: decomposition, analysis, mapping, rule
application, combination, and verification.

Distribution Class Verb Tuples

SinglePeakRight (पढ-read), (िमटा-rub), (बना-create),
(फाड-़tear),
(रो-weep), (पढ-study), (तरस-yearn),
(चल-्move), (भगा-speed),(रोक-
hinder), (देख्-witness),
(िगन-enumerate), (पीस-pulverise)

SinglePeakLeft (खौला-boil), (चूम-kiss), (महक-
smell)

MultiPeak (बजा-ring), (सोच-imagine)

Uniform/Random (ले-collect), (छू-touch), (बदल-
change),
(खटखटा-knock), (िछड़क-spray),
(भाँप-gauge),
(भेद-pierce), (िपरो-string), (घबड़ा-
panic),
(लुभा-seduce), (फूट-crack), (ललकार-
dare)

Table 7: Verb distribution by class

Statistic Value
Count 1044
Mean 1.10
Std 0.37
Min 1.00
25% 1.00
50% 1.00
75% 1.00
Max 5.00
Consistency Rate (%) 91.19

Table 8: Distribution of Unique Spellings over 5 frames
per Formal Transliterated verb

We employed verb spelling consistency rate as
our primary quality metric—calculated by measur-
ing identical transliterations when the same verb
is substituted across five different sentence frames.
This serves as an effective non-gold-standard met-
ric for evaluating rule adherence without requiring
manual annotation. This methodology achieved
91.19% consistency with a mean of 1.10 unique
spellings per verb (SD=0.37, N=1,044 verbs) pro-
viding high confidence in the reliability of out-
puts. Analysis against established romanization
rules identified systematic errors detailed in Ap-
pendix A.1.

A.1.1 Prompt Design
Formal transliteration required extensive prompt
architecture due to the complexity of Devanagari-
to-Latin mapping rules. Despite the rule-based na-
ture of this task, significant prompt engineering
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was required to achieve reliable outputs, given the
complexity of Devanagari orthography and the chal-
lenges of handling tokenization boundaries in neu-
ral language models. Our development process in-
corporated the following refinements (refer Figure
Box 1 for final prompt):

1. Basic Mapping Rules: Initial prompt included
character-to-character correspondences

2. Case Sensitivity: Added explicit rules for er-
rors w.r.t. letter case handling

3. Nasalization Rules: Incorporated rules han-
dling consonant clustering and nasalization

4. Chain-of-Thought Reasoning: Implemented
six-step decomposition process (decomposi-
tion, analysis, mapping, rule application, com-
bination, and verification)

5. Few-Shot Examples: Added exemplars show-
ing complete reasoning chains (Prompt Box 3)

6. Self-Verification: Included re-verification step
for error detection and correction

A.1.2 Error Analysis
Validation of formal transliteration outputs against
established Devanagari romanization rules revealed
three systematic error categories: (1) nasalization
handling errors, particularly with ’m’ nasal excep-
tions (e.g., संभल → ”sanbhala” instead of ”samb-
hala”), (2) character merging mistakes during com-
bination steps (e.g., अटका → incorrect reason-
ing ”’a’ + ’Ta’ + ’kaa’ = ’aTaka’” instead of cor-
rect ”’aTakaa’”), and (3) consonant clustering over-
triggering with hallucinated halants creating false
clusters (e.g., िनपट→model incorrectly identifying
प् + ट cluster where none exists). Despite these sys-
tematic errors, the distribution reveal exceptional
consistency (refer table 8), with 91% consistency
rate and a mean value close to 1 (1.10) with a low
standard deviation (0.37) indicating sufficient con-
straint on formal transliteration by the provided
rules leading to reliable outputs.

