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Summary

e Motivation
o LLM breakthroughs have focused only on a few data-rich languages
o There exists a wide language gap

e Contributions
o Introduces the Aya training mix, broadening coverage to 101 languages: more than

double that of previous work and half of which are low-resource

o Extensive multilingual evaluation, data ablations, safety mitigation, toxicity and bias
analysis

o Aya model: open-source multilingual instruction-finetuned LLM with diverse linguistic
representation



The Aya Model
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Open-ended generation
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Safety

Toxicity detection

Harmfulness for adversarial prompts
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Data

Group Category Languages Examples
fiehenil d ) 7 Arabic, Chinese, English, French, Spanish
HEEREEoties 4 17 Hindi, Italian, Portuguese, Russian, Turkish
Mid-Resourced 3 24 Afrikaans, Indonesian, Kazakh, Latin, Latvian
2 11 Hausa, Icelandic, Irish, Lao, Maltese
Lower-Resourced 1 29 Albanian, Gujarati, Igbo, Luxembourgish
0 13 Kurdish, Kyrgyz, Nyanja, Sinhala, Yiddish

e 6 language categories (0-5) as per Joshi et al. [2020] based on availability of labeled and
unlabeled data

e Out of 101 languages: 23% higher-resourced, 23% mid-resourced and 53%
lower-resourced.



Data

CHARACTERISTICS LaNG RatiO (%)
Name Langs Datasets Size  Avg Input Len Avg Target Len MR LR
XP3x DATASET 101 56 168M 1048 780 182 13.6
DATA PROVENANCE COLLECTION (COMMERCIAL) 14 161 1.65M 998 78 0.5 2.0
AvA CoLLECTION (TEMPLATED DATA SUBSET) 61 34 18.9M 1864 209 9.5 5.2
AYA DATASET 64 1 199.5K 178 501 147 56.2
SHAREGPT-COMMAND 93 1 6.8M 385 1080 21.7  50.9

Multilingual templates

Human Annotations

Augmentation via automatic translation
Synthetic data generation

W=



Data: 1) Multilingual Templates

CHARACTERISTICS LANG RatiO (%)
Name Langs Datasets Size Avg Input Len Avg Target Len MR LR
XP3x DATASET 101 56 168M 1048 780 182 13.6
DATA PROVENANCE COLLECTION (COMMERCIAL) 14 161 1.65M 998 78 05 20
AvA CoLLECTION (TEMPLATED DATA SUBSET) 61 34 18.9M 1864 209 9.5 5.2
AYA DATASET 64 1 199.5K 178 501 147 562
SHAREGPT-COMMAND 93 1 6.8M 385 1080 21.7 50.9

What is a prompt template?

Structured text that transform specific NLP datasets into instruction and
response pairs



Data: 1) Multilingual Templates- xP3x Dataset

CHARACTERISTICS LANG RaTIO (%)
Name Langs Datasets Size  Avg Input Len Avg Target Len MR LR
XP3X DATASET 101 56 168M 1048 780 182 13.6
DATA PROVENANCE COLLECTION (COMMERCIAL) 14 161 1.65M 998 78 05 2.0
AvA CoLLECTION (TEMPLATED DATA SUBSET) 61 34 18.9M 1864 209 9.5 5.2
AYA DATASET 64 1 199.5K 178 501 147 562
SHAREGPT-COMMAND 93 1 6.8M 385 1080 21.7 50.9

e xP3x Dataset
o Extends xP3 from 86M examples across 46 languages and 13 tasks to
680M examples across 277 languages and 16 tasks
o Use a subset of xP3x: 101 languages that mT5 is trained on and further

prune



Data: 1) Multilingual Templates- xP3x Dataset
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e Pruning xP3x: large-scale human auditing process

® At least two reviewers inspect every template and recommend templates for removal if
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(c) Instruction Length

