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Abstract

There has been a surge in LLM evaluation re-
search to understand LLM capabilities and lim-
itations. However, much of this research has
been confined to English, leaving LLM build-
ing and evaluation for non-English languages
relatively unexplored. Several new LLMs have
been introduced recently, necessitating their
evaluation on non-English languages. This
study aims to perform a thorough evaluation
of the non-English capabilities of SOTA LLMs
(GPT-3.5-Turbo, GPT-4, PaLLM2, Gemini-Pro,
Mistral, Llama2, and Gemma) by comparing
them on the same set of multilingual datasets.
Our benchmark comprises 22 datasets covering
83 languages, including low-resource African
languages. We also include two multimodal
datasets in the benchmark and compare the per-
formance of LLaVA models, GPT-4-Vision and
Gemini-Pro-Vision. Our experiments show that
larger models such as GPT-4, Gemini-Pro and
PalLM?2 outperform smaller models on various
tasks, notably on low-resource languages, with
GPT-4 outperforming PaLM2 and Gemini-Pro
on more datasets. We also perform a study on
data contamination and find that several mod-
els are likely to be contaminated with multi-
lingual evaluation benchmarks, necessitating
approaches to detect and handle contamination
while assessing the multilingual performance
of LLMs.

1 Introduction

Large Language Models (LLMs) have surpassed
the performance of previous generation of language
models on several tasks and benchmarks, some-
times even approaching or exceeding human per-
formance (Hubert et al., 2024). However, the root
cause of the observed capabilities in these models
is not always apparent, whether stemming from
augmented model capabilities or other factors like
contamination in test datasets and the absence of
datasets that genuinely measure the capabilities of

these models (Balloccu et al., 2024). Thus, eval-
uation of Large Language Models has become an
important field of study.

Most of the work on evaluating LLLMs via bench-
marking (Liang et al., 2022), qualitative tests for
specific capabilities (Bubeck et al., 2023) or human
evaluation have focused solely on English. How-
ever, studies have shown that there is a large gap
between the capabilities of LLMs in English and
other languages (Choudhury et al., 2023). Evalu-
ation of LLMs in languages other than English is
challenging due to a variety of factors, including
the lack of benchmarks covering a large number
of languages from diverse language families and
the lack of multilingual benchmarks covering tasks
such as reasoning, chat, and dialogue. Therefore,
it is crucial to prioritize multilingual evaluation to
enhance the development of more effective mul-
tilingual models. Neglecting this critical aspect
may result in a significant population being left be-
hind and may widen the digital divide (Joshi et al.,
2021).

Our prior work on evaluating multilingual ca-
pabilities of LLMs, MEGA (Ahuja et al., 2023),
yielded the following observations: GPT-4 (Ope-
nAl, 2023a) comes close to the performance
of SOTA fine-tuned language models such as
TULRVG6 (Patra et al., 2023). GPT models per-
form worse on languages that are written in non-
Latin scripts, and on low-resource languages. Other
LLMs such as BLOOMZ (Muennighoff et al.,
2023) usually perform worse than GPT-4. However,
several newer models are comparable to GPT-4 in
performance on English, and it is essential to study
their multilingual performance as well. Moreover,
there is a rising interest in Large Multimodal Mod-
els (LMMs), and the convergence of multimodal
and multilingual LLMs remains an understudied
area (Hu et al., 2024). Our contributions are as
follows:
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* We build on top of the MEGA benchmark and
add 6 new datasets, thus extending coverage to
22 datasets and 83 languages including many
low-resource African languages.

¢ We benchmark nine new SOTA text LLMs -
PalLM2 (Google, 2023), Llama2 (3 variants)
(Touvron et al., 2023), Mistral-v1.0 (2 vari-
ants), (Jiang et al., 2023), Gemma (2 variants)
(Mesnard et al., 2024), Gemini 1.0 pro (Anil
et al., 2023a) in addition to GPT-4 and GPT-
3.5-Turbo.

* We benchmark the multimodal LLaVA family
models (Liu et al., 2023), GPT-4-Vision (Ope-
nAl, 2023b) and Gemini-Pro-Vision (Anil
et al., 2023a) on two multilingual multimodal
datasets.

* We present a thorough contamination study
of both commercial and open-source set of
LLMs on a subset of our datasets.

* We study the overall trends in our experi-
ments by studying the deviation of perfor-
mance across language families and tasks, and
provide directions for future research.

2 Related work

Evaluation of LLMs Recently, there has been an
increasing interest in evaluating LLMs on a wide
range of capabilities, given the surge in their pop-
ularity and effectiveness. BIG-Bench (Srivastava
et al., 2023) consists of 204 tasks to evaluate LLMs.

While BIG-Bench includes tasks in non-English
languages as well, they are largely related to transla-
tion. Liang et al. (2022) proposed HELM, defining
a taxonomy of scenarios and metrics that define
the space of LLM evaluation, and evaluating 30
language models on 42 scenarios and 7 metrics.
However, all the scenarios are focused on datasets
in standard English or dialects, and they highlight
coverage of languages as an important area for
improvement. Bubeck et al. (2023), has pointed
out the limitations of using standard NLP bench-
marks to evaluate generative models, due to the
pace at which these benchmarks become saturated.
There are also concerns about benchmark contami-
nation in LLM evaluation. Zhou et al. (2023) show
that test dataset contamination in training and fine-
tuning data leads to a significant impact on LLM
performance.

Multilingual Benchmarks and Evaluation
Bang et al. (2023) evaluates the multilingual ca-
pabilities of ChatGPT and shows that it fails to gen-
eralize to low-resource languages with non-Latin
scripts. However, multilingual evaluation is per-
formed only on a few tasks, and a subset of 50-100
examples are used for testing the model. Hendy
et al. (2023) evaluate the translation abilities of
GPT-3.5 models and find that these models per-
form well in translating high-resource languages,
but their capabilities for low-resource languages
are limited. BUFFET (Asai et al., 2023) cover-
ing 54 languages across 15 datasets and Lai et al.
(2023) covering 37 languages across 7 datasets also
perform multilingual benchmarking of LLMs such
as ChatGPT and BLOOMZ. Yang et al. (2023)
does a comprehensive study of GPT4-Vision’s ca-
pabilities that include analyzing its performance on
multilingual image description, scene text recog-
nition, and translation. Our work builds on the
MEGA benchmarking effort (Ahuja et al., 2023),
which evaluates GPT models across 16 datasets.
We extend the MEGA benchmark to more tasks
including multimodal tasks, evaluate several SOTA
LLMs, and perform a more comprehensive analysis
of contamination.

Contamination Several techniques have been
proposed to study the contamination of publicly
available evaluation datasets. Ahuja et al. (2023)
study contamination by prompting the models to
fill dataset cards. Other methodologies encompass
Golchin and Surdeanu (2023b), which does not
provide quantification of contamination, and Oren
et al. (2023), which requires access to log probabil-
ities, thereby limiting their studies to open-sourced
LLM:s.

3 Experimental Setup
3.1 Datasets

We perform experiments on the 16 datasets that
are part of the MEGA suite - XNLI (Conneau
et al., 2018), IndicXNLI (Aggarwal et al., 2022),
GLUECoS NLI (Khanuja et al., 2020a), PAWS-X
(Yang et al., 2019), XCOPA (Ponti et al., 2020),
XStoryCloze (Lin et al., 2022), GLUECoS Senti-
ment Analysis (En-Es-CS) (Vilares et al., 2016),
TyDiQA-GoldP (Clark et al., 2020), MLQA (Lewis
et al., 2020), XQUAD (Artetxe et al., 2020), In-
dicQA (Doddapaneni et al., 2023), PAN-X (Pan
et al., 2017), UDPOS (Nivre et al., 2018), Jigsaw
(Kivlichan et al., 2020), WinoMT (Stanovsky et al.,
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Figure 1: Hierarchy of Models and Tasks spread across MEGAVERSE

2019) and XLSum (Hasan et al., 2021). These
datasets include a mix of classification, Question
Answering, Sequence Labeling, and Natural Lan-
guage Generation datasets, along with two datasets
covering the Responsible Al tasks of toxicity de-
tection and gender bias. The datasets we include
also contain a mix of translated datasets verified
by native speakers, as well as datasets created in-
dependently for each language. Figure 1 shows a
hierarchy of models and tasks spread across MEGA-
VERSE. For a more detailed description of the
datasets included in the original MEGA benchmark,
we refer the readers to Ahuja et al. (2023). We
describe the six datasets added to our study below.

3.1.1 AfriQA

AfriQA (Ogundepo et al., 2023) is a QA dataset
that does not have a context passage. It covers 10
African languages - Bemba, Fon, Hausa, Igbo, Kin-
yarwanda, Swahili, Twi, Wolof, and Yorubad. We
use the few-shot size of k& = 4 and the monolingual
prompting strategy to perform experiments only on
the GPT and Llama models, as the PaLM2 model
only supports Swahili.

3.1.2 Belebele

Belebele (Bandarkar et al., 2023) is a multiple
choice machine reading comprehension (MRC)
dataset parallel across 122 languages. Each ques-
tion is linked to a short passage from the FLORES-
200 dataset (Costa-jussa et al., 2022). The human
annotation procedure was carefully curated to cre-
ate questions that discriminate between different
levels of language comprehension. We evaluated
Arabic, Czech, Danish, German, English, Span-
ish, Finnish, French, Hebrew, Hungarian, Italian,
Japanese, Korean, Dutch, Norwegian, Polish, Por-
tuguese, Russian, Swedish, Thai, Turkish, Chinese
Simplified and Chinese Traditional. Results for

Llama2 and GPT-3.5-Turbo are reported from the
dataset paper. We perform zero-shot monolingual
prompting for our experiments, as this dataset does
not have a dev set.

3.1.3 1IN22

IN22 (Gala et al., 2023) is a translation benchmark
for all 22 scheduled Indic languages. IN22-Gen is
a general-purpose multi-domain evaluation subset
of IN22 which has been curated from two sources:
Wikipedia and Web Sources offering diverse con-
tent spanning news, entertainment, culture, legal,
and India-centric topics. IN22-Conv is the con-
versation domain subset of IN22. Due to resource
constraints, we evaluate 14 languages: Assamese,
Bengali, English, Gujarati, Hindi, Kannada, Kash-
miri, Malayalam, Marathi, Nepali, Odia, Punjabi,
Tamil, Telugu, and Urdu.

3.1.4 MaRVL

MaRVL (Multicultural Reasoning over Vision and
Language) (Liu et al., 2021) is a dataset of images
and associated captions. The concepts and images
collected were entirely driven by native speakers
and are representative of various cultures across the
globe and span 5 languages, i.e., Indonesian, Chi-
nese, Swahili, Tamil, and Turkish. Each instance in
the dataset consists of a pair of images (left image
and right image) and a statement, and the task is to
determine whether the statement is consistent for
the given pair of images.

3.1.5 XM-3600

CrossModal-3600 (Thapliyal et al., 2022) is a multi-
lingual image captioning dataset consisting of 3600
geographically diverse images directly captioned
in 36 different languages, avoiding any inconsis-
tencies due to translations. We experimented on
20 out of 36 languages due to resource constraints:
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Arabic, Chinese, Czech, Danish, Dutch, English,
Finnish, French, German, Italian, Japanese, Ko-
rean, Norwegian, Polish, Portuguese, Russian,
Spanish, Swedish, Thai, and Turkish.

3.1.6 XRiSAWOZ

XRiSAWOZ (Moradshahi et al., 2023) is a task-
oriented dialogue modeling dataset. The dataset
is a multilingual (English, Hindi, French, Korean)
translation of the Chinese-only RiSAWOZ dataset
(Quan et al., 2020). XRiSAWOZ also includes
an English-Hindi code mixed setting. For each
conversation, the agent must make use of struc-
tured knowledge from the databases to answer user
queries. The task consists of 4 subtasks: “Dia-
logue State Tracking” (DST), “API Call Detection”
(API), “Dialogue Act Generation” (DA) and “Re-
sponse Generation” (RG). The metrics used for
evaluation include BLEU, Slot Error Rate (SER)
(factual correctness of generated response) (Wen
etal., 2015), (averaged/task) success rate (Lin et al.,
2021), API call accuracy, dialogue act accuracy and
joint goal accuracy (Budzianowski et al., 2018).
We refer the reader to Moradshahi et al. (2023) for
detailed descriptions of subtasks and metrics. We
perform experiments on 10% of the data i.e. about
400 dialogue turns across 3 domains due to limited
compute.