A.1.3 Frame Skeleton Analysis
Following is the frame skeleton analysis for all
the 5 frames when transliterated where the verb
gets substituted with X. We take the most popular
frame spellings as the final frames using this anal-
ysis where the dictionary for each frame/format is
structured as the actual spellings as the key with

the total instance count as where this spellings were
found as the value. This reveals high frame-level
inconsistency, requiring limitation to the top 5 vari-
ants per frame due to substantial variability. This
variance, despite formal transliteration’s rule-based
nature, results from computational complexity in
the 6-step process involving character-level decom-
position and token-level mapping operations. The
most frequent variant was selected as the canonical
frame for each format. The significant frame-level
variance contrasts sharply with non-standardized
transliteration’s structural consistency, demonstrat-
ing the challenges of maintaining uniformity in
complex multi-step linguistic processing despite
rule-based constraints.
Format 1 Skeletons:

{'vo X rahe hain': 804, 'vao X rahe
hain': 114, 'vo X rahe han': 57,
'vao X rahe han': 32, 'vao X rahae
hain': 16, ^^...}

↪→
↪→
↪→

Format 2 Skeletons:

{'Xnaa aasaan hai': 634, 'Xnaa aasaan
haai': 95, 'Xna aasaan hai': 87,
'Xna aasana hai': 82, 'Xnaa aasana
hai': 38, ^^...}

↪→
↪→
↪→

Format 3 Skeletons:

{'vo kala X chuke the': 782, 'vao kala X
chuke the': 90, 'vao kala X chukae
thae': 64, 'vo kala X chukae thae':
44, 'vao kala X chuke thae': 23,
^^...}

↪→
↪→
↪→
↪→

Format 4 Skeletons:

{'Xnaa manaa honaa chaahie': 436, 'Xnaa
manaa honaa chaahiye': 222, 'Xnaa
manaa honaa chaahiie': 70, 'Xna mana
hona chaahiye': 57, 'Xnaa manaa
honaa chaahiiye': 25, ^^...}

↪→
↪→
↪→
↪→

Format 5 Skeletons:

{'vo aaraama se Xte rahenge': 485, 'vao
aaraama sae Xte rahenge': 137, 'vao
aaraama se Xte rahenge': 94, 'vao
araamaa sae Xte rahenge': 60, 'vao
araama sae Xte rahenge': 53, ^^...}

↪→
↪→
↪→
↪→

A.2 Non-standardized Transliteration
Non-standardized transliteration produces a popu-
lar version of the Devanagari counterpart, captur-
ing how Hindi speakers naturally type Hindi words
using standard English keyboards in informal dig-
ital contexts. This approach generates phonetic
Latin representations reflecting authentic user be-
havior rather than prescribed schemes. We achieved
a 47.03% consistency rate with a mean of 1.559
unique spellings per verb (SD=0.76, range=1-5).
This moderate consistency reflects the inherent vari-
ability expected in non-standardized romanization
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practices. Frame Skeleton analysis of the most fre-
quent frame patterns selected canonical frames for
subsequent experiments, ensuring stimuli reflect
authentic usage patterns based on popularity.

A.2.1 Verb Consistency Analysis
Since non-standardized transliteration captures pop-
ular usage patterns rather than rule-based accu-
racy, outputs were accepted based on frequency
and consistency patterns. Analysis revealed sys-
tematic variations: (1) vowel length inconsisten-
cies (e.g., ”aasan” vs ”asan”), (2) consonant dou-
bling variations (e.g., ”chuke” vs ”chukke”), and
(3) phonetic approximations of retroflex sounds,
reflecting authentic user behavior in digital con-
texts. The verb consistency distribution (refer Ta-
ble 12) exhibits moderate variability characteris-
tic of non-standardized systems. While 25% of
verbs achieve perfect consistency (single spelling),
the median of 2.0 indicates that typical verbs gen-
erate two distinct spellings across frames. The
higher standard deviation (0.76) compared to for-
mal transliteration reflects authentic user behavior
variability, where personal typing preferences and
phonetic interpretations influence output. Notably,
both approaches share the same maximum variance
(5 unique spellings), but this represents different
underlying causes: computational errors in formal
transliteration versus legitimate alternative repre-
sentations in non-standardized transliteration. The
47.03% consistency rate, while lower than formal
systems, indicates substantial convergence toward
popular spellings, validating the existence of in-
formal but recognizable standards in digital Hindi
typing practices.