O instructions paired with very short or empty generations

o prompt templates that are slightly edited versions of another prompt template

o samples with grammatical or structural errors




Data: 1) Multilingual Templates- Data Provenance
Collection

CHARACTERISTICS LANG RaTio (%)
Name Langs Datasets Size Avg Input Len Avg Target Len MR LR
XP3x DATASET 101 56 168M 1048 780 18.2 13.6
DATA PROVENANCE COLLECTION (COMMERCIAL) 14 161 1.65M 998 78 05 2.0
AvA CoOLLECTION (TEMPLATED DATA SUBSET) 61 34 18.9M 1864 209 8.3 95 52
AYA DATASET 64 1 199.5K 178 501 291 14.7 56.2
SHAREGPT-COMMAND 93 1 6.8M 385 1080 21.7 509

e Uses filters from the Data Provenance Initiative to select publicly available supervised
datasets with commercially permissive licenses

® Focus on high-resource language datasets with prompt and task diversity



Aya Dataset and Aya Collection
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Help us add more examples by writing your own prompt and their
completion in your language.

English

Prompt

what does "to crave’ mean?

Completion

to crave is to really really want something, or to have a deep
desire.

Help improve the model

© D

Prompt
Look out for: @ Correct Grammar @ Reasonable Length @ Clear Instructions

by rating the promp pairs below

English

What does it mean in English "to crave” something?

N

Edit Distance[Prompt]: 35

Completion
Look out for: @ Clear Answer @ Full Sentences with Correct Answer @ Reasonable Length

To crave is to have a strong and intense desire for something. It implies a deep need
or longing for the object of the craving. It can involve emotional and physical feelings
of addiction and can sometimes lead to actions against one's best interests. It is
important to note that there is a difference between wanting or liking something and
craving it, as craving can be destructive and lead to unhealthy behaviors.

Edit Distance[Completion]: 321

skip Submit Entry



Data: 1) Multilingual Templates- Aya Collection template
subset
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Data: 2) Human A
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Data: 3) Automatic Translation, Aya Collection translated
subset

CHARACTERISTICS LANG RaTIO (%)
Name Langs Datasets Size Avg Input Len Avg Target Len MR LR
XP3X DATASET 101 56 168M 1048 780 18.2 13.6
DATA PROVENANCE COLLECTION (COMMERCIAL) 14 161 1.65M 998 78 05 2.0
AvA CoLLECTION (TEMPLATED DATA SUBSET) 61 34 18.9M 1864 209 9.5 5.2
AYA DATASET 64 1 199.5K 178 501 147 562
SHAREGPT-COMMAND 93 1 6.8M 385 1080 21.7 50.9

Explore translation as a data augmentation technique to diversify the data collection
Translated data subset of Aya Collection: 19 datasets, 93 languages

Translations were created using NLLB

Randomly sample a subset of up to 3,000 instances for each language for each dataset
to avoid overfitting to translated data



Data: 4) Synthetic generation- ShareGPT-COMMAND

e Synthetically generated and machine translated dataset spanning 93 languages

e Human annotated prompts from ShareGPT with synthetic English completions
from Command

e Do not use the original completions from ShareGPT

e Filter any prompt that contains URLSs, is longer than 10,000 characters, or contains
non-English languages

e Produce responses using Command

e Leverage NLLB to translate the dataset



Data Sampling Ablations

HUMAN ANNOT. : TEMPLATE f TRANSLATION
Weighting name Y8 xPax Datis ShareGRI
- Templates Provenance Command
Human Annot. Heavy 25 : 4 20 6 ‘ 30 15
Translation Heavy 10 1.5 15 3.5 47.5 22.5
Template Heavy 20 10 30 10 20 10

e Source level sampling
e Dataset level sampling



Baselines

mTO0: 46 languages, fine-tunes a pre-trained mT5 model (same as Aya) on
xP3 dataset

BLOOMZ: 46 languages, fine-tunes BLOOM-176 on xP3

mTOx: they fine-tune mT5 on xP3x which extends xP3 to 101 languages
Bactrian-X: 52 languages, LLaMA-13B model fine-tuned on the Bactrian-X
dataset

Okapi: 26 languages, language-specific models based on pre-trained
BLOOM-7B and LLaMA-7B fine-tuned via SFT+PPO.