3.2 Models'

Below is a list of all the models we evaluate:

e GPT-3.5-Turbo (Ouyang et al., 2022)

* GPT-4 (OpenAl, 2023a)

* GPT-4-Vision (OpenAl, 2023b)

* Llama2 (7B, 13B, 70B) (Touvron et al., 2023)
e PaLLM2 (Anil et al., 2023b)

¢ Gemini-Pro (Anil et al., 2023a)

¢ Gemini-Pro-Vision (Anil et al., 2023a)
e Gemma (2B, 7B) (Mesnard et al., 2024)
» Mistral (Jiang et al., 2023)

¢ BakLLaVA-vl (Liu et al., 2023)

e ViP-LLaVA (13B) (Cai et al., 2023)

* LLaVA-1.5 (13B) (Liu et al., 2023)

3.3 Prompting strategies

Ahuja et al. (2023) explore three prompting vari-
ations based on the language of the few-shot and

'We set the temperature parameter equal to O (or close
to 0) for all our models to ensure deterministic output and
reproducibility

test examples, and find that monolingual prompt-
ing, featuring few-shot examples in the target lan-
guage, outperforms zero-shot cross-lingual prompt-
ing in English for most datasets. Translate-test ex-
cels over monolingual for certain low-resource lan-
guages but with minimal gaps for models like GPT-
4. Therefore, we default to monolingual prompting
unless otherwise specified. Zero-shot cross-lingual
prompting (zs-cl) is used when dev datasets are
unavailable in the target language. English instruc-
tions are maintained for prompts, proven to out-
perform instructions in the target language (Ahuja
et al., 2023). Prompt templates for our new datasets
are in the Appendix A.2.

3.3.1 XRiSAWOZ

Moradshahi et al. (2023) presents results in both
end-to-end and turn-by-turn evaluation settings.
We perform end-to-end evaluation with regex based
careful filtering of the generated responses for
DST/API/DA tasks after every turn. This is re-
quired to ensure correctness of the syntax in the
state descriptions for these tasks. No such postpro-
cessing is done for the RG task. For inferring a
subtask on a dialogue turn, we provide in-context
examples corresponding to the same turn from
other domains. If for a particular turn, sufficient in-
context examples are not available, we look for the
latest previous turn for which sufficient in-context
examples are available. E.g. Assume the follow-
ing turn to count distribution and k£ = 4 (number
of in-context examples). Turns 1-4: more than 10
examples, Turn 5: 3 examples, and Turn 6 has 1
example.

At turns 5 and 6, we do not have sufficient ex-
amples from turn 5 or 6. Therefore, we sample
in-context examples from turn 4 for both of them.
Our prompts for each subtasks can be seen in Fig.
9,10, 11, 12, 13.

4 Results

4.1 XNLI

All models perform best on English, with slightly
lower performance on Greek and German, and
lower performance on languages like Hindi, Thai,
Urdu, and Swahili. Overall PaLM?2 performs best,
closely followed by GPT-4. GPT-3.5-Turbo is
worse on all languages, however, we find that all
three Llama models perform substantially worse,
with Mistral performing the worst. Since XNLI is
a popular dataset, dataset contamination cannot be
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ruled out. (Figure 18, Table 2).

4.2 IndicXNLI

We performed experiments on IndicXNLI on the
GPT models, Mistral as well as Llama models,
however, the Llama models gave scores of O for
all languages, which is why we do not plot them.
The Mistral model also performs poorly. We find
that GPT-4 outperforms GPT-3.5-Turbo on all lan-
guages with the highest scores on Hindi, Punjabi,
and Bengali. However, the overall accuracy is not
very high on any language compared to the XNLI
results seen earlier, and fine-tuned baselines such
as MuRIL perform best. (Figure 19, Table 3).

4.3 GLUECoS NLI

All models do well on this NLI task, with GPT-4
performing best. (Figure 26, Table 14).

44 PAWS-X

PalLM2 outperforms the GPT models on all lan-
guages and all models perform well, which could
be because this dataset contains high-resource lan-
guages. However, dataset contamination cannot be
ruled out, as shown in Ahuja et al. (2023). The
performance on English performs is the best, fol-
lowed closely by Latin script languages, and a drop
in performance for languages in other scripts. The
Llama and Mistral models perform worse than the
GPT models and PalLM2, although the difference
in performance is not as large as in some of the
other datasets. (Figure 20, Table 4).

4.5 XCOPA

The performance of GPT-4, Gemma, Gemini and
PalLM2 are comparable, with GPT-4 having the
best perforamnce. Notably, they are all better than
GPT-3.5-Turbo, which performs substantially bet-
ter than the Llama2 and Mistral models except in
Quechua, for which no model performs well. How-
ever, the results on all other languages for GPT-4
and PalLM?2 are extremely high, which may be due
to dataset contamination. (Figure 21, Table 5).

4.6 XStoryCloze

Since the Llama models gave scores of 0 for all
languages, we omit it from our analysis. We find
that the gap between the GPT models and Pal. M2
is very high, with both GPT models performing
extremely well. For all languages except Telugu,
Basque and Burmese Gemini-pro performs well.
The contamination study from Ahuja et al. (2023)

show a low chance of dataset contamination for
GPT-4, which indicates that the GPT models can
perform this task well. (Figure 22, Table 13).

4.7 Sentiment Analysis (En-Es-CS)

Surprisingly, GPT-3.5-Turbo outperforms both
GPT-4 and PalLM2 on this task, with the mBERT
baseline performing the best, while Gemini-pro
performs the worst by a large margin. (Figure 26,
Table 14).

4.8 TyDiQA GoldP

The TuLR model performs best, followed by GPT-
4, PaLM2, Gemini-Pro, and BLOOMZ, while
Llama models perform poorly, with Mistral be-
ing slightly better. Smaller models, in particular,
demonstrate a significant performance gap between
English and all other languages. However, dataset
contamination cannot be ruled out, as shown in
Ahuja et al. (2023). (Figure 23, Table 7).

49 MLQA

TULR and GPT-4 outperform all other models for
this dataset except for German. English exhibits
superior performance, with Spanish (es), German
(de), and Vietnamese (vi) following closely. The
most significant gaps are noted between English
and Arabic (ar), Hindi (hi), and Chinese (zh) The
Llama2-13B model performs well for some lan-
guages, such as Arabic, German, and Spanish but
performs poorly on Chinese Hindi, and Vietnamese,
but is still better than Mistral and Gemma. This
is one of the datasets where PaLM?2 struggles, par-
ticularly for Arabic and Chinese. Dataset contami-
nation in GPT-4 cannot be ruled out, as shown in
Ahuja et al. (2023). Smaller versions of the Llama
model outperform the Llama 70B model across all
languages. (Figure 24, Table 8).

410 XQUAD

TuLLRv6 performs best across almost all languages
in the XQuAD dataset, followed by GPT-4, PaLM
2, Gemini-Pro, and BLOOMZ. BLOOMZ'’s perfor-
mance declines significantly in Greek and Thai as
shown in Figure 2. PaLM?2 and Gemini-Pro exhibit
competitive performance, closely trailing GPT-4-
32K and TuLRv6 — XXL across languages from
high to mid-resource tiers. All three Llama models
perform poorly on this dataset. Gemma and Mistral
perform slightly better than Llama on all languages
but lags behind the larger models and finetuned
models. Dataset contamination in GPT-4 cannot be
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ruled out, as shown in Ahuja et al. (2023). (Figure
2, Table 6).

411 IndicQA

Since the Llama models gave scores of 0 for all
languages, we omit it from our analysis. We use
the zero-shot cross-lingual prompting strategy due
to the absence of a dev set. GPT-4 performs bet-
ter than GPT-3.5-Turbo, with the best performance
seen for Hindi, Marathi, and Bengali, while the
smaller models like Gemma perform poorly. (Fig-
ure 25, Table 9).

4.12 PAN-X

GPT-4 and GPT-3.5-Turbo outperform PalLM?2 and
gemini-pro for most languages. However, all mod-
els perform poorly on Thai, Japanese, and Chinese
on this sequence labeling task. Since this is an
older dataset, GPT-4 data contamination cannot be
ruled out as shown in Ahuja et al. (2023). (Figure
31, Table 12).

4.13 UDPOS

PalLM2 performs the best followed by GPT-4, GPT-
3.5-Turbo and Gemini-pro being the worst on av-
erage. All models show similar high performance
across languages, except for Arabic, Greek, He-
brew, Hindi, and Vietnamese, where PalLM2 per-
forms best. GPT-4 data contamination cannot be
ruled out as shown in Ahuja et al. (2023). (Figure
33, Table 11).

4.14 Jigsaw

We perform experiments on the Jigsaw dataset for
GPT-3.5-Turbo and PalLM2 using the monolingual
prompting strategy and find that both models per-
form very well on all languages. Since the dataset
cannot be accessed without download, models are
less likely to be contaminated with this dataset.
(Figure 30, Table 19).

4.15 WinoMT

We perform experiments on the WinoMT dataset
only for GPT-3.5-Turbo using the monolingual
prompting strategy and report the results for com-
pleteness. We find that the model does not perform
well on any of the languages. (Figure 29, Table
20).

4.16 XLSum

GPT-4 outperforms all other models, with some ex-
ceptions. GPT-3.5-Turbo performs best for African

languages like Swahili, Somali, and Yoruba, while
the Llama models perform best for Arabic, Kyrgyz,
Vietnamese, and Welsh. According to the contami-
nation analysis in Ahuja et al. (2023), it is possible,
though less likely that GPT-4 is contaminated with
this dataset. (Figure 34, Table 15).

4.17

Gemini-Pro has the best performance amongst all
the models for most languages, while for smaller
models only Llama models come close. GPT-4 and
PalLM2 outperform GPT-3.5-Turbo, Llama2, and
Mistral, which performs worst. Most models do
well due to the multiple-choice question-answering
nature of the task, which makes parsing outputs and
evaluation simpler and increases the probability of
success even for weaker models. (Figure 16, Table
17).

Belebele

4.18 AfriQA

GPT-4 has best performance, while the Llama2
and Mistral models perform very poorly on all lan-
guages. (Figure 15, Table 10).

4.19 1IN22

We report our results on the IN22-Gen and IN22-
Conv subsets (Figure 35) where we randomly select
k = 8 translation pairs from the development set
of FLORES-200 (Costa-jussa et al., 2022) as in-
context examples. We also report GPT-3.5-Turbo
0-shot and IndicTrans2 scores from Gala et al.
(2023) for comparison. For consistency, we use the
indic_nlp_library? and the evaluation scripts’
from Gala et al. (2023) to tokenize the predictions
and references before computing chrF++ (Popovié,
2017) for Indic languages. We do not evaluate
PalLM2 on this dataset, as most languages in this
dataset are not supported by it.

Llama2 and Mistral perform poorly on all In-
dic languages in the En-Indic direction, whereas
the performance is better on the Indic-En direc-
tion. Gemma-7B performs significantly better than
both Llama2 and Mistral in both directions and
on all languages. GPT-4 performs the best among
all LLM models considered. All LLMs perform
better in the Indic-En direction and Conversational
dataset since they are finetuned with chat or con-
versational style data. We compare results to In-
dicTrans2 Gala et al. (2023) and find that it fares

2https://github.com/anoopkunchukuttan/indic_
nlp_library
3https://github.com/AI4Bharat/IndicTrans2
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Figure 2: Results for XQUAD across all languages and models for zero-shot cross-lingual prompting

significantly better than LLMs. (Figure 35, Tables
21 -24).

4.20 XRiSAWOZ

We compare DA accuracy of various models in
Figure 17. Table 25 shows the comparison with
fine-tuned models as well. We find that GPT-4’s
performance on DA accuracy is the closest and
comparable to fine-tuned baselines for the task.
Poorer scores on other models seem to correlate
with the model’s hallucination tendencies.

We compare results on all 6 metrics in Table 26
to better understand model behavior. We find that
PalLM2,GPT-4 and Gemini-pro generate very con-
cise responses leading to consistently higher BLEU
scores as compared to other models. On all other
metrics, GPT family of models significantly outper-
forms both PaLM/Gemini and open-source mod-
els. Notably, all the proprietary models achieve
less than 10% SER on Chinese hinting contam-
ination of RiSAWOZ (the original Chinese-only
dataset). Open source models often hallucinated
non-existent entities in their responses while pro-
prietary models did not show this tendency.