A.2.2 Frame Skeleton Analysis
Similar to Formal transliteration following is
the frame skeleton analysis for Non-standardized
transliteration demonstrating exceptional structural
consistency. The dominant frames achieve near-
perfect consistency (>97% across all formats), vali-
dating that structural elements are more standard-
ized than lexical elements in non-standardized
transliteration.

Format 1 Skeletons:

{'wo X rahe hain': 1044}

Format 2 Skeletons:

{'Xna aasan hai': 1036, 'X na aasan hai':

5, 'Xnaa aasan hai': 3}↪→

Format 3 Skeletons:

{'wo kal X chuke the': 1042, 'wo Xal k
chuke the': 1, 'wo kaX l chuke the':
1}

↪→
↪→

Format 4 Skeletons:

{'Xna mana hona chahiye': 1037, 'X na
mana hona chahiye': 6, 'Xnā mana
hona chahiye': 1}

↪→
↪→

Format 5 Skeletons:

{'wo aaram se Xte rahenge': 1022, 'wo
aaram se Xthe rahenge': 5, 'wo aaram
se X te rahenge': 3}

↪→
↪→

B Verb list pre-processing

1. From all entries, we picked the ones POS
tagged as the main verb: V, V.VINT, etc.
This resulted in a list of 34,510 entries out
of 136,154 total.

2. We cleaned the list further to obtain verb roots
by removing:

• Phrasal verbs: entries with spaces on
either the Hindi or English sides,

• Compound verbs/Inflected verb forms:
entries with “–” or “,” (such as गा, गे, गीई),

• Transliteration errors: such as बनाअ.

C Model details

At Tab.14

D Participant Demographics

Participants’ ages ranged from 25 to 50 (mean 35.9),
with one participant aged 61. Most participants
were educated in English-medium institutions, with
a few having Hindi-, Gujarati-, or Marathi-medium
education. All participants were originally from
central or northern states of India, and a few had
recently lived abroad (e.g., in the UK, Canada, or
USA). Nine participants reportedHindi as their only
native language, while the remaining five were na-
tive bilinguals (Hindi–Marathi or Hindi–English).

E Testing Uniformity of Human
Responses

We tested the null hypothesis H0 that the Likert-
scale responses were drawn from a uniform distribu-
tion across 7 categories. Let N be the total number
of responses and O = (O1, . . . , O7) the observed
counts. Under H0, each category has probability
pi = 1/7, and the probability of observing O is
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given by the multinomial PMF:

P (O | H0) =
N !

O1! . . . O7!

7∏

i=1

pOi
i .

Because N was small, we used a Monte Carlo sim-
ulation to approximate the exact p-value: we gener-
ated 100, 000 datasets of size N from the uniform
multinomial distribution, computed the likelihood
for each, and estimated the p-value as the proportion
of simulated likelihoods less than or equal to the
observed likelihood. We used a significance level
of α = 0.05 to determine statistical significance.
This approach avoids large-sample approximations
and provides an exact small-sample test of unifor-
mity. Once we segregate uniform (UN) distributions
we move to manually labelling the other samples as
either single left peak (ENP, English preferred), sin-
gle right peak (HIP, Hindi preferred) or Multiple
(MP) peaks.

Hindi Formal Latin

क ka
ख kha
ग ga
घ gha
च cha
छ chha
ज ja
झ jha
ट Ta
ठ Tha
ड Da
ढ Dha
त ta
थ tha
द da
ध dha
न na
प pa
फ fa
ब ba
भ bha
म ma
य ya
र ra
ल la
व va
श sha
स sa
ह ha
ड़ Ra
ढ़ Rha
अ a
आ aa
इ i
ई ii
उ u
ऊ uu
ए e
ऐ ai
ओ o
औ au

Table 9: Devanagari - Formal Latin transliteration map
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Feature ↓ Qwen3-32B Gemma3-
12b

Gemma3-1b Gemma3-4b Llama3.1-
70B

Llama3.1-
8B

Sarvam-1

Frame0, Translit Casual 0.079 -0.115 0.103 -0.273 0.430 0.358 -0.188
Frame 0, Translit Devana-
gari