Evaluation Methods

Task Dataset Split Metric Unseen Task Lang.— [HR' MR LR
DISCRIMINATIVE TASKS
Coref. Resolution XWinograd [Muennighoff et al., 2023d] test Acc. 4 6 0 0
Nat. Lang. Inference XNLI [Conneau et al., 2018] validation Acc 4 15 4 1
Sentence Completion XCOPA [Ponti et al., 2020] validation Acc. v 11 4 3
= XStoryCloze [Lin et al., 2021] validation Acc. v 10 1 3
Language Understanding M-MMLU [Hendrycks et al., 2020; Dac Lai et al., 2023] test Acc. v 31 - if 7
GENERATIVE TASKS
Translation FLORES-200 [Goyal et al., 2021; NLLB-Team et al., 2022] devtest spBLEU X 93 24 45
Summarization XLSum [Hasan et al., 2021] validation RougeLsum X 43 7T 22
Question Answering TydiQA GoldP [Clark et al., 2020] validation F1 X 11 3 2
; Aya Human-annotated [Singh et al., 2024] test win-rate X 5 l 0 1
. i — Dolly Human-edited & Machine-translated [Singh et al., 2024] test win-rate X 10 9 0 1

Completely unseen discriminative tasks (zero-shot evaluation)

General purpose language understanding (five-shot evaluation)

In-distribution tasks by using validation/test splits for the corresponding datasets
Human evaluation of preferences

LLM simulated win-rates

abkhwbh =



Evaluation Methods

Task Dataset Split Metric Unseen Task Lang.— [HR' MR LR
DISCRIMINATIVE TASKS
Coref. Resolution XWinograd [Muennighoff et al., 2023d] test Acc. 4 6 0 0
Nat. Lang. Inference XNLI [Conneau et al., 2018] validation Acc 4 15 4 1
Sent Completi XCOPA [Ponti et al., 2020] validation Acc. v 11 4 3
SRR XStoryCloze [Lin et al., 2021] validation Acc. v 10 1 3
Language Understanding M-MMLU [Hendrycks et al., 2020; Dac Lai et al., 2023] test Acc. v 31 - if 7
GENERATIVE TASKS
Translation FLORES-200 [Goyal et al., 2021; NLLB-Team et al., 2022] devtest spBLEU X 93 24 45
Summarization XLSum [Hasan et al., 2021] validation RougeLsum X 43 7T 22
Question Answering TydiQA GoldP [Clark et al., 2020] validation F1 X 11 3 2
S Bads @ ¢ Aya Human-annotated [Singh et al., 2024] test win-rate X 5 Bl 0 1
pen-Liced Lenetation Dolly Human-edited & Machine-translated [Singh et al., 2024] test win-rate X 10 0 1

e evaluation extends coverage to 99 of the 101 languages Aya has been trained
on

e majority of tasks still cover only 10-15 languages

e often overlapping and skewed towards higher- or mid-resourced languages



Discriminative Tasks

Task Dataset Split Metric Unseen Task Lang.— [HRY MR LR

DISCRIMINATIVE TASKS

Coref. Resolution XWinograd [Muennighoff et al., 2023d] test Acc. v 6 0 0

Nat. Lang. Inference XNLI [Conneau et al., 2018] validation Acc v 15 4 1

Sent Completi XCOPA [Ponti et al., 2020] validation Acc. v 11 4 3
R R e XStoryCloze [Lin et al., 2021] validation Ace. v 10 1 3

Language Understanding M-MMLU [Hendrycks et al., 2020; Dac Lai et al., 2023| test Acc. v 31 7

Coreference Resolution, Sentence Completion and Natural Language Inference
XWinograd

XNLI

XCOPA

XStoryCloze

multilingual MMLU: ChatGPT translated version of English MMLU into 31
languages to evaluate general language understanding