In the code-mixed English-Hindi setting, the per-
formance is worse than both English and Hindi on
average across most metrics for all models. (Figure
17, Tables 25, 26). This could indicate challenges
in understanding as well as generating effective
code mixed text for all models.

4.21 MaRVL

We evaluate LLaVA models, GPT-4-Vision*, and
Gemini-Pro-Vision on the multimodal datasets with
monolingual and translate-test prompting (Figure
27). The Azure BING translate module was uti-
lized for translating the sentences into English. We
find that accuracy scores border on random classi-
fication LLaVA models, with the lowest score on

4Given the API costs and constraints, we evaluate a random
sample of 300 data instances per language.

Tamil and Chinese. The translate-test strategy is
comparable to monolingual. However, the perfor-
mance is still the same as a random classification.
GPT-4-Vision is significantly better than LLaVA,
and the gains due to translate-test are only visible
on Turkish. Gemini-Pro-Vision performs slightly
better than random, and the translate-test is prefer-
able except in the case of Chinese. (Figure 27,
Table 16).

4.22 XM-3600

We test the LLaVA models, GPT-4-Vision>, and
Gemini-Pro-Vision models on the XM-3600 im-
age captioning dataset and use the chrF metric
(Popovié, 2015) to report the performance, unlike
the original paper (Thapliyal et al., 2022) that uses
CIDEr. We see that the LLaVA models are poor for
most languages that are not written in Latin script,
especially Japanese, Korean, Russian, Thai, and
Chinese. bakLLLaVA-v1 performs much worse com-
pared to LLaVA-v1.5-13B and ViP-LLaVA-13B
(except English), and the latter two are comparable
on all languages. Most Latin script high-resource
languages such as French, German, Dutch, Span-
ish, and Italian outperform or come close to En-
glish performance, with lower-resource languages
such as Danish, Czech Polish, and Norwegian per-
forming worse. GPT-4-Vision significantly outper-
forms LLaVA models on all languages, however,
the scores on Chinese, Japanese, and Thai are still
very poor. French has the highest score followed
by Italian, Spanish, and then English, which again
shows that GPT-4-Vision is good at Latin script
and European languages. Gemini-Pro-Vision is the
second-best model on all languages, and the results
follow the same trend as GPT-4-Vision. (Figure 28,
Table 18).

*Due to API costs and constraints, we evaluate a random
sample of 488 data instances per language.
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4.23 The deviation of performance across
language families and tasks

Given the experiments conducted, we look at how
performance for a given Language Family or Task
varies from the average performance (across the
models covered in MEGAVERSE). In doing so we
are interested in ranking how well models support
different Language Families or Tasks.

The deviation for a given experiment ¢ in the
Language Family or Task (j) is defined as:

N
1
A(i,j) = p_score(; j) — N Zp_score(m-)

Where p_score(; ;) is the penalized score for the
experiment ¢, and a high positive value indicates
that a given subject (Language Family or Task)
performs better than average where as a low nega-
tive value indicates that the subject performs lower
than the average (across all models). p_score(
is calculated as:

Z7j)

XA
p_score(; j) = (i) % score;

22 1%

Where score; is the normalized score for the exper-
iment, penalized by the ratio of the instances in a
given language family/task (j) to the total number
of instances in all the language families/tasks.

Because of the sparsity in (Language, Dataset,
Model) combinations (see Table 1), we apply the
size penalization to limit the bias of outliers and
combinations with little support. For example,
there are total of 320 IE: Iranian Language fam-
ily experiments in our data, with an average score
of 0.31, and a penalized score of 0.05, compared to
Basque which has 10 experiments with an average
score of 0.54, but a penalized score of 0.003.

Figure 3 gives the distribution of the A; ;)
scores for Language Families and Tasks. We ob-
serve that languages in IE:Germanic Family, which
ranks at the top, attain a significantly higher score
that the mean, while at the the opposite end, Bantu
and Afro-Asiatic languages significantly under-
perform the mean across models and datasets. We
also find that the models tested are significantly bet-
ter at tasks such as MCQ Reading Comprehension
and Parts of Speech Tagging (across all languages),
than more open tasks such as Q&A and text Sum-
marization.

5 Contamination Analysis

5.1 Commercial Model Contamination Study

In our work, we follow the method described by
Golchin and Surdeanu (2023a) where we try to
quantify contamination for commercial models
such as PaLM2 and GPT-4. First, we prompt the
model to generate three perturbations of the test set
data points. Next, we provide these perturbations
appended with the original text as four options to
the model, and prompt it to pick a preferred option.
We measure contamination as the chance adjusted
accuracy using Cohen’s Kappa (x) and account for
LLM’s position bias towards a particular option by
adjusting the calculation of x, called K f;zeq.

We study contamination on GPT-4 and PalLLM?2
for 5 datasets: PAWS-X, UDPOS, TyDiQA, XNLI,
and XCOPA, on 100 data points per language in
each dataset. Our results show that all datasets
are highly contaminated except for UDPOS, and
for all datasets, contamination is higher for GPT-
4, than for PaLM2. Contamination values for all
datasets across different languages are reported in
Appendix A.6. Contamination values differ sig-
nificantly across languages for the same dataset,
which could be due to bad perturbations generated
by models owing to their varying performance in
different languages. Another limitation of this ap-
proach is that Golchin and Surdeanu (2023a) study
position bias only for GPT models and append the
original text as the fourth option based on their ob-
servations. However, this could vary for different
models.

5.2 Open-Source Model Contamination study

We follow the Black Box test for contamination
study of open-source model described by Oren et al.
(2023). This test is statistical test which provides
provable guarantees that a given test set is contam-
inated. To achieve these guarantees, they exploit
the fact that many datasets have a property known
as exchangeability, where the order of examples
in the dataset can be shuffled without affecting its
join distribution. If a model has seen a benchmark
dataset, it will have a preference for the canonical
order (i.e. the order that examples are given in the
public repositories) over randomly shuffled exam-
ple orderings. If the difference between the said
canonical order and the shuffled order is statisti-
cally significant, then the dataset is considered to
be contaminated according to this method.

We conducted tests on the 7B instruction-tuned

2605



0.010

Language Families

A Task)

IE: Greek

French Creole

ecognition

I
Responsible Al

Task Oriented Dialogue
s
Name Entity R
araphrase Identification

Q
Natural Language Inference
M

F
Multiple Choice Reading Comprehension

Figure 3: The positive scores of the bar-plots denote that the current LLMs are relatively good with those language

families / tasks.

variants of Llama2, Mistral, and Gemma across the
following evaluation datasets: PAWS-X, XCOPA,
XNLI, XQUAD, XRiSAWOZ, and XstoryCloze.
The significance level for our analysis was set at
0.001. We observed (Table 33) that all the models
that we study, exhibited contamination. Specifi-
cally, datasets such as PAWS-X, XCOPA, XQUAD,
and XRiSAWOZ were found to have their p-values
less than the significant value for Gemma 7B In-
struct, Llama2 7B Instruct and Mistral 7B Instruct
indicating contamination.

6 Discussion

In this work, we benchmark 22 datasets covering 83
languages across several models — GPT-3.5-Turbo,
GPT-4, PaLM2, Gemini-Pro, Gemma, Llama2,
Mistral as well as multimodal models. We find sim-
ilar trends across most datasets we study - larger
commercial models such as GPT-4 and Gemini-pro
outperform smaller models like Gemma, Llama
and Mistral models, particularly on low-resource
languages. This suggests that multilingual perfor-
mance is a challenge for smaller models, and direc-
tions such as language-specific models, language
family-based models and fine-tuning should be ex-
plored for better multilingual performance.
GPT-4, PalLM2 and Gemini-Pro excel on differ-
ent datasets, with GPT-4 showing superior perfor-
mance overall on multilingual datasets compared
to both PaLLM2 and Gemini-Pro. GPT-4-Vision
outperforms LLaVA and Gemini-Pro-Vision on the

multimodal datasets we study. Tokenizer fertility
is correlated with Language Model performance
(Rust et al., 2021; Ali et al., 2023). We plot the
fertility analysis of all the tokenizers (Figure: 14)
for the models that we studied in this work. We
noticed that on average, Latin script languages such
as Spanish, English had lower fertility as compared
to languages that are morphologically complex lan-
guages like Telugu, Malay and Malayalam having
high fertility amongst all the tokenizers.

Dataset contamination is a critical issue that
affects English and non-English language bench-
marking studies. Our contamination analysis on
open source and commercial models shows that
almost all models are contaminated with datasets
included in MEGAVERSE. New multilingual evalu-
ation datasets are difficult to create due to resource
and funding constraints, hence, care should be
taken to make sure that they are not included in
the training data of LLMs. To achieve this, we
need to enhance our ability to identify instances of
contamination, as well as implement measures to
avoid future contamination.

7 Limitations
Our work is subject to the following limitations:

Model comparison We have covered a wide ar-
ray of Large Language Models. We realize that ac-
cess to the commercial models (GPT, PaLM2, etc.)
is via an API endpoint. These models might be
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running various post-processing modules and clas-
sifiers resulting in an inflated performance as com-
pared to the Open-source models (LLaVA, Llama,
Mistral).

Dataset contamination We perform the dataset
contamination exercise on a few set of datasets for
PalLM2 and GPT-4 on a granular level. We also
perform a thorough analysis of the open-source
models covered in MEGAVERSE. However, there
were certain limitations that we discuss in depth in
Section 5. We were also limited by the compute
and time, therefore we did not perform the contam-
ination study on all our datasets and only covered
the 7B variants of our open-source models.

Prompt tuning LLMs are sensitive to prompting,
and we do not perform extensive prompt tuning for
the new datasets. We also do not experiment with
prompting variations, such as translate-test and
zero-shot cross-lingual prompting, or more com-
plex strategies such as Chain of Thought prompting
due to resource constraints.

Experiments on limited data and datasets Due
to resource constraints, we perform experiments on
partial datasets when indicated, and do not evaluate
all models on all datasets. We plan to do so in
future work.

Focus on task accuracy We perform limited ex-
periments on RAI datasets and do not perform ex-
periments on other important dimensions such as
fairness, bias, robustness, efficiency, etc., mainly
due to the lack of such datasets for non-English
languages. This is an important future research
direction.
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A Appendix

A.1 Tasks and Datasets

We benchmark 22 datasets encompassing 83 lan-
guages. A breakdown of this is described here in
Table 1

Dataset Task Languages
XNLI Natural Language Inference 15
Indic-XNLI Natural Language Inference 11
GLUECoS Natural Language Inference 2
PAWS-X Paraphrase Identification 7
XCOPA Commonsense Reasoning 10
XStoryCloze Commonsense Reasoning 11
TyDiQA-GoldP Question Answering 9
MLQA Question Answering 6
XQuAD Question Answering 11
IndicQA Question Answering 10
AfriQA Question Answering 10
MaRVL Visual Question Answering 5
UDPOS Part of Speech Tagging 38
PANX Name Entity Recognition 48
XRiSAWOZ Task Oriented Dialogue 6
WinoMT Responsible AT 8
GLUECo0S Sentiment Analysis 2
Jigsaw Toxicity Classification 6
XLSum Summarization 44
IN22 Machine Translation 14
XM-3600 Image Captioning 20
BeleBele Multiple Choice Reading Comprehension 23

Table 1: Dataset and language coverage

A.2 Prompts

Figures 4 to 13 shows the various prompts used in
our benchmarking study.

A.3 Results for Fertility Analysis

Figure 14 shows fertility analysis.

A.4 Results - Figures

Figures 15 to 34 show our results on various mod-
els, languages, and datasets.

A.5 Results - Tables

Tables 2 to 26 show our results on various models,
languages, and datasets.

A.6 Contamination

Tables 27 to 32 show the contamination values for
the various datasets for the commercial models.
For the p-values of the statistic test performed on
the open-source models, please refer to Table 33.

Task Instruction Z: You are an NLP assistant trained to answer
questions directly. For each question provided, respond with the
most accurate and concise answer. The answer should be in the same
language as the question.

Template fiemp:
Q: {question}
A: {answer}

Figure 4: AfriQA Prompt
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Prompt: For Belebele fig: 5, we evaluated our
models on zero-shot prompting using instructions
proposed by Bandarkar et al. (2023) .