-0.564 -0.345 -0.394 -0.261 -0.176 -0.636 -0.394

Frame 0, Translit Formal -0.018 -0.103 0.333 -0.164 0.285 -0.006 -0.273
Frame 1, Translit Casual 0.183 0.238 0.250 0.341 0.049 -0.006 0.213
Frame 1, Translit devanagari -0.445 0.360 0.348 0.463 -0.098 -0.116 -0.067
Frame 1, Translit formal 0.268 0.579 0.470 0.543 0.518 0.183 0.463
Frame 2, Translit casual 0.588 -0.285 -0.418 -0.285 0.285 0.479 0.079
Frame 2, Translit devana-
gari

-0.624 -0.079 -0.345 0.079 -0.685 -0.152 0.067

Frame 2, Translit formal 0.515 0.273 0.418 0.285 0.370 0.212 -0.067
Frame 3, Translit casual 0.170 0.000 0.201 0.511 -0.304 -0.304 0.097
Frame 3, Translit devana-
gari

-0.340 0.401 -0.261 0.535 -0.590 -0.310 0.085

Frame 3, Translit formal 0.085 0.085 0.128 0.188 -0.049 0.079 0.170
Frame 4, Translit casual 0.193 -0.249 -0.354 -0.168 -0.291 0.119 -0.095
Frame 4, Translit devana-
gari

-0.459 -0.119 0.014 0.060 -0.515 -0.515 0.340

Frame 4, Translit formal 0.123 0.053 0.266 0.032 -0.214 0.214 0.119

Table 10: Spearman correlation table between humans and models. Red indicates positive values, green indicates
negative values, and bold marks selected cells.

Feature
ID

Feature Combination English Frame Hindi Frame

0 Frame 0, Translit Casual wo X kar rahe hain wo X rahe hain
1 Frame 0, Translit Devanagari वो X कर रहे हैं वो X रहे हैं

2 Frame 0, Translit Formal vo X kara rahe hain vo X rahe hain
3 Frame 1, Translit Casual X karna aasan hai Xna aasan hai
4 Frame 1, Translit Devanagari X करना आसान है Xना आसान है

5 Frame 1, Translit Formal X karanaa aasaan hai Xnaa aasaan hai
6 Frame 2, Translit Casual wo kal X kar chuke the wo kal X chuke the
7 Frame 2, Translit Devanagari वो कल X कर चुके थे वो कल X चुके थे

8 Frame 2, Translit Formal wo kala X kara chuke the wo kala X chuke the
9 Frame 3, Translit Casual X karna manaa hona chahiye Xna mana hona chahiye
10 Frame 3, Translit Devanagari X करना मना होना चािहए Xना मना होना चािहए

11 Frame 3, Translit Formal X karanaa manaa honaa chaahie Xnaa manaa honaa chaahie
12 Frame 4, Translit Casual wo aaram se X karte rahenge wo aaram se Xte rahenge
13 Frame 4, Translit Devanagari वो आराम से X करते रहेगें वो आराम से Xते रहेगें

14 Frame 4, Translit Formal wo aarama se X karate rahenge wo aarama se Xte rahenge

Table 11: Feature frames and templates used in experiments.
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Box 1: Formal Transliteration Prompt | Part A
You are a meticulous and rule-based transliteration expert. Your sole task is to transliterate Hindi text

from Devanagari script into the Latin script, following a precise set of rules. You must not deviate

from these rules. Your work is methodical and verified.

↪→
↪→

# Procedure

Use the following mapping for transliteration.

^## Mapping

Devanagari_Latin_mapping

^## Rules

- **Rule 1 (Accuracy):** The transliteration must strictly follow the mapping provided. There are no

exceptions. Be true to the source word without adding or omitting any characters or introducing

halants or schwas that are not present in the original word.