Generative Tasks

Task Dataset Split Metric Unseen Task Lang.— [HR® MR LR
GENERATIVE TASKS

Translation FLORES-200 [Goyal et al., 2021; NLLB-Team et al., 2022] devtest spBLEU X 93 24 45
Summarization XLSum [Hasan et al., 2021) validation RougeLsum X 43 . i 22
Question Answering TydiQA GoldP [Clark et al., 2020] validation F1 X 11 3 2

Translation, Summarization, QA

FLORES-200 (devtest)

XLSum (valid)

TydiQA GoldP (valid)

Compared Aya models to only mTOx since mTO and BLOOMZ include the
evaluation splits in finetuning, and Bactrian-X does not include all languages

evaluated in FLORES-200.



Human and LLM Preference Evaluations

Task Dataset Split Metric Unseen Task Lang.— [HR' MR LR

GENERATIVE TASKS
O Fodsd Geidration Aya Human-annotated [Singh et al., 2024] test win-rate X 5 o 1
P Dolly Human-edited & Machine-translated [Singh et al., 2024] test win-rate X 10 o 1

e Aya-human-annotated test set: open-source test set from the Aya Dataset containing
native speaker annotations from 7 languages

e dolly-machine-translated test set: held-out test set from the Dolly-15k dataset translated
into 101 languages with the NLLB model. Consists of 200 prompts curated by annotators to
avoid culturally specific or geographic references

e dolly-human-edited test set: improved versions of the machine-translated test set for 6
languages that were post-edited by humans to correct any possible translation issues.



Human Evaluation Protocol

e 7/ languages: Serbian, Russian, Hindi, French, Arabic, Spanish, English

e Professional annotators to choose preferred completions for
dolly-human-edited test set and original English Dolly test

e Each pair of generations is rated once, ties are allowed but discouraged

e Also collect qualitative feedback on frequent error patterns or generation
artifacts

e To establish human label variance measures a subset of examples is
annotated twice



Human Rater Variance

Language Model Cohen’s k% Agreement WR 1 WR 2 Human-GPT-4 Agreement

spa mT0 0.3 67.0 71.0 83.0 61.0
fra mT0x 0.3 65.0 72.0 58.0 67.0
rus mT0x 0.5 77.0 66.0 79.0 60.0
eng Aya Safe 0.5 71.0 44.0 93.0 69.0
STp Aya Safe 0.3 57.0 32.5 33.0 46.0

Avg 0.38 67.4




Simulated Preferences

e Use GPT-4 as a proxy judge on the 200-sample dolly-machine-translated test
set that is held out from the training mixture

System preamble:
You are a helpful following assistant whose goal is to select the preferred (least wrong)
output for a given instruction in [LANGUAGE_NAME] .

Prompt Template:

Which of the following answers is the best one for given instruction in <LANGUAGE_NAME>.
A good answer should follow these rules:

1) It should be in [LANGUAGE_NAME]

2) It should answer the request in the instruction

3) It should be factually and semantically comprehensible

4) It should be grammatically correct and fluent.

Instruction: [INSTRUCTION]
Answer (A): [COMPLETION Al
Answer (B): [COMPLETION Al

FIRST provide a one-sentence comparison of the two answers, explaining which you prefer
and why. SECOND, on a new line, state only ‘Answer (A)’ or ‘Answer (B)’ to indicate
your choice. If the both answers are equally good or bad, state ‘TIE’. Your response
should use the format:

Comparison: <one-sentence comparison and explanation>

Preferred: <‘Answer (A)’ or ‘Answer (B)’ or ‘TIE’>



Simulated Preferences

e Measure pairwise win rates between Aya models and mT0O and mTOx on 10
languages from the dolly-machine-translated test set

e Forlanguages where there is dolly-human-edited coverage, default to these

e To compare the Aya model with Bactrian-X, since Bactrian-X is finetuned
using all the Dolly prompts translated into 52 languages, use
aya-human-annotated test sets in 5 languages instead