For chat-based (e.g. Llama2 chat) models and the
X-RiSAWOZ prompt (fig: 9), we drop the “Learn-
ing example. . .” and “Target example. . .” and use
the ChatGPT-like prompt format with task prompt
in the “system” prompt, { Turn ID, Database, Con-
text} in the “user” prompt and “Answer” in the
“assistant” prompt. We use the dataset provided by
Moradshabhi et al. (2023) in which the context is
preprocessed to include all the relevant information
(e.g. previous dialogue acts or states) for a task.

Task Instruction Z:You are an AI assistant whose purpose is to
perform reading comprehension task. Given the following passage,
query, and answer choices, output the letter corresponding to the
correct answer.

Template ftemp:
{instruction}
H#iH#

Passage:
{passage}
H#HHE

Query:
{query}

HHHE

Choices:

(A) {AY

(B) {B}

©) {Cx

(D) {D}

H#H

Answer:

Figure 5: Belebele MRC Prompt

You are an AI assistant whose purpose is to perform translation.
Given the following sentence in {source}, translate it to {target}.

Figure 6: Translation Prompt

Is the below statement in {language} correct with respect to the
left and right images? Return ‘TRUE‘ if it is true, else ‘FALSE‘.
CAPTION: {caption}

Figure 7: MaRVL Prompt

Generate a #**brief** coco style caption for the given image in
{language}.

Figure 8: XM-3600 Prompt

Shttps://github.com/EleutherAl/
Im-evaluation-harness/pull/885

( TASK PROMPT. Refer to each task below. )
{

Learning example #i:

Turn ID: turn_id

Database: db_id

Context: gold_context

Answer: gold_answer

} for i in range(k) # (in-context examples)
Target example #i:

Turn ID: turn_id

Database: db_id

Context: gold_context

Answer: (model-completion-here)

Figure 9: General prompt structure for X-RiSAWOZ

You are a helpful NLP assistant solving the “Task Oriented Dialogue”
problem. In particular, you are solving the "Dialogue State
Prediction” subtask. In Dialogue State Prediction, you must describe
what is the state of the dialogue given the history using SQL-like
structure. The syntax can be understood from the examples below.
Based on the learning examples given below, complete the “Answer”
part of the target example. Do not print any additional information.

Figure 10: Task prompt for “DST” subtask in X-
RiSAWOZ

You are a helpful NLP assistant solving the “Task Oriented Dialogue”
problem. In particular, you are solving the "API Call Detection”
subtask. In API call detection, your task is to identify whether
the dialogue can be continued with whatever context we already have.
"yes" here means that additional data must be queried using an API
for continuing the dialog while "no" means that API call is not
required. Based on the learning examples given below, complete the
“Answer” part of the target example. Do not print any additional
information.

Figure 11:
RiSAWOZ

Task prompt for “API” subtask in X-

You are a helpful NLP assistant solving the “Task Oriented Dialogue”
problem. In particular, you are solving the "Dialogue Act
Prediction” subtask. In Dialogue Act Generation, you must generate
the next dialogue action based on the given context. This will be an
SQL-1like structure. The syntax can be understood from the examples
below. Based on the learning examples given below, complete the
“Answer” part of the target example. Do not print any additional
information.

Figure 12: Task prompt for “DA” subtask in X-
RiSAWOZ

You are a helpful NLP assistant solving the “Task Oriented Dialogue”
problem. In particular, you are solving the "Response Generation”
subtask. In Response Generation, your task is to produce a
natural language response from the chatbot given the context of the
conversation. Based on the learning examples given below, complete
the “Answer” part of the target example. Do not print any additional
information.

Figure 13: Task prompt for “RG” subtask in X-
RiSAWOZ
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Figure 15: Results for AfriQA across all languages and models for monolingual prompting

Belebele
80
360
I
E
3
< 40
20
0
2 2 12
@‘}\ q,o& ';'?\QQ & &°° & R4 q?\@(\ o“é\ & 3"\& 13'&
< < S o & o & A 9 o o 5
QS
Language
T-3.5-Turbo Monolingual [ GPT-4 Monolingual [0 PaLM2 Monolingual [T Mistral-7B-Instruct-v0.1 [ Llama2-70B Monolingual [T gemma-Tb-it [ gemma-2b-it EEE gemini-pro
Belebele
80
500
e
H
3
£40
20
0 BN B BN ¢ BN R
) <\ . . o o P o .
& 3 & & 2 & o S & o &
S 23 > & (& < & A S N o
\id o <] < +° & v S < ¥
& ¥ N
Language
0 Mistral-7B-Instruct-v0.1 B Llama2-708 i o g bit T g b B gemini-pro

Figure 16: Results for Belebele across all languages and models for monolingual prompting
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Figure 17: Results for X-RiSAWOZ across all languages and models for monolingual prompting
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Figure 18: Results for XNLI across all languages and models for monolingual prompting
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Figure 19: Results for IndicXNLI across all languages and models for monolingual prompting
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Figure 20: Results for PAWSX across all languages and models for monolingual prompting
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Figure 21: Results for XCOPA across all languages and models for monolingual prompting
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Figure 22: Results for XStoryCloze across all languages and models for monolingual prompting
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Figure 23: Results for TyDiQA across all languages and models for monolingual prompting
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Figure 24: Results for MLQA across all languages and models for monolingual prompting
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Figure 25: Results for IndicQA across all languages and models with zero-shot cross-lingual prompting
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Figure 26: Results for the GLUECoS dataset on the Sentiment Classification (English-Spanish, En-Es-CS) and the
NLI (English-Hindi) task
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Figure 27: Accuracy scores for the LLaVA models, GPT4-Vision, and Gemini-Pro-Vision on MaRVL. We used two
prompting strategies, monolingual and translate-test.
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Figure 28: chrF scores for the LLaVA models, GPT4-Vision, and Gemini-Pro-Vision on XM-3600. We use
monolingual prompting as the prompting strategy.
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Figure 29: Results for WinoMT across all languages and models for monolingual prompting
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Figure 30: Results for Jigsaw across all languages and models for monolingual prompting
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Figure 31: Results for PAN-X across all languages with monolingual prompting
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Figure 32: Results for PAN-X across all languages with monolingual prompting
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Figure 33: Results for UDPOS across all languages with monolingual prompting
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Figure 34: Results for XLSUM across all languages and models with monolingual prompting
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Model en ar bg de el es fr hi ru swW th tr ur vi zh avg

Fine-tuned Baselines

mBERT 80.8 643 68.0 70.0 65.3 73.5 73.4 589 67.8 49.7 54.1 60.9 572 69.3 67.8 65.4
mT5-Base 84.7 733 78.6 774 77.1 80.3 79.1 70.8 77.1 69.4 732 72.8 68.3 74.2 74.1 75.4
XLM-R Large 88.7 772 83.0 825 80.8 83.7 82.2 75.6 79.1 71.2 774 78.0 71.7 793 782 79.2
TuLRv6 - XXL 93.3 89.0 90.6 90.0 90.2 91.1 90.7 86.2 89.2 85.5 875 88.4 82.7 89.0 88.4 88.8

Prompt-Based Baselines

BLOOMZ 67.5 60.7 46.5 54.0 474 61.2 61.4 56.8 533 50.4 43.8 42.7 50.0 61.0 56.7 54.2
XGLM 52.6 46.4 48.9 45.6 48.7 45.8 49.4 46.8 48.6 445 46.6 454 434 485 48.8 473
Llama 2 7B 56.3 39 45 45 39 50 50 37 48 33 35 40 36 41 45 389
Llama 2 13B 55 37 51 50 0 51 52 0 50 36 0 45.2 29 48 48 33.1
Llama 2 70B 63.3 35 55 58 413 55 55 31.1 545 39.1 34.55 49.1 42.0 48.8 51.0 433
Mistral 7B 41.1 385 41.8 41.6 38.1 44.7 49.1 357 40.1 338 36 353 34.8 356 39.1 39.0
Mistral 7B Instruct 43.4 35.0 40.3 385 352 40.6 41.4 34.6 43.0 335 33.1 39.8 343 332 40.0 37.8
Google Models

PaLM 2 89.5 79.0 80.8 83.6 83.7 842 84.6 76.8 79.7 76.7 719 794 - 794 79.9 76.4
gemini-pro 79.0 67.8 75.0 75.8 72.7 76.5 735 68.1 723 67.1 62 72.2 - 67.9 66.1 71.1
Gemma 2B Instruct 50.7 48.5 479 45.5 47.1 46.9 442 48.5 49.9 389 46.7 453 45.0 49.6 524 47.1
Gemma 7B Instruct 56.9 46.4 52.3 52.6 49.8 52 52.7 45.7 50.4 433 48.7 46.8 43.8 49 474 492
Open Al Models

gpt-3.5-turbo 76.2 59.0 63.5 673 65.1 70.3 67.7 555 625 56.3 54.0 62.6 49.1 60.9 62.1 62.1
gpt-3.5-turbo (TT) 76.2 62.7 67.3 69.4 67.2 69.6 69.0 59.9 63.7 55.8 59.6 63.8 54.0 63.9 62.6 64.3
text-davinci-003 79.5 522 61.8 65.8 59.7 71.0 65.7 47.6 622 50.2 51.1 57.9 50.0 56.4 58.0 593
text-davinci-003 (TT) 79.5 65.1 70.8 71.7 69.3 72.2 71.8 63.3 673 573 62.0 67.6 55.1 66.9 65.8 67.1
gpt-4-32k 849 73.1 77.3 78.8 79.0 78.8 79.5 72.0 743 70.9 68.8 76.3 68.1 743 74.6 754

Table 2: Comparing performance of different models on all languages in XNLI. Metric: Accuracy. Unsupported
languages are marked with ‘-’. Averages are calculated only from supported languages.

Model as bn gu hi kn ml mr or pa ta te avg

Fine-tuned Baselines

MuRIL 760 750 77.0 77.0 77.0 79.0 740 760 77.0 77.0 740 76.0
Open Al Models

gpt-3.5-turbo 49.5 53.6 506 555 539 484 499 474 536 482 474 507
gpt-3.5-turbo (TT) 543 61.6 61.8 59.6 60.8 599 587 585 623 583 608 59.7
text-davinci-003 48.6 52.6 512 569 49.1 482 494 464 504 455 472 496
text-davinci-003 (TT) 56.0 66.0 64.7 62.6 639 61.8 609 608 647 618 631 624
gpt-4-32k 63.5 722 669 717 690 643 662 61.1 71.1 637 648 668
Open Source Models

Mistral 7B 344 455 322 46 373 215 388 0 99 412 133 29.1
Mistral 7B Instruct 235 307 197 302 30 125 329 7 8 274 29.6 283
Google Models

Gemma 2B Instruct 38.9 40.8 413 484 394 399 40.7 328 408 411 42 405
Gemma 7B Instruct 443 474 453 457 46.1 462 438 337 458 456 457 445

Table 3: Comparing performance of different models on all languages in IndicXNLI. Metric: Accuracy.
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Model en de es fr ja ko zh avg

Fine-tuned Baselines

mBERT 940 857 874 870 730 696 77.0 819
mT5-Base 954 894 89.6 912 798 785 8l.1 864
XLM-R Large 947 89.7 90.1 904 787 79.0 823 864
TuLRv6 - XXL 972 951 948 956 894 904 904 93.2

Prompt-Based Baselines

BLOOMZ 89.8 843 889 875 744 858 652 823
Llama 2 7B 684 651 67 67 56 53.8 605 625
Llama 2 13B 633 523 577 54 0 0 6 333
Llama 2 70B 532 638 65 656 465 2777 54 537
Mistral 7B 642 68.6 674 636 534 493 533 60
Mistral 7B Instruct 653 60.7 64.6 645 548 541 551 599
Google Models

PalLM 2 815 777 717 785 732 712 764  T76.6
gemini-pro 80.0 769 764 757 673 657 724 735
Gemma 2B Instruct 549 548 538 549 534 551 538 544
Gemma 7B Instruct 579 516 57.0 523 456 458 483 512
Open Al Models

gpt-3.5-turbo 724 706 720 721 672 665 692 70.0
gpt-3.5-turbo (TT) 724 708 69.7 701 619 625 631 672
text-davinci-003 725 706 727 707 606 61.8 60.8 67.1
text-davinci-@03 (TT) 725 69.8 70.1 713 654 658 652 68.6
gpt-4-32k 762 740 741 726 715 699 726 73.0

Table 4: Comparing performance of different models on all languages in PAWS-X. Metric: Accuracy.