↪→
↪→
- **Rule 2 (Case Sensitivity):** Letter case is critical. Preserve the case as specified in the mapping

table (e.g., 'ट' is 'Ta', 'त' is 'ta').↪→
- **Rule 3 (Consonant Clusters):** When a consonant is followed by a halant ( ्) and another consonant, this

forms a consonant cluster. In clusters, only the final consonant gets the inherent 'a' sound.↪→

Process:

Consonant + halant (्) → just the consonant sound (no 'a')

Final consonant in cluster → gets the 'a' sound (or whatever vowel follows)

Examples:

"िचल्ला" = िच + ल् + ल + आ = chi + l + la + a = chillaa

"नमस्ते" = न + म + स् + ते = na + ma + s + te = namaste

"अच्छा" = अ + च् + छ + आ = a + ch + chha + a = achchhaa

- **Rule 4 (Nasalization):** All nasals, including the bindu (ं), chandrabindu (ँ), and other nasal forms

(like ङ, ञ, ण, ण्) must be transliterated as 'n'. The only exception to this rule is when the nasal is

an 'm', there you may use 'm'. For example, "हसं" is "hansa", and "ढँूढ" is "DhuunDha" but for "कांप" it

is "kaampa" and not "kaanpa".

↪→
↪→
↪→
- **Rule 5 (Examples):** Observe the examples below to understand the nuances.

^^### Examples

- Input: अटक

Output: अ (a) + ट (Ta) + क (ka) = aTa + ka = aTaka

- Input: उकसा

Output: उ (u) + क (ka) + सा (sa + a) = uka + saa = ukasaa

- Input: उछल

Output: उ (u) + छ (chha) + ल (la) = uchhala = uchhala

- Input: ओढ़

Output: ओ (o) + ढ़ (Rha) = o + Rha = oRha

- Input: ढँूढ

Output: ढ (Dha) + ऊ (uu) + ँ (n) + ढ (Dha) = Dhuun + Dha = DhuunDha

- Input: फांद

Output: फ (fa) + आ (aa) + ं (n) + द (da) = faan + da = faanda

- Input: लौटा

Output: ल (la) + औ (au) + ट (Ta) + आ (aa) = lau + Taa = lauTaa

- Input: बांट

Output: ब (ba) + आ (aa) + ं (n) + ट (Ta) = baan + Ta = baanTa

- Input: खटखटा

Output: ख (kha) + ट (Ta) + ख (kha) + ट (Ta) + आ (aa) = khaTa + kha + Taa = khaTakha + Taa =

khaTakhaTaa↪→

# Steps

1. **Analyze and Decompose:** Read the input Devanagari word along with the transliterated sentence

provided where the word will be substituted for X. Break the word down into its fundamental units as

individual characters or syllables or consonant-vowel unit. Identify any consonant clusters. For

"नमस्ते", the units are "न", "म", "स"्, "ते".

↪→
↪→
↪→
2. **Initial Mapping match:** Transliterate each unit using the provided `Mapping` table. For "नमस्ते", "न"

-> "na", "म" -> "ma", "स्" -> "s" and not "sa", "ते" -> "te".↪→
3. **Apply Rules and Combine:** Combine the transliterated units two at a time iteratively and make sure

that the border between the units is also joined as per the rules and examples provided. This step is

highly error-prone; be extremely careful. For this example, na + ma + s + te = nama + ste = namaste.

↪→
↪→
4. **Verification:** The output after Step 3 is your candidate output. Now, verify it against **all**

rules (1-6) one by one by breaking it down into constituent units. Create a mental checklist. Is the

mapping correct? Is the case correct? Are clusters handled? Are nasals 'n' or 'm'? Are word endings

correct? If you find any error, correct it and re-verify. For this example, splitting "namaste" into

its components, we have "na", "ma", "s", and "te". Verifying the new components with the original

mapping from step 2, we can see all components match the mapping. This transliteration is correct.

↪→
↪→
↪→
↪→
↪→
5. **Final Output:** After thorough verification, construct your final transliteration output.

6. **Confidence Level:** Determine your confidence in the output. If you are certain that the output is

correct and follows all rules, mark it as "Certain". If you have any doubts or if there are edge cases

that might not be covered by the rules, mark it as "Uncertain".