Preference Evaluation Examples

Prompt: What criteria should I be looking at when buying a new motorcycle? Human GPT-4
eng mT0  a motorcycle that meets your needs
Aya  There are many factors to consider when buying a new motorcycle. X X
These include: * brand * model year * mileage * price * warranty *
reliability
arb mTO0 wheels, tires, tires, brakes, seats, and seatbelts
Aya 3 .53 00 a7 o b yad Je el la e Gldl O sl Y X X
G5 2l dmy il plaiil 3 2y e 3 S0 ¢ bastn 5l S 3k %y
13 o Tolaze) el Ambin shancadl 5f S t) 2yl 3,85 0 K5 3 il plazcV)
fanlll Jo el adi o vdebdl o 35Ldl g il pasall 34 3 55 sl
flgde Bl g sl aiin o
hin mT0 d R
Aya ARRERRA @ded T AR & & g ag AEE §1 981 §8 uga b X

§: 2. wis: s & A Aezarsiha & forg geiat ok fagharsit &t afa a=
Tardt g1 af 3y e 78 Aieasfhe Hf @ivT R R €, at 3 orut I F ofif
TF R g Tad g1 . Aled: Alsd AlexaTsiehd & forg ua ok IS
81 3y A1ed § {3 wise Aezansfe &1 gah a7 g1 fora aga ar N
g1 afE 3y ge a2 o it @ieT R @ €, Y 91T Uk Aiset @IS Geha ¢ it 39
ATUEE &l QT T &1 3§91 UhR: 9 UHR Hexangihd & fog ga sk
Agayul ATUES 81 Al ST Uah B ¥ 912§ 6l @iel IR @ &, af 39 T




Results

Held out tasks (Accuracy %)

Model Base Model IFT Mixture XCOPA XNLI XSC XWG Avg
46 LANGUAGES

MTO mT5 13B xP3 75.6 553 872 736 729
BLOOMZ BLOOM 176B xP3 64.3 520 826 633 655
52 LANGUAGES

BAcTriAN-X 13B Llama 13B Bactrian-X 52.4 345 518 505 473

101 LANGUAGES

MTOx mT5 13B xP3x ri.¢ 459 85.1 60.6 658
Aya (human-anno-heavy) mT5 13B All Mixture 76.5 59.2 89.3 70.6 739
Aya (template-heavy) mT5 13B All Mixture 7.3 583 91.2 73.7 75.1
* Aya (translation-heavy) mT5 13B All Mixture Y67 583 90.0 70.7 739

Table 5: Results for held-out task evaluation. Results are averaged across all splits of XCOPA,
XNLI, XStoryCloze, and XWinoGrad. ¥ Aya (translation-heavy) is used as the final Aya model.



Okapit 27.7 305 317 279 307 265 30.0 30.1 304 31.1 30.1 306 304 309 293 275
MTO 315 328 327 29.7 321 320 311 323 324 320 321 328 309 321 316 309
MTOx  31.6 326 325 29.2 327 316 311 31.7 313 321 320 317 314 322 328 311

Table 6: Multilingual MMLU score comparisons between Okapi, mT0, mT0x, and Aya models. We
report the best result for Okapi among RLHF-tuned BLOOM and LLaMa |Dac Lai et al., 2023].
Background color refers to higher-, mid-, and lower-resource language grouping (§ 2). ¥ Okapi
reports 25-shot results, however, mT0, mT0Ox and Aya (translation-heavy) models are evaluated
using 5-shot

Generative Tasks

Model IFT Mixture FLORES-200 (spBleu) XLSum (RougeLsum) Tydi-QA (F1)
101 LANGUAGES X— En En —» X

MTOX xP3x 20.2 14.5 214 76.1
Aya (human-anno-heavy) All Mixture 25.1 18.9 22.2 77.9
Aya (templated-heavy) All Mixture 25.0 18.6 23.2 78.8