Model en et ht id it qu SW ta th tr avg

Fine-tuned Baselines

mT5-Base - 503 499 492 49,6 505 504 492 507 495 499
TuLRv6 - XXL - 774 78.0 926 960 610 694 854 872 928 74.0
Prompt-Based Baselines

BLOOMZ 88.0 480 550 860 740 500 60.0 67.0 50.0 540 632
XGLM - 659 589 689 692 471 629 563 620 585 61.1
Llama 2 7B 74 506 512 59 706 504 506 496 52 526 56.0
Llama 2 13B 91 512 494 724 798 502 504 0 0 54 498
Llama 2 70B 94 46,6 436 40 526 372 342 214 246 44 438
Mistral 7B 91 558 58 862 518 497 512 604 656 722 63
Mistral 7B Instruct 92 53,6 524 62 724 504 498 29.1 508 537 57.7
Google Models

PalLM 2 99.1 97.0 - 98.0 98.0 - 89.1 - 95.0 93.1 95.6
gemini-pro 99.0 96.2 - 95.8 97.6 - 90.0 - 95.0 96.0 95.6
Gemma 2B Instruct 61.0 50.0 50.0 500 512 500 500 500 498 513 513
Gemma 7B Instruct 920 60.6 48.6 692 738 496 496 506 614 590 614
Open Al Models

gpt-3.5-turbo 97.8 90.6 720 904 952 546 820 590 77.6 91.0 81.0
gpt-3.5-turbo (TT) 97.8 882 794 90.8 944 500 776 870 822 878 835
text-davinci-003 982 87.8 750 914 960 548 636 538 66.6 87.8 775
text-davinci-003 (TT) 98.2 89.6 828 930 946 500 828 870 848 898 853
gpt-4-32k 99.6 988 932 976 998 586 944 79.6 878 974 90.7
gpt-4-32k (TT) 99.6 944 858 960 982 858 834 914 878 922 90.6

Table 5: Comparing performance of different models on all languages in XCOPA. Metric: Accuracy. Unsupported
languages are marked with ‘-’. Averages are calculated only from supported languages.
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Model en ar de el es hi ru th tr vi zh avg

Fine-tuned Baselines

mBERT 83.5/722 61.5/45.1 70.6/54.0 62.6/449 755/569 59.2/46.0 71.3/53.3 42.7/335 554/40.1 69.5/49.6 58.0/483 64.5/49.4
mT5-Base 84.6/71.7 63.8/443 73.8/545 59.6/356 74.8/56.1 60.3/43.4 57.8/347 57.6/457 67.9/482 70.7/503 66.1/54.1 67.0/49.0
XLM-R Large 86.5/7577 68.6/49.0 80.4/634 79.8/61.7 82.0/639 76.7/59.7 80.1/643 742/62.8 759/593 79.1/59.0 59.3/50.0 76.6/60.8
TuLRv6 - XXL 90.1/80.6 85.4/69.6 86.1/70.4 86.3/704 87.6/71.0 85.9/70.5 86.8/73.2 87.0/81.1 843/71.0 87.6/71.3 79.2/73.2 86.0/72.9

Prompt-Based Baselines

BLOOMZ 92.1/83.8 82.8/69.7 763/60.4 49.7/37.6 86.8/71.4 83.4/729 657/472 205/155 51.4/37.2 869/72.7 82.4/78.6 70.7/588
Llama 2 7B 19.1/0.1 1.9/0.1 12.0/0.0 1.7/0.1 13.870.1 0.7/0.0 4.6/0.6 0.6/0.0 4.97/0.1 7.0/0.0 7.0/0.5 6.7/0.1
Llama 2 13B 17.0/0.0 1.8/0.1 11.3/0.0 1.5/0.0 13.3/00  0.7/0.0 4.1/0.6 0.5/0.0 0.5/0.0 7.5/0.0 6.4/0.5 5.9/0.1
Llama 2 70B 19.8/0.0 1.9/0.0 10.7/0.0 1.7/0.0 139/00  6.3/0.0 4.6/0.6 0.4/0.0 4.8/0.0 7.3/0.0 7.1/0.6 7.1/0.1
Mistral 7B 334/07 22.1/27 289/08 21.3/29 335/1.2 17.8/23 272/13 15.8/34 259/1.6 354/35 16.6/1.3 259/2
Mistral 7B Instruct 34.3/0.7 84.7/1.8 28.1/0.5 11.5/0.8 31.4/08 17.7/1.8 27.1/2 11.6/16 23.1/1.8 31/23 14.1/09 233/13
Google Models

PaLM 2 86.7/76.4 63.1/484 759/59.2 76.5/55.7 813/628 61.7/47.0 69.8/527 61.9/54.1 68.1/52.1 725/52.4 48.8/44.6 69.7/55.0
gemini-pro 83.1/72.2 68.8/527 73.7/56.7 679/524 77.1/59.6 71.6/572 629/473 689/628 679/514 77/594 594/559 71.1/57.5
Gemma 2B Instruct ~ 24/6.8 148/22 182/49 1771117 19.7/3.4 10.8/3 146/26 17.6/93 1573 229/49 125/45 17.1/45
Gemma 7B Instruct  73.3/56.3 424/243 60.6/41.8 444/283 64.6/382 41.4/256 51.4/312 422/29.7 447/232 647/41.5 40.5/334 525/346
Open Al Models

gpt-3.5-turbo 79.3/58.7 59.6/35.1 70.6/46.6 49.0/22.8 703/40.8 54.0/29.0 58.0/313 41.9/304 61.8/35.0 69.1/424 504/483 60.4/382
text-davinci-@03 77.2/61.8 36.8/22.5 552/39.7 31.8/19.7 61.8/41.3 199/10.0 294/17.6 11.5/87 44.8/292 41.7/254 356/32.8 40.5/28.1
gpt-4-32k 832/656 67.8/424 71.9/487 623/36.6 71.5/50.7 63.9/36.7 63.8/358 54.6/420 70.8/46.6 758/49.7 60.0/57.5 68.3/46.6

Table 6: Comparing performance of different models on all languages in XQUAD. Metric: F1 Score / Exact Match.

Model en ar bn fi id ko il sW te avg

Fine-tuned Baselines

mBERT 75.3/63.6 62.2/42.8 49.3/32.7 59.7/45.3 64.8/458 58.8/50.0 60.0/38.8 5751379 49.6/38.4 59.7/43.9
mT5-Base 71.8/60.9 67.1/50.4 40.7/22.1 67.0/52.2 71.3/54.5 49.5/37.7 549/32.6 60.4/43.9 40.6/31.1 58.1/42.8
XLM-R Large 71.5/56.8 67.6/40.4 64.0/47.8 70.5/53.2 7741619 31.9/10.9 67.0/42.1 66.1/48.1 70.1/43.6 65.1/45.0
TuLRv6 - XXL 85.4/76.4 84.1/70.4 86.9/79.6 83.8/72.8 88.8/77.9 78.5/67.8 81.9/68.6 87.2/79.6 85.2/71.6 84.6/73.8

Prompt-Based Baselines

BLOOMZ 82.4/70.9 81.9/62.2 87.8/82.3 43.6/28.6 85.0/71.0 52.3/43.1 67.4/51.5 86.0/77.2 90.3/81.6 75.2/63.2
Llama 2 7B 21.0/0.2 0.2/0.0 0.0/0.0 10.6/0.3 12.7/0.0 0.6/0.0 77105 14.5/0.0 0.0/0.0 7.5/0.1
Llama 2 13B 27.6/0.0 0.2/0.0 0.0/0.0 102703 10.4/0.0 0.8/0.0 6.3/0.2 14.6/0.0 0.0/0.0 7.870.1
Llama 2 70B 28.7/0.2 0.2/0.0 0.0/0.0 104703 11.370.0 0.8/0.0 9.6/0.6 15.5/0.0 0.0/0.0 8.5/0.1
Mistral 7B 449/1.6 40.6/2.9 36.1/1.8 35.8/0.8 359705 41.8/0 28.7/0.6 2710 13.9/045 33871
Mistral 7B Instruct 40.6/0.7 31572 15.2/0.9 335705 393/1.1 33.7/0 26.5/0.6 299704 11.2/045 29.6/0.8
Google Models

PaLM 2 76.2/62.3 76.3/51.7 7721628 78.6/62.3 81.7/66.2 72.6/64.1 70.2/54.3 79.6/69.1 -/- 76.5/61.6
gemini-pro 71.2/59.3 63.7/54.1 75.1/66.4 68.8/60.7 751642 74165.6 60.8/48.9 79.7/73.1 -/- 71.0/61.5
Gemma 2B Instruct 51.9/29.5 43.6/159 20.5/4.4 49.1/30.8 43.6/20.4 39.4/22.8 39.7/15.6 5741447 -/- 43.1/23.0
Gemma 7B Instruct 68.2/51.6 61.7/37.6 52.1/327 68/53.5 71.3/53.5 64.5/52.5 52.5/31.4 75.1/62.9 -/- 64.2/47.0
Open Al Models

gpt-3.5-turbo 54.8/30.7 50.9/24.2 60.7/32.7 66.6/49.0 67.2/43.4 59.7/453 45.8/20.0 64.3/47.7 70.9/53.1 60.1/38.4
text-davinci-003 73.7/59.1 56.2/38.7 16.1/10.6 70.3/58.8 68.6/51.2 40.6/32.2 42.3/289 74.1/62.3 5.8/3.0 49.8/38.3
gpt-4-32k 729/51.4 60.8/32.7 68.0/42.5 7541577 80.8/61.1 69.7/58.5 61.4/30.5 81.8/68.7 72.5/549 71.5/50.9

Table 7: Comparing performance of different models on all languages in TyDiQA. Metric: F1 Score / Exact Match.
Unsupported languages are marked with ‘-’. Averages are calculated only from supported languages.

Model en ar de es hi vi zh avg
Fine-tuned Baselines

mBERT 80.2/67.0 52.3/34.6 59.0/43.8 67.4/49.2 50.2/35.3 61.2/40.7 59.6/38.6 61.4/442
mT5-Base 81.7/66.9 57.1/36.9 62.1/43.2 67.1/47.2 55.4/379 65.9/44.1 61.6/38.6 64.4/45.0
XLM-R Large 83.5/70.6 66.6/47.1 70.1/54.9 74.1/56.6 70.6/53.1 74.0/52.9 62.1/37.0 71.6/53.2
TuLRv6 - XXL 86.6/74.4 76.2/56.5 80.2/67.0 81.7/65.1 82.2/64.8 82.3/63.2 78.1/56.5 81.0/63.9
Prompt-Based Baselines

Llama 2 7B 69.6/50.7 52/12 4451273 51.9/29.8 0.5/0.0 42.5/27.4 7.0/42 31.6/20.1
Llama 2 13B 62.2/38.7 55.0/36.0 73.1/52.5 62.2/38.7 0.4/0.0 9.1/7.6 9.1/7.6 38.8/259
Llama 2 70B 56.1/36.4 4.1/0.5 42.1/24.1 34.5/12.9 0.8/0.0 26.9/12.6 53/33 2421/12.8
Mistral 7B 353/1 23.2/0.8 25.1/0.5 343/0.8 299/24 40.1/1.2 1.9/0 272171
Mistral 7B Instruct 324/1.1 17.1/0.6 29.6/0.4 32.5/0.6 19.5/1.2 36.4/1.7 1.48/0 24.1470.8
Google Models

PalLM 2 82.1/68.8 41.4/223 62.0/43.9 69.1/43.7 50.2/35.5 72.2/49.4 11.7/89 55.5/389
gemini-pro 78.2166.4 38.9/21.7 61.4/46.3 69.9/48.4 63.3/47.3 71/51.3 103775 56.1/41.3
Gemma 2B Instruct 43.4/20.7 16.5/7 31.1/16 36.6/8.7 18.4/8.7 32/139 5.1/1.6 26.2/10.9
Gemma 7B Instruct 72/53.5 30.3/16.1 56 /40 58.4/34.2 40.7/24.5 60.5/38.4 9.1/5.6 46.7/30.3
Open Al Models

gpt-3.5-turbo 72.8/53.2 48.5/239 51.0/29.6 53.8/29.4 50.7/28.9 58.9/35.1 56.7/29.4 56.1/32.8
gpt-3.5-turbo (TT) 72.8/53.2 37.8/18.4 44.3/26.2 54.1/31.8 37.3/20.0 41.6/22.5 36.5/17.2 46.4/27.0
text-davinci-003 74.8/59.0 38.4/21.7 57.7/38.1 62.9/37.8 249/14.1 47.7129.7 32.3/31.7 484/33.1
text-davinci-003 (TT) 74.8/59.0 48.2/25.6 53.5/33.9 62.9/40.9 49.2/28.7 51.0/30.4 45.2/24.1 55.0/34.7
gpt-4-32k 80.3/62.8 59.1/33.5 64.7/44.4 70.0/45.9 57.3/35.6 72.2/49.0 67.1/38.4 67.2/44.2

