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Abstract
This study investigates the ability of Large Lan-
guage Models (LLMs) to capture cultural nu-
ances within various linguistic contexts. We
focus on three areas: the effectiveness of
language-specific instruction tuning, the influ-
ence of native language data pretraining, and
methods to accurately extract cultural knowl-
edge from LLMs. Our analysis uses the Ge-
oMLaMA benchmark for multilingual com-
monsense knowledge and an adapted CAMeL
dataset for cultural nuances, covering six lan-
guages and cultures. Results show that while
targeted tuning and bilingual pretraining can
improve cultural comprehension, they also re-
veal biases, especially in non-Western cultures.
The findings emphasize the need for culturally
diverse perspectives in LLM development for
more inclusive language technology. 1

1 Introduction

LLMs perform well at tasks centered around gen-
erating coherent text, benefiting from extensive
pre-training on diverse datasets. However, they
struggle with tasks requiring open-ended social rea-
soning, often producing biased responses (Parrish
et al., 2022; Bender et al., 2021). Cultural influ-
ences play a crucial role in shaping social beliefs
and behaviors, yet LLMs frequently reflect a West-
ern bias due to unrepresentative training corpora
(Weidinger et al., 2022). This bias can lead to
cultural misrepresentation and insufficient under-
standing of non-Western cultural contexts in the
models’ outputs. Previous research has identified
challenges in accurately depicting cultural nuances
(Ramezani and Xu, 2023), perpetuating societal
biases (Jakesch et al., 2023), and overlooking the
subtleties of underrepresented cultures (Hutchinson
et al., 2020), particularly in low-resource languages
(Wibowo et al., 2023). To study cutural understand-
ing in LLMs, we design the following research
questions:

1Our code and data are available at this link

Figure 1: We instruction-tune LLaMA 2 in 5 non-
English languages (Greek, Hindi, Persian, Swahili, Chi-
nese) and evaluate both general cultural awareness as
well as fine-grained multilingual cultural understanding.

RQ1 : Does instruction tuning on language-
specific data enhance cultural knowledge?
RQ2a : Does pretraining on language-specific
data enhance cultural knowledge?
RQ2b : What is the optimal approach for
eliciting cultural information from LLMs?
RQ3 : Do LLMs understand the nuances of
culture and what disparities exist across tangi-
ble cultural aspects?

2 Data

Our study looks at two datasets, GeoMLaMA and
an adapted CAMeL dataset, to evaluate the cultural
knowledge of LLMs at both broad and detailed
levels. GeoMLaMA (Yin et al., 2022), extended
to a QA format, spans six languages and cultures,
including a new Greek variant, and features 900
questions covering 17 cultural topics. The adapted
CAMeL dataset (Naous et al., 2023), originally for
Arabic-Western cultural comparison, now encom-

https://anonymous.4open.science/r/culture-llm/


passes the same six cultures and offers granular in-
sight with prompts in nine categories for a nuanced
analysis. To counteract position bias (Pezeshkpour
and Hruschka, 2023), our multiple-choice QA sce-
narios further use randomized answer ordering.

3 Method

To assess the impact of language-specific instruc-
tion tuning on LLMs’ cultural awareness, we uti-
lized a 52k subset of English instructions from the
Alpaca dataset (Taori et al., 2023), translated into
five additional languages (Greek, Hindi, Persian,
Swahili, and Chinesea) via the NLLB project’s au-
tomatic translation system. This created the Alpaca-
X dataset, with ‘X’ indicating the language version
(e.g., Alpaca-en for English, Alpaca-hi for Hindi),
all content-equivalent, only differing in terms of
language. We then applied 4-bit QLoRA (Dettmers
et al., 2023) for language-specific low-rank adapter
training, integrating these adapters into a base LLM
for each respective Alpaca-X variant. The hyper-
parameters, detailed in Appendix Table 12, en-
sures that each Alpaca-X model is fine-tuned to
its cultural-linguistic context.

3.1 Experimental Settings

Our experimental framework is structured as fol-
lows to address the outlined research questions:
1. RQ1: We assess the impact of language-specific

instruction tuning by comparing the perfor-
mance of the English-tuned LLaMA 2 model
against models tuned with Alpaca-X datasets.

2. RQ2a: The effectiveness of language-specific
pretraining is evaluated using bilingual models
with dedicated LoRA adapters for Chinese (Yi)
and Swahili (Uliza).

3. RQ2b: We conduct an ablation study compar-
ing the Swahili Alpaca adapter against a high-
quality bilingual non-Alpaca adapter to examine
the fine-tuning data’s quality on cultural knowl-
edge acquisition.

For a granular analysis of cultural aspects (RQ3),
we utilize the CAMeL dataset across five experi-
mental settings:
1. Setting 1: A multiple-choice question with op-

tions from various cultures to gauge understand-
ing of specific cultural elements.

2. Setting 2: Questions with no correct cultural
options to identify the model’s cultural priors.

3. Setting 3: Multiple choices from the correct
culture against a random incorrect option to test

for the model’s precision.
4. Setting 4: Questions with culturally correct

but category-incorrect options to challenge the
model’s ability to discern between categories
within the same culture.