* Aya (translation-heavy) All Mixture 29.1 19.0 22.0 77.8
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Figure 3: Generative and discriminative performance of the Aya (translated-heavy) model com-
pared to mTOx across high (HR), medium (MR), and low-resource (LR) language groups.
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Figure 4: GPT-4 Evaluation: Aya (translated-heavy) model win rates against [left] mTO and
[right] mT0x for 10 diverse languages (English, Simplified Chinese, Turkish, Telugu, Serbian, Span-
ish, Russian, Hindi, French, and Arabic) based on simulated preference evaluation. Note that for
mTO0 comparisons, we only include languages used in mTO0 finetuning.
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Figure 5: Human Evaluation: Aya (translated-heavy) model win rates against [left] mTO and
[right] mT0x for 7 diverse languages (English, Serbian, Spanish, Russian, Hindi, French, and Arabic)
based human annotators. Note that for mTO0 comparisons, we only include languages used in mT0

finetuning.
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Safety Mitigation

Multilingual IFT models prone to safety leaks via languages other than English due to mitigation focus
being only on English.

Methods used for mitigation aim to simulate users querying the model with harmful intent

Two mitigation methods considered:
* Mitigation with Preambles
* Safety Context Distillation with Synthetic Refusals

Both these methods use a safety preamble.

A safety preamble is a preamble added to potentially harmful prompts. In the case of the paper the
preamble states: “Does the following request contain harmful, unethical, racist, sexist, toxic,
dangerous, offensive or illegal content or intent?If yes, explain that you do not engage in these type of
requests.”



OUTPUT

Mitigation with Preambles

* Preliminaryexperiments including prepending the preamble mentioned previously to a harmful prompt. The
safety preamble is translated across languages using the NLLB (No Language Left Behind) model.

* This method works well with Aya rejecting 88% of these harmful prompts along with giving a good reason for
rejecting them.

* Downsides:
* Tendstoreject messages that are not harmfultoo.
* Leadstoincreaseintoxic responses, particularly for open-ended prompts.
* Refusal messages ofteninclude “l am a LLM trained by Cohere” (in the respective target language)

Does the following Tequest contain harmful, unethical. racist, sexist, toxic, dangerous, offensive or illegal content ox intent? If yes, explain that you do not engage in these type of
requests. Discuss crime in Atlanta

To tweak the output, try adding more detail to your input instructions or increase the number of words in Parameters, and Run again.




Safety Context Distillation with Synthetic Refusals

Safety context distillation is a technique where safety preambles are distilled into the model for teaching the
model in which contexts refusals are appropriate without explicitly using a preamble. This is done across
different languages in Aya.

Safety distillation training set compiled from multilingual AdvBench and the XSafety benchmark. It contains
prompts reflecting harmful user intent. For languages not covered by these datasets, the prompts are
translated using NLLB.

Evaluationis limited to the 12 AdvBench languages due to questionable quality of NLLB translationsfor other
languages.

Teacher Model

Data =

>
>

Student Model

\ 4

Teacher Model: Aya Beta with NLLB-translated
safety preambles

Data: Multilingual AdvBench + XSafety
Student Model: Aya Safe (pre fine-tuning)

Aya Safe is finetuned for 30k steps to produce the
final model



Safety Mitigation Evaluation & Results
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Figure 11: Human evaluation: Ra-
tio of harmful generations for Ad-
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Figure 12: GPT-4 evaluation: Ratio of harmful generations for AdvBench held-out prompts.
Aya Safe’s generations are considerably less harmful than those of Aya across all languages.

* Aya Safeis evaluated against the base Aya model by humans as well as GPT-4. GPT-4 is useful for
languages that do not have professional annotators.

* Onaverage, GPT-4 agrees with human evaluation 93% of the time and slightly underestimates

harmfulness.



Generative Tasks Held out tasks
Model IFT Mixture Flores XLSum Tydiga XCOPA XNLI XSC XWNG
(spBleu) (RougeLsum)  (F1) (Accuracy %)
101 LANGUAGES X—»En En—-X
MTOX xP3x 20.2 14.5 21.6 76.1 T 459 85.1 60.6
Aya All Mixture 29.1 19.0 22.0 77.8 76.8 58.3 90.0 70.7
Aya Safe + Safety Mitigation 28.9 17.6 20.9 76.0 74.8 56.9 86.8 67.5
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Another task assigned to
human annotatorsis
checkingif the model
output for Aya Safe is
nonsensicalor not.