Table 8: Comparing performance of different models on all languages in MLQA. Metric: F1 Score / Exact Match.
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Model as bn gu hi kn ml mr or pa ta te avg

Fine-tuned Baselines

BLOOMZ 40.6/31.7 429/36.6 372/299 440/451 37.8/266 30.5/284 392/33.0 254/22.0 264/335 39.7/359 389/347 36.6/325
Google Models

Gemma 2B Instruct 6.6/5.5 45/29 10.1/9.6 59/1.8 12.6/11.6 4/3 55739 23/23 7.715.1 56/24 34/25 6.2/4.6
Gemma 7B Instruct  19.1/12.6 21.9/149 222/20.1 32/21.8 21.8/174 156/126 225/164 75/74 194715 243/18.1 152/126 20.1/154
Open Al Models

gpt-3.5-turbo 353/21.4 49.5/302 40.5/255 559/39.3 353/204 30.0/192 50.0/320 22.1/12.7 358/15.1 327/21.6 329/19.7 38.2/234
text-davinci-003  6.7/3.2 10.3/5.8 54/35 168/11.8 7.1/39 3.6/23 14.6/8.5 6.9/3.4 10.7/4.1 42/25 6.8/3.6 8.4/4.8
gpt-4-32k 58.8/404 67.1/474 59.4/424 752/62.2 47.1/31.6 483/33.7 60.7/43.1 29.9/16.7 56.1/34.1 54.0/39.7 47.9/278 55.0/38.1

Table 9: Comparing performance of different models on all languages in IndicQA. Metric: F1 Score / Exact Match.

Model bem fon hau ibo kin swa twi wol yor zul avg

Open Source Baselines

Llama 2 7B 04 05 06 07 03 07 09 04 29 13 09
Llama 2 13B 04 05 06 07 03 07 09 04 3 1.3 09
Llama 2 70B 04 05 06 07 03 07 09 04 3 1.3 09
Mistral 7B 1.9 0 1.7 14 19 43 12 08 14 29 283
Mistral 7B Instruct 1.9 56 04 0.1 1.9 2 0.3 1.1 05 1.8 1.56
Google Models

Gemma 2B Instruct 09 00 00 00 02 04 04 00 05 00 02
Gemma 7B Instruct 09 00 04 00 03 05 00 00 00 00 02

Open Al Models
gpt-3.5-turbo 44 105 112 205 104 185 203 49 164 88 126
gpt-4-32k 17.7 15.0 329 44.7 315 38.7 30.8 11.6 28.2 275 279

Table 10: Comparing performance of different models on all languages in AfriQA. Metric: F1 Score.

Model en af ar bg de el es et eu fa fi fr he hi hu id it ja kk

Fine-tuned Baselines

mBERT 96.4 86.7 50.0 847 887 809 866 799 62.1 655 733 812 555 66.0 786 742 878 472 704

XLM-R Large  97.0 89.2 630 883 912 865 89.2 873 749 708 827 867 675 752 834 757 892 293 783

Google Models

PalLM 2 704 - 506 823 749 660 607 739 - - 794 849 722 713 683 642 751 63.1 -

gemini-pro 59.1 - 239 704 66.6 309 241 600 @ - - 78.5 844 512 477 345 518 613 - -

Open Al Models

gpt-3.5-turbo 785 743 383 79.1 80.7 47.1 348 760 720 467 795 780 53.8 507 654 636 754 474 6438

gpt-4-32k 84.1 776 420 831 863 498 684 802 793 464 827 854 604 522 683 68.6 841 602 718
ko It mr nl pl pt ro ru ta te th tl tr uk ur vi wo yo zh  avg

Fine-tuned Baselines

mBERT 51.7 788 68.7 88.6 80.7 83.0 715 824 585 752 413 805 705 80.6 566 554 00 566 59.6 719
XLM-R Large 57.1 84.2 81.8 895 868 902 82.6 873 640 842 485 924 812 858 708 585 00 248 441 762
Google Models

PalLM 2 47.1 736 - 729 81.6 752 677 736 - - - - 765 639 - 698 - - 67.1 70.2
gemini-pro 445 525 - 629 80.5 502 464 545 - - - - 755 426 - 752 - - 449 550
Open Al Models

gpt-3.5-turbo 39.0 713 579 783 81.7 767 66.7 699 32,6 798 255 543 772 589 399 577 504 7.0 572 602
gpt-4-32k 512 737 79.1 818" 807 81.0 6631 747 347 84.6 3120 584 770 619 413 647 591 33.8f 635 66.6

Table 11: Comparing performance of different models on all languages in UDPOS. Metric: F1 Score. All numbers
are Monolingual results except the ones marked with § symbol which indicate Zero-Shot Cross-Lingual results
(due to the absence of training data in those languages. Unsupported languages are marked with °-’. Averages are
calculated only from supported languages.

2629



Model en af ar az bg bn de el es et eu fa fi fr gu he hi hu id it ja jv ka kk

Fine-tuned Baselines

mBERT 864 76.1 429 655 767 697 795 709 753 758 644 400 766 79.6 513 562 659 76.1 610 813 292 624 651 503
XLM-R Large 854 78.6 473 694 809 747 807 792 718 787 61.6 552 79.6 79.8 627 555 709 802 51.8 803 185 619 709 544
Google Models
PaLM 2 35.8 - 442 - 49.6 41.8 39.7 562 373 505 - - 539 40.0 - 37.0 49.0 248 432 539 87
gemini-pro 34.1 - 47.8 - 453 41.8 350 46.7 345 443 - - 46.3 40.6 - 37.8 452 250 46.1 534 6.1
Open Al Models
gpt-3.5-turbo 432 438 454 421 51.6 403 527 41.0 602 587 31.5 393 59.1 507 184 343 455 537 584 600 74 577 251 309
gpt-4-32k 497 559 594 596 62.6 527 692 544 686 744 578 67.6 71.1 685 238 480 594 719 727 728 92 688 31.6 453

ko 1t ml  mr ms my nl pa pl pt qu o ru swW ta te th tl tr uk ur vi yo zh  avg

Fine-tuned Baselines

mBERT 59.5 758 53.0 570 67.1 457 810 305 792 804 585 740 639 714 507 489 04 726 734 697 354 745 458 425 623
XLM-R Large 592 75.8 60.2 634 685 552 832 494 793 799 585 787 719 689 584 538 07 747 803 780 603 783 370 266 652
Google Models

PaLM 2 39.1 573 - - - - 519 - 467 414 - 385 330 540 - - 1.4 - 569 384 - 406 - 11.9 40.6
gemini-pro 357 55 - - - - 54 - 493 451 - 407 388 575 - - 1.1 - 561 377 - 476 - 79 399
Open Al Models

gpt-3.5-turbo 279 519 252 344 520 87 594 367 584 489 419 427 294 577 260 220 1.7 365 505 344 357 335 569 133 403
gpt-4-32k 514 713 356 474 641 163 679 498 703 645 698 596 648 689 369 330 25 619 729 584 69.6 584 739 185 555

Table 12: Comparing performance of different models on all languages in PAN-X. Metric: F1 Score. Unsupported
languages are marked with ‘-’. Averages are calculated only from supported languages.

Model ar en es eu hi id my ru SW te zh avg

Prompt-Based Baselines

BLOOMZ 79.7 957 873 705 799 856 499 673 653 674 900 762
XGLM 59.8 759 692 638 625 708 612 724 652 634 677 665
Google Models

PaLM 2 1.7 531 524 - 0.7 4.2 - 285 471 - 239 1838
gemini-pro 96.9 98.7 983 - 97.6 975 - 97.6 96.1 - 974 975
Gemma 2B Instruct 64.7 76.6 69.1 531 643 659 558 653 547 544 7T1.1 632
Gemma 7B Instruct 68.5 899 90.7 674 721 793 340 844 604 411 867 704
Open Al Models

gpt-3.5-turbo 925 96.8 958 784 91.1 950 572 96.6 923 731 956 877
gpt-3.5-turbo (TT) 943 96.8 96.1 925 947 952 886 962 887 936 956 939
text-davinci-003 874 983 976 781 778 964 474 942 781 576 950 825
text-davinci-003 (TT) 95.0 983 962 941 951 959 90.1 969 90.7 943 962 948
gpt-4-32k 9.1 996 995 976 988 990 776 99.1 984 934 992 96.5
gpt-4-32k (TT) 97.7 99.6 987 968 979 981 932 992 936 964 983 970

Table 13: Comparing performance of different models on all languages in XStoryCloze. Metric: Accuracy.
Unsupported languages are marked with ‘-’. Averages are calculated only from supported languages.

Model NLI En-Hi Sentiment En-Es

Fine-tuned Baselines

mBERT 63.1 69.31
Google Models

Pal.M 2 82.8 51.5
gemini-pro 80.8 294
Open Al Models

text-davinci-003 72.1 68.8
gpt-3.5-turbo 78.8 68.0
gpt-4-32k 90.4 45.5

Table 14: Comparing performance of different models on code-mixing datasets from Khanuja et al. (2020b). Metric:
Accuracy.
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Model en am ar az bn cy es fa fr ed gu ha hi id ig ja ko ky mr  my ne om pa

Fine-tuned Baselines

mT5-RL 351 246 312 244 242 299 274 335 313 263 227 353 335 344 256 387 271 17.7 229 173 27.9 223 28.8

Prompt-Based Baselines

Llama 2 7B 0.0 00 00 320 00 238 00 00 00 71 00 77 00 27 105 00 00 00 00 00 0.0 1.1 0.0

Llama 2 13B 0.0 00 00 250 00 270 00 00 00 80 00 40 00 20 11.0 00 00 00 00 00 0.0 1.0 0.0

Llama 2 70B 0.0 00 350 00 00 00 00 00 00 30 00 70 00 120 30 00 00 360 00 00 0.0 8.0 0.0

Google Models

PalLM 2 0.2 - 55 - - - 0.0 - 0.0 - - - 25 00 - 00 212 - - - - - -

gemini-pro 0.1 - 54 - 0.0 - 0.0 - 0.0 - - - 24 00 - 21 75 - - - - - -

Gemma 7B Instruct 0.2 00 08 00 - 0.0 0.0 - 0.0 - 00 05 00 00 - - 0.0 - 0.0 0.0 0.0 -

Open Al Models

gpt-3.5-turbo 259 94 248 158 17.1 219 206 230 258 232 00 237 236 268 190 264 147 121 138 7.7 15.7 14.4 229

gpt-4-32k 275 169 231 156 18.0 255 19.7 237 233 246 165 245 240 255 200 29.1 153 134 144 63 185 14.7 224
pidgin  ps pt m ru si S0 srf o srFE L sw ta te th t tr uk ur uz vi yo zh-Hant zh-Hans avg

Fine-tuned Baselines

mT5-RL 347 357 323 316 0.0 213 276 238 216 358 00 193 138 27.0 31.8 249 359 19.0 288 26.2 39.8 39.7 26.9

Prompt-Based Baselines

Llama 2 7B 5.7 00 74 00 01 00 36 01 40 41 00 00 00 00 49 00 00 00 341 8.1 0.0 0.0 35

Llama 2 13B 6.0 00 70 40 00 00 30 00 40 37 00 00 00 00 20 00 00 00 300 80 0.0 0.0 32

Llama 2 70B 130 00 50 20 00 00 90 00 30 85 00 00 00 00 60 00 00 00 30 00 0.0 20.0 39

Google Models

PaLM 2 - - 0.0 - 4.7 - - - 0 - - 0.0 - - - - - 0.0 - - - 1.2

gemini-pro - - 0.0 - 45 - - - 0.1 - - 2.8 - 00 49 - - 0.0 - 2.8 2.6 2.0

Gemma 7B Instruct 0.0 00 00 00 17 00 00 01 00 00 07 - 1.0 00 00 17 05 00 00 00 - 1.3 02

Open Al Models

gpt-3.5-turbo 236 213 249 205 00 92 212 111 167 273 00 06 89 00 220 179 256 11.8 209 165 234 215 17.2

gpt-4-32k 27.1 239 240 219 00 154 174 181 163 85 0.0 149 97 188 17.8 182 255 123 21.6 163 272 30.7 18.8

Table 15: Comparing performance of different models on all languages in XLSum. Metric: Rouge - L.