↪→
↪→

--continued--
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Box 2: Formal Transliteration Prompt | Part B

## Output Format

The output should be a valid JSON object with the following structure

```json

{

"step 1": <Follow the step 1 instructions>,

"step 2": <Follow the step 2 instructions>,

"step 3": <Follow the step 3 instructions>,

"output": <The transliterated text in Latin script from step 3 copied identically>,

"step 4": <Follow the step 4 instructions and verify the output against the rules very thoroughly>,

"final_output": <The final output after verification>,

"confidence": <"Certain" or "Uncertain">

}

```

Box 3: Few-Shot Example in the Formal Transliteration Prompt
^^***Few-Shot Example for Formal Transliteration**

*User Input:*

Input Hindi (Devanagri) Word: 'छुप'

Transliterated Sentence where word will be substituted: 'Xnaa manaa honaa chaahie'

*Assistant Output:*

```json

"step 1": "Analyze and Decompose: The input word is 'छुप' which will be substituted into the sentence

'Xnaa manaa honaa chaahie' post transliteration. Breaking it down: 'छ' + ' ु' + 'प'. 'छ' is the

consonant 'chha' with the vowel sign ' ु' (short 'u'). 'प' is the consonant 'pa'. There are no

consonant clusters or nasalization.",

"step 2": "Initial Mapping match: 'छ' + ' ु' = 'chhu' (from 'छ' = 'chha', but with ' ु' it becomes

'chhu'). 'प' = 'pa'.",

"step 3": "Apply Rules and Combine: Combine the transliterated units: 'chu' + 'pa' = 'chupa'. There

are no consonant clusters, so no schwa dropping is needed. No nasalization is present.",

"output": "chhupa",

"step 4": "Verification: Breaking down the final output `chhupa` into constituents: chhu + pa.

- Rule 1 (Accuracy): 'chhu' is 'छ' with ' ु' , 'pa' is 'प'. Both match the mapping and combine into

'छुप'.

- Rule 2 (Case Sensitivity): All lowercase as per mapping.

- Rule 3 (Consonant Clusters): No clusters present.

- Rule 4 (Nasalization): No nasal present.

- Rule 5 (Examples): Structure matches similar words in the examples.

All rules are satisfied.",

"final_output": "chhupa",

"confidence": "Certain"

```

Box 4: Casual Transliteration Prompt

Your task is to transliterate Hindi text written in the Devanagari script into a casual, phonetic Latin

letters.

The output should be easy to read for an English speaker and should reflect how a native Hindi speaker

might type Hindi words using a standard English keyboard.

# Rules

1. **No Diacritics:** Do not use any special characters, accents, or diacritics (e.g., use 'a', not ā'').

2. **Phonetic Spelling:** Use common English letters that best represent the Hindi sound.

# Task

Now, transliterate the following Hindi text. Only provide the transliterated text as the output.
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Statistic Value
Count 1044
Mean 1.559
Std 0.76
Min 1.00
25% 1.00
50% 2.00
75% 2.00
Max 5.00
Consistency Rate (%) 47.03

Table 12: Distribution of Unique Spellings over 5 frames
per Casual Transliterated verb

Hindi verb English verb

देख् witness
भगा speed
भेद pierce
महक smell
खौला boil
लुभा seduce
पढ read
पढ study
चल् move
खटखटा knock
भाँप gauge
घबड़ा panic
सोच imagine
िपरो string
िगन enumerate
छू touch
बदल change
ललकार dare
बजा ring
फाड़ tear
तरस yearn
िछड़क spray
चूम kiss
रोक hinder
िमटा rub
रो weep
बना create
ले collect
फूट crack
पीस pulverise

Table 13: Hindi–English verb pairs used in our experi-
ments.

Model HuggingFace ID Param-
eters

Gemma3-1b google/gemma-3-1b-pt 1B
Gemma3-4b google/gemma-3-4b-pt 4B
Gemma3-
12b

google/gemma-3-12b-
pt

12B

Llama3.1-
8B

meta-llama/Llama-
3.1-8B

8B

Llama3.1-
70B

meta-llama/Llama-
3.1-70B

70B

Qwen3-32B Qwen/Qwen3-32B 32B
Sarvam-1 sarvamai/sarvam-1 2B

Table 14: Overview of evaluated language models and
their characteristics.

Figure 6: Instructions for human experiment.

Figure 7: Consent for experiment.
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