Thisis done to find outputs
that are harmless but
senseless (repetitive,
apologetic, etc.)

Aya Safe takes a dip in
performance across all
the datasets. However,
human evaluation for
open-ended generationon
the Dolly test set shows a
tie.



Benchmarking Toxicity & Bias

* Challenge: Toxicity and bias evaluationin a multilingual setting is difficult due to lack of reliable
evaluation datasets for mid and low-resource languages. Toxicity analysis for open-ended generation
has only been done for English.

* This paper coverstoxicity analysis for 18 different mid and high-resource languages across 5
language families, for the Aya and Aya Safe models.

* Evaluations covered:

* Toxicity and Bias of Open-Ended Generation: Evaluation of toxicity given identity groups (race,
gender, sexual orientation, etc.) and propensity for “accidental” toxicity in response to non-toxic
prompts.

* GenderBias in Machine Translation: The Wino-MTbenchmarkis used to evaluate gender bias
in language translations.



Toxicity and Bias in Open-Ended Generation: Non-Toxic Open-Ended Prompts
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(a) Expected maximum toxicity (b) Toxicity probability

* Aya and Aya Safe both show improvements over mTOx in expected maximum toxicity (average toxicity levelin

most toxic generations) and toxicity probability.

* This evaluationis done on a subset of 10k non-toxic prompts from the RealToxicityPrompts dataset.

* Interestingto note that Aya performs better than Aya Safe for expected maximum toxicity and about the same

for toxic probability despite Aya Safe being trained to produce safe responses.



Toxicity and Bias in Open-Ended Generation:
Toxicity Propensity for Different Population
Groups

* “Population groups” refers to identity groups such as gender,
ethnicity, race, religion and so on. To evaluate the toxicity
associated with these groups, the model is prompted to
complete sentences such as “All black women are”.

* The taskis performed on 800 samples of model outputs as
opposed to 25 samples in the previous task, leading to higher
toxicity probability values.

* Aya and Aya Safe show an improvement over mTOx in all
languages except English.
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Gender Bias in Machine Translation

Model spa fra ita rus  ukr heb ara deu Average
mT0x 17.3 204 238 108 8.1 329 212 20.6 19.4 e S Hu He o Wl kb oy dow S
1 AS Aya 252 20.1 264 133 115 360 181 27.7 223 mTO0x 54.2 509 475 38.6 41.9 54.0 52.5 56.6 49.5
Aya Safe 255 20.1 248 94 95 29.5 17.9 245 20.2 Aya 61.2 54.7 524 41.1 418 51.8 493 62.2 51.8
nT0x 56! 570 575 57 280 86 0% 988 il Aya Safe 65.0 57.7 56.2 40.2 407 504 493 60.5 52.5
LAG  Aya 150 19.7 16.7 24.4 330 128 220 181 20.2
Aya Safe 9.4 14.8 10.1 278 310 104 209 11.9 17.0 Table 9: Overall accuracy of gender translation as the sentences are translated from English

into different languages (Spanish, French, Italian, Russian, Ukrainian, Hebrew, Arabic

Table 10: | AS and | AG of gender bias evaluation as the sentences are translated from English and German). Higher is better.

to different languages (Spanish, French, Italian, Russian, Ukrainian, Hebrew, Arabic and
German). The lower the difference, the less bias in terms of gender and stereotypes is exhibited in
the translations across the different languages.
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Figure 17: Comparison of F1 and accuracy of Aya translations across languages when evaluated
on different genders and stereotypes.



Conclusion & Discussion

* Fairlyimportant paper due to at the very least introducing the first open-source multilingual
model + dataset for a large variety of languages.

* Potential Improvements:
* Larger model?
* More languages?
* Better Safety?

* Coherereleased Aya 23 soon after, focusing on 23 languages and achieving state-of-the-art
performance.

* Questions/ Discussion?

* ThankYou!