[

Model id tr zh SW ta avg
LLaVA Models

bakllava-v1 025 027 036 038 022 030
bakllava-v1 (TT) 0.58 0.58 0.56 054 052 056
llava-v1.5-13B 0.53 052 053 051 050 0.52
llava-v1.5-13B (TT) 053 057 052 053 054 054
vip-llava-13B 0.52 050 020 050 0.14 0.37
vip-llava-13B (TT) 056 0.56 0.53 052 051 054
Google Models

gemini-pro-vision 0.55 0.60 059 055 052 0.56
gemini-pro-vision (TT) 0.61 0.63 057 0.58 0.63 0.60
OpenAl Models

gpt-4-vision 0.81 081 071 074 078 0.77
gpt-4-vision (TT) 0.74 0.82 0.68 0.68 0.69 0.72

serbian_cyrillic, sr**: serbian_latin. Unsupported languages are marked with ‘- .
calculated only from supported languages.

Averages are

Table 16: Comparing performance of Multimodal models on MaRVL. Metric: Accuracy
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Model ar cs da de en es fi fr he hu ja
Prompt-Based Baselines
Llama 2 70B 423 650 662 694 788 684 627 722 414 61.1 68.4 56.6
Mistral 7B Instruct 1 542 513 515 656 594 352 60 0 42 51.4 41.7
Google Models
PaLM 2 869 87.8 881 876 922 860 866 882 0.0 87.0 86.3 84.1
gemini-pro 89.0 904 89.8 888 908 893 893 898 88.0 88.2 89.3 86.9
Gemma 2B Instruct  36.1 35.0 34.0 347 422 392 348 40.0 31.7 29.1 37.3 35.8
Gemma 7B Instruct 45.7 539 509 553 663 57.8 57.8 56.7 447 46.0 56.3 474
Open Al Models
gpt-3.5-turbo 69.3 769 80.7 833 877 792 779 831 642 74.6 80.0 70.9
gpt-4 91.8 855 823 850 790 830 86.8 909 86.9 61.0 81.0 86.0
ko nl no pl pt ru sV th tr zh-Hans  zh-Hant avg
Prompt-Based Baselines
Llama 2 70B 563 662 657 61.7 702 67.0 674 389 473 62.4 59.3 61.5
Mistral 7B Instruct  41.4 545 514 428 544 62.1 549 0 314 60.4 56.4 432
Google Models
PalLM 2 86.0 87.3 882 877 884 874 871 809 85.0 86.8 86.9 83.2
gemini-pro 879 889 888 881 894 89.1 889 834 84l 914 90.3 88.7
Gemma 2B Instruct 364 359 340 350 27.7 40.0 362 36.7 320 41.2 39.2 35.8
Gemma 7B Instruct 46 49.1 534 51.1 584 562 526 47.6 414 57.7 57.1 52.6
Open Al Models
gpt-3.5-turbo 67.1 804 79.0 747 83.0 784 81.7 557 699 77.6 76.3 76.2
gpt-4 88.6 853 831 852 788 90.6 800 839 784 89.0 89.8 84.0

Table 17: Comparing performance of different models on all languages in BeleBele. Metric: Accuracy.

Model ar cs da de en es fi fr it ja

LLaVA Models

bakllava-v1 0.12 11.64 1539 1497 29.81 19.00 1280 18.73 1723 0.10

llava-v1.5-13B 16.13 1937 27.04 2834 30.06 3022 2099 3210 28.10 10.40

vip-llava-13B 1224 1841 2526 2847 30.63 3032 19.26 3186 27.79 9.59

Google Models

gemini-pro-vision 25.00 2542 3231 31.14 3239 3274 2744 3395 32.03 13.37

OpenAl Models

gpt-4-vision 2847 31.67 3511 3496 37.67 3832 3196 3959 3588 15.81
ko nl no pl pt ru sV th tr zh

LLaVA Models

bakllava-v1 0.11 16.57 1521 1258 1644 0.57 15.25 049 12.79  0.13

llava-v1.5-13B 6.82 31.56 26.28 21.53 2820 19.51 2726 1453 16.74 8.57

vip-llava-13B 6.60 30.08 25.12 17.19 1940 1244 2549 9.87 1547 7.67

Google Models

gemini-pro-vision 1091 33.88 30.26 2829 3270 2493 3053 2634 2779 8.76

OpenAl Models

gpt-4-vision 1544 3929 3419 3282 3626 30.76 35.00 3237 32.00 10.15

Table 18: Comparing performance of Multimodal models on XM3600. Metric: chrF
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Model es fr it pt ru tr avg

Prompt-Based Baselines

PalLM (0-Shot) 79.83  78.99 - 77.58 80.35 84.1 80.17
PalLM (10-Shot Monolingual) 91.23 86.16 - 90.99 9247 84.5 89.07
PalLM-2 (0-Shot) 88.6  84.11 - 87.68 90.5 9342 88.86
PalLM-2 (10-Shot Monolingual) 89.68 87.94 - 92.05 94.25 9434 91.65
OpenAl Models
gpt-3.5-turbo (Crosslingual) 7727 73.64 80.05 81.16 7499 85.65 78.79
gpt-3.5-turbo (TT) 7420 70.09 76.67 72.66 73.68 8299 75.05
text-davinci-003 (Crosslingual) 79 74.55 81.11 81.63 79.13 93.55 81.50
text-davinci-003 (TT) 79.06 7293 7893 75.18 80.48 9322 79.97

Table 19: Comparing performance of different models on all languages in Jigsaw. Metric: Accuracy. PaLM 2 does
not support all languages; unsupported languages are marked with ‘-’. Averages for PaLM 2 are calculated only
from supported languages.

Google Microsoft Amazon Systran GPT Turbo 3.5 Bloomz
Acc Ag Ag Acc Ag Ag Acc Ag Ag Acc Ag Ag Acc Ag Ag Acc Ag Ag
es 50.9 232 20.9 45 36.5 229 57.2 153 21.7 425 46.2 15.6 549 22.7 26.2 55.6 17.2 325
fr 61.6 6.1 223 445 342 15.8 54.2 16.4 15 434 41.8 -0.1 52.7 214 26.1 52 17.8 24.6

it 38.6 32.9 18.6 38.8 41.8 10.5 40.2 26.8 14.7 38.1 47.3 6.3 45.1 21.9 26.7 45.7 9 18.5
ru 37.8 36.7 11.4 36.9 42 8.4 39.8 34.8 9.4 37.3 44.1 9.2 41 31.6 10.2 59 INV 0
uk 38.4 43.5 10.7 41.3 46.8 11.9 - - - 28.9 22.4 12.9 42.9 34.2 12.1 16.8 22.7 22
he 50.8 11.7 355 44 22 29.8 48 13.6 459 43.1 269 23.1 575 7.6 40.8 27.5 31.4 5
ar 45.8 42.5 16.2 45 47.1 14.2 48.3 37.8 18.8 45.6 49.4 -4.1 61.1 13.9 27.9 48.1 23 25.6
de 59.4 12.5 12.6 74.1 0 8.8 62.4 12 16.7 48.5 34.5 10 575 19.5 14.2 47.6 56.2 6.6

Table 20: Performance of commercial MT systems and LLMs on the WinoMT corpus on 8 target languages. Results
are categorized by language family. Acc indicates overall gender accuracy (% of instances the translation had the
correct gender), Ag denotes the difference in performance (F1 score) between masculine and feminine scores,
and Ag is the difference in performance (F1 score) between pro-stereotypical and anti-stereotypical gender role
assignments (higher numbers in the two latter metrics indicate stronger biases). Numbers in bold indicate best
accuracy for the language across all systems. Notes: [1. For Google, Microsoft, Amazon, and Systran we use the translations
provided by (Stanovsky et al., 2019). Some values differ from the original paper due to updated Spcay modules. 2. For Ru in
Bloomz, Precision in male predictions is 0 leading to Invalid (INV) in A¢]

Model as bn gu hi ka kn ml mr np or pa ta te ur
SOTA model
1T2 46.8 49.7 53.1 49.6 35.6 33.8 45.7 48.6 515 40.2 57.8 39.1 45.5 61.6

Prompt-Based Baselines

Llama 2 70B 0.7 0.7 0.9 1.3 1 1 1.3 1.5 0.8 0.7 0.7 1.1 1.1 1.9
Mistral 7B Instruct 2.1 55 22 74 38 4 2.5 5 54 1.6 1.8 38 29 6

Gemma 7B Instruct 139 219 4.7 26.9 10.3 22 6.3 15.7 16.5 1.6 42 18.6 10.5 1.6
OpenAl Models

gpt-3.5-turbo (@-shot) 272 399 36 46 - 279 30.4 34 383 25.6 40.6 29.7 32.1 49
gpt-3.5-turbo 263 36.1 343 41.8 12.7 26.5 28.1 32.8 375 235 40.2 283 30.1 47.1
gpt-4-32k 349 443 42.6 47 17.7 30.5 36.8 39.1 439 334 48.4 33.8 385 534

Table 21: Performance of various models on IN22-Conv in the En-Indic direction. All the LLMs are prompted with
8 few-shot examples. However, we also report the 0-shot performance from Gala et al. (2023)

Model as bn gu hi ka kn ml mr np or pa ta te ur
SOTA model
T2 62.9 58.4 62 60.1 52.6 47.5 543 585 63 60.3 62.7 45.8 529 65.5

Prompt-Based Baselines

Llama 2 70B 16.2 19.8 149 30.3 14.7 133 14.7 189 224 135 14.1 142 13.7 25
Mistral 7B Instruct 17 225 11.7 274 11.9 12.7 10.2 16.7 19 9.7 10.4 11.7 113 215
Gemma 7B Instruct 18.8 274 233 38 19 14.8 22 25.1 26.3 12.1 22 21.7 245 33.8
OpenAl Models

gpt-3.5-turbo (@-shot) 43.6 529 50.9 57 - 42.1 44 47.6 52 45.2 533 38 424 57.1
gpt-3.5-turbo 28.5 34.7 312 435 255 374 40.5 474 494 39.5 49.4 34.7 38.1 537
gpt-4-32k 533 57.7 573 59.5 34 47.9 49.9 55.6 59.6 55 60.1 44.4 49.2 63.2

Table 22: Performance of various models on IN22-Conv in the Indic-En direction. All the LLMs are prompted with
8 few-shot examples. However, we also report the 0-shot performance from Gala et al. (2023)
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Model as bn gu hi ka kn ml mr np or pa ta te ur

SOTA model

1T2 47.1 51.8 53.5 56.7 40.2 51 50.9 51 49 439 50.6 49.5 524 68.2

Prompt-Based Baselines

Llama 2 70B 0.5 0.7 0.6 1.2 1 0.7 0.9 1 0.9 0.5 0.8 0.9 0.9 1.3
Mistral 7B Instruct 1.1 2.5 1.1 3.9 2.7 2.1 13 2.9 3.1 0.8 1 2.1 1.6 3.7
Gemma 7B Instruct 16.1 24 35 32.1 14.5 2.8 6.5 19.5 204 1.9 34 23.8 13.1 2.1
OpenAl Models

gpt-3.5-turbo (@-shot) 259 399 35.6 47.1 - 345 31.6 339 372 27.8 36.2 34 343 47.6
gpt-3.5-turbo 289 39.4 35.7 475 21.3 35 31.4 349 38.9 28.1 36.2 339 34 47.8
gpt-4-32k 337 442 40.3 50.3 237 40.6 385 38.7 424 349 41.5 40.3 41.4 534

Table 23: Performance of various models on IN22-Gen in the En-Indic direction. All the LLMs are prompted with 8
few-shot examples. However, we also report the 0-shot performance from Gala et al. (2023)

Model as bn gu hi ka kn ml mr np or pa ta te ur
SOTA model
T2 65.8 63.2 66.5 65.4 60.4 64.2 64.5 63.7 67.7 66.2 63.4 59.8 64.8 73

Prompt-Based Baselines

Llama 2 70B 13.1 15.8 124 23.6 12.8 113 122 16.7 18.8 11.7 11.7 12 114 19.4
Mistral 7B Instruct 13.7 17 10.8 20.4 129 12.3 9.9 153 16.9 9.8 9.9 11.8 11.4 17.4
Gemma 7B Instruct 21.2 29.2 24.7 42.1 239 17.9 239 29.4 31.1 14.5 242 249 28.8 36.8
OpenAl Models

gpt-3.5-turbo (@-shot) 46.9 52.1 51.7 57.7 - 51.7 47.8 503 542 48 51.7 413 46.5 58.8
gpt-3.5-turbo 45.8 51.2 50.8 57.8 36 51.1 45.8 503 542 474 51.1 40.2 45.6 59.6
gpt-4-32k 57.7 59.9 60 63 46.1 59.4 57.9 593 65.7 59.4 60.8 539 56.7 68.5

Table 24: Performance of various models on IN22-Gen in the Indic-En direction. All the LLMs are prompted with 8
few-shot examples. However, we also report the 0-shot performance from Gala et al. (2023)

Model en en-hi fr hi ko zh avg
Fine-tuned Baselines

mBART 84.6 60.7 731 753 712 917 76.1
Prompt-Based Baselines

Llama 2 70B 59.0 440 518 384 51.1 730 529
Mistral 7B 49.8 38.1 443 355 414 51.8 435
Mistral 7B Instruct ~ 48.2  38.1 424 319 414 508 42.1
Google Models

PalLM 2 622 453 515 521 554 739 567
gemini-pro 644 493 522 530 532 736 576

Gemma 2B Instruct 493 335 522 38.7 514 584 472
Gemma 7B Instruct 50.3 337 520 395 521 580 478

Open Al Models
gpt-3.5-turbo 71.0 502 603 573 599 814 634
gpt-4-32k 75.6 577 690 632 69.1 853 70.0

Table 25: Comparing performance of different models on all languages in X-RiSAWOZ. Metric: Dialogue Action
Accuracy. The fine-tuned baseline is taken from Moradshahi et al. (2023).
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Languages

Metric Model en enhi W ko zh 8
Llama 2 128 66 136 34 21 17 67
Mistral 7B 249 77 223 47 90 123 135
Mistral 7B Instruct 307 5.5 238 34 96 151 147
BLEU (1) PaLM 2 359 219 319 264 217 243 270
gemini-pro 363 257 333 167 238 268 27.1

Gemma 2B Instruct 26.0 212 13.7 64 259 243 196
Gemma 7B Instruct 30.7 21.6 176 10.6 267 244 219

gpt-3.5-turbo 10.8 89 5.0 6.5 4.6 1.5 6.2
gpt-4-32k 33.1 182 315 252 240 234 259
Llama 2 1.1 391 179 46.6 437 313 316
Mistral 7B 20.2 489 306 557 381 235 362
Slot Error Rate (|) Mistral 7B Instruct ~ 18.6 534 313 619 427 228 384
PalLM 2 104 313 189 359 228 72 21.1
gemini-pro 108 352 157 133 137 83 162

Gemma 2B Instruct  21.6 387 17.5 27.6 238 157 24.1
Gemma 7B Instruct  15.7 36.3 152 27.6 213 133 216

gpt-3.5-turbo 5.2 21.2 104 267 199 39 146
gpt-4-32k 5.9 21.2 88 283 182 33 143
Llama 2 58.3 33 467 6.7 10.0 25.0 250
Mistral 7B 25.0 1.7 11.7 1.7 33 200 10.6
Success Rate (1) Mistral 7B Instruct  28.3 1.7 10.0 1.7 50 200 11.1
PalLM 2 550 10.0 383 16.7 267 667 35.6
gemini-pro 573 1377 382 554 362 667 44.6

Gemma 2B Instruct  22.7 1.7 313 1.7 350 563 248
Gemma 7B Instruct 283 33 307 53 355 570 267
gpt-3.5-turbo 71.7 267 633 10.0 333 90.0 49.2

gpt-4-32k 66.7 250 650 36.7 383 833 525
Llama 2 645 51.6 468 40.3 58.1 705 553
Mistral 7B 3.2 3.2 3.2 1.6 1.6 1.6 2.4
API Accuracy (1) Mistral 7B Instruct 3.2 3.2 3.2 3.2 4.7 4.7 3.7
PalLM 2 855 758 645 613 629 984 747
gemini-pro 855 56.0 644 852 622 951 747

Gemma 2B Instruct 3.2 1.6 4.7 1.6 47 223 64
Gemma 7B Instruct 4.7 3.2 4.7 3.2 4.7 22.3 7.1
gpt-3.5-turbo 90.3 742 645 357 823 885 726

gpt-4-32k 984 919 694 80.7 935 984 88.7
Llama 2 59.0 440 518 384 51.1 730 529
Mistral 7B 49.8 38.1 443 355 414 51.8 435
Dialogue Action Accuracy (1) Mistral 7B Instruct ~ 48.2  38.1 424 319 414 508 421
PaLM 2 622 453 515 521 554 739 567
gemini-pro 644 493 522 530 532 736 576

Gemma 2B Instruct 49.3 335 522 38.7 514 584 472
Gemma 7B Instruct 50.3 337 520 395 521 59.0 478
gpt-3.5-turbo 71.0 502 603 573 599 814 634

gpt-4-32k 75.6 577 69.1 632 69.1 853 70.0
Llama 2 648 453 495 388 394 717 51.6
Mistral 7B 16.0 163 9.1 0.7 42 143 10.1
Joint Goal Accuracy (1) Mistral 7B Instruct 12.7  15.6 8.8 0.7 3.6 13.7 92
PalLM 2 658 495 524 489 534 775 579
gemini-pro 679 557 527 53.6 540 793 60.5

Gemma 2B Instruct  12.9 0.6 9.0 0.6 6.6 174 79
Gemma 7B Instruct  11.2 0.7 10.9 1.7 7.3 17.6 8.4
gpt-3.5-turbo 772 58.0 583 58.6 567 80.8 649
gpt-4-32k 752 625 583 635 516 87.6 665

Table 26: Comparison of various task-specific metrics on X-RiSAWOZ. (1) indicates metric is higher the better and
({) the indicates lower the better. Best results for a particular model-language combination are bolded.
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Model ar en fi id ja ko ru SW te th

GPT-4 -025 073 045 036 036 040 053 040 041 046
PaLM-2 055 0.64 0.07 016 072 060 061 023 NA 0.17

Table 27: Contamination values for the TydiQA dataset.

Model  de en es fr ja ko zh

GPT-4 077 072 0.66 0.71 055 044 0.65
PaLM-2 023 063 0.16 023 053 057 032

Table 28: Contamination values for the PAWS-X dataset.

Model ar bg el en et eu fi fr hi hu it ja It

GPT-4 041 005 017 021 016 013 004 009 032 02 0.03 023 0.08
PaLM-2 -005 -02 -0.12 004 -02 NA -0.13 0.12 -0.17 -0.16 -0.03 -0.08 -0.13

Table 29: Contamination values for the UDPOS dataset (part-1)

Model  mr pl pt ro ru ta te tr uk vi wo zh

GPT-4 032 -001 003 -025 015 0.11 -0.09 0.17 005 -0.01 -0.12 0.07
PalM-2 NA -021 -0.09 -0.13 -0.07 NA NA 0.12 -023 -02 NA -0.13

Table 30: Contamination values for the UDPOS dataset (part-2)

Model et ht id it SW ta th tr vi zh

GPT-4 NA 079 055 072 064 073 0.67 0.67 037 041
PaLM-2 -005 NA -0.17 -0.07 -0.07 NA -02 -024 -0.09 -0.13

Table 31: Contamination values for the X-COPA dataset.

Model ar bg de el en es fr hi ru SW th tr ur vi zh

GPT-4 047 04 023 051 045 036 037 059 032 024 02 037 045 025 0.08
PaLM-2 047 031 0.17 047 037 0.13 027 033 025 015 0.09 031 NA 061 036

Table 32: Contamination values for the XNLI dataset.

Dataset Gemma 7B Instruct Llama 2 7B Instruct Mistral 7B Instruct
PAWS-X 0.0 0.0 0.0
XCOPA 0.0007 0.0 0.0

XNLI 0.4162 0.0374 0.1148
XQUAD 0.0164 0.0 0.0
XRiSAWOZ 0.0 0.0 0.0
XstoryCloze 0.2917 0.0274 0.2743

Table 33: The statistical test was performed on a total of 5000 test points equally divided amongst all the languages
of a given dataset. Our significance value is 0.001 which is calculated using 1/(1 + r), where r is the number of
permutations per shard (for us it is 700). If a value is less than 0.001, then that test set is contaminated for the given
model. The it suffix for the above model stands for Instruction-Tuned variant of that said model.
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Language Language Family Language Script ISO code Language Language Family Language Script ISO code
Afrikaans IE: Germanic Latin af Persian IE: Iranian Arabic fa
Ambharic Afro-Asiatic Ge’ez (Ethiopic) am Pidgin IE: Germanic Latin pid
Arabic Afro-Asiatic Arabic ar Portuguese IE: Romance Latin pt
Assamese IE: Iranian Brahmic as Punjabi IE: Iranian Gurmukhi pa
Azerbaijani  Turkic Latin az Russian IE: Balto-Slavic Cyrillic ru
Basque Basque Latin eu Scottish_gaelic  IE: Celtic Latin ed
Bengali IE: Iranian Brahmic bn Serbian_Cyrillic IE: Balto-Slavic Cyrillic sr
Bulgarian IE: Balto-Slavic Cyrillic bg Serbian_Latin IE: Balto-Slavic Latin sr
Burmese Sino-Tibetan Brahmic my Sinhala IE: Iranian Brahmic si
Mandarin Sino-Tibetan Chinese ideograms ~ zh Somali Afro-Asiatic Latin SO
Dutch IE: Germanic Latin nl Spanish IE: Romance Latin es
English IE: Germanic Latin en Swahili Bantu Latin sW
Czech IE: Balto-Slavic Latin cs Tagalog Austronesian Brahmic tl
Estonian Uralic Latin et Tamil Dravidian Brahmic ta
Finnish Uralic Latin fi Telugu Dravidian Brahmic te
French IE: Romance Latin fr Thai Kra-Dai Brahmic th
Georgian Kartvelian Georgian ka Tigrinya Afro-Asiatic Ge’ez (Ethiopic)  ti
German IE: Germanic Latin de Turkish Turkic Latin tr
Greek IE: Greek Greek el Ukrainian IE: Balto-Slavic Cyrillic uk
Gujarati IE: Iranian Brahmic gu Uzbek Turkic Latin uz
Hausa Afro-Asiatic Brahmic ha Vietnamese Austro-Asiatic Latin vi
Hebrew Afro-Asiatic Hebrew he Welsh IE: Celtic Latin cy
Hindi IE: Iranian Devanagari hi Yoruba Niger-Congo Latin yo
Urdu IE: Iranian Arabic ur Bemba Bantu Latin bem
Hungarian  Uralic Latin hu Fon Niger-Congo Latin fon
Igbo Niger-Congo Latin ig Kinyarwanda Bantu Latin rw
Indonesian  Austronesian Latin id Twi Kwa Latin tw
Italian IE: Romance Latin it Wolof Niger-Congo Latin wo
Japanese Japonic Japanese ideograms ja Zulu Bantu Latin zZu
Javanese Austronesian Brahmic jv Czech IE: Balto-Slavic Latin cs
Kannada Dravidian Brahmic kn Danish IE: Germanic Latin da
Kazakh Turkic Cyrillic kk Norwegian IE: Germanic Latin no
Kirundi Niger-Congo Latin n Polish IE: Balto-Slavic Latin pl
Korean Koreanic Hangul ko Swedish IE: Germanic Latin sV
Kyrgyz Turkic Cyrillic ky English-Hindi IE: Germanic Latin en-hi
Malay Austronesian Latin ms English-Spanish  IE: Romance Latin en-es
Malayalam  Dravidian Brahmic ml Kashmiri Dardic Arabic ks
Marathi IE: Iranian Devanagari mr Lithuanian IE: Balto-Slavic Latin It
Nepali IE: Iranian Devanagari ne Quechua Quechuan Latin qu
Odia IE: Iranian Brahmic or Romanian IE: Romance Latin o
Oromo Afro-Asiatic Latin om Haitian Creole French Creole Latin ht
Pashto IE: Iranian Arabic ps

Table 34: List of Languages and their corresponding Language Families, Language Scripts and ISO Codes
benchmarked in
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