5. Setting 5: Gendered questions to see if the
model prioritizes cultural relevance over gen-
der correctness.

4 Results

Our results (Appendix A) reveal that supervised
finetuning (SFT) on language-specific data does not
consistently enhance cultural knowledge across lan-
guages (RQ1), although LLMs outperform BERT
and encoder-based models in English. The link be-
tween LLM parameter count and performance re-
mains weak. Pretraining on language-specific data
shows promise in improving cultural understand-
ing (RQ2a), yet the significance of token counts
used during pretraining versus finetuning requires
further study. The most effective method for draw-
ing out cultural knowledge (RQ2b) appears to be
continued pretraining on high-quality data, cou-
pled with targeted instruction tuning. When ex-
amining granular cultural elements (RQ3), LLMs
demonstrate a skewed understanding influenced by
pre-existing data distributions, and struggle with
complex cultural discernment against distractors.
Interestingly, LLMs tend to favor culturally rele-
vant answers over grammatically gender-accurate
ones when such conflicts arise.

5 Conclusion

This study on the cultural understanding of Large
Language Models (LLMs) reveals significant vari-
ations in their ability to encapsulate diverse cul-
tural nuances. Our investigations, leveraging the
GeoMLaMA benchmark and the adapted CAMeL
dataset, demonstrate that while language-specific
instruction tuning and bilingual pretraining offer
some improvements, they fall short of ensuring
comprehensive cultural competence, particularly in
non-Western contexts. The findings underscore the
need for incorporating a wider range of cultural per-
spectives in LLM training and development, high-
lighting the importance of creating models that are
not only linguistically adept but also culturally sen-
sitive and globally inclusive.
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A Appendix

We include a brief discussion about limitations of our approaches, along with the procedure followed for
data collection, along with detailed results for each of the experiments for all the research questions, and
the complete set of hyperparameters used in our experiments.

Limitations This study, is subject to certain limitations which are important to acknowledge:
1. The current methodology conceptualizes culture as a singular entity within a nation-state. This per-

spective, while useful for structured analysis, might not fully capture the rich diversity and complexity
of modern societies, where multiple cultures and languages coexist within a single country. Future
research could benefit from exploring more granular approaches that can effectively address this
multifaceted nature of cultural identity.

2. The pretraining process lacks control over token distribution, contrasting with the controlled instruc-
tional data used in fine-tuning experiments. This could affect result interpretation. Future work should
investigate the effects of smaller, high-quality datasets for controlled pre-training across languages.

3. Our experiments use 4-bit QLoRA for instruction tuning, and it’s uncertain if results would differ with
higher-bit configurations. Further research is needed to explore the impact of varying bit settings.

4. Evaluating large language models is an ongoing challenge within the field, and the methodology chosen
for this study, while grounded in established research, has its strengths and limitations. This approach
needs to be considered alongside alternative evaluation methods, each with their respective advantages
and drawbacks, to suit specific use cases and research objectives.

Base Model LoRA Prompt

English {lang} Alpaca {lang}
English English Alpaca English
{lang} {lang} Alpaca {lang}
{lang} Non-Alpaca LoRA {lang}

Table 1: The four experimental combinations we test for RQ1 and RQ2. lang refers to language-specific variants of
Alpaca or a language-specific prompt, translated from English.

  Beverage

Female Clothing

Female NamesFood

Literature

Location

Male Clothing

Male Names Religion

Overall

0.2 0.4 0.6 0.8

USA
China
India
Iran
Kenya
Greece

Figure 2: The 70B LLaMA 2 model shows strong performances for China and Iran across cultural concepts for
different cultures.

Data collection from native speakers for adapted CAMeL dataset We provided native speakers with
a list of words that we procured from different sources on the internet and from large language models as
a base collection for each category that they are then asked to verify and correct with more appropriate
targets for each category based on their lived experiences.
For the prompts, we follow a similar process, but this time we don’t require country specific prompts,
only category specific. The final set of prompts is decided by agreement between the authors.



SFT lang China India Iran Kenya Greece

Results from GeoMLaMA benchmark

(mBERT) 0.30 0.41 0.21 0.30 -
(XLMR-L) 0.37 0.37 0.37 0.32 -

Prompt language: english

eng (7) 0.50 0.39 0.24 0.31 0.34
eng (13) 0.54 0.42 0.31 0.28 0.34
eng (70) 0.46 0.45 0.28 0.28 0.38

Prompt language: {lang}

{lang} (7) 0.25 0.39 0.31 0.31 0.28
{lang} (13) 0.32 0.36 0.28 0.34 0.28
{lang} (70) 0.39 0.33 0.14 0.34 0.34

Table 2: Instruction tuning on language specific data does not consistently enhance cultural knowledge across
languages and cultures. The numbers 7, 13 and 70 correspond to the model sizes in billions of parameters. The
metric is the GeoMLaMA benchmark metric on a scale of 0-1 with higher being better.

USA China India Iran KenyaGreece

Prompt Country
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Figure 3: The distribution of countries chosen by the 70B LLaMA 2 model without the question explicitly mentioning
the chosen country shows a large percentage favouring China and Iran.

We note that this process has inherent biases for the group of people who perform the tasks, which might
implicitly show up in the data in unobserved ways. Also, because two of the categories are about names
of people, this may include information about someone’s real name, but that would only be so, because it
is a common name in some part of their country.
All annotators are demographically located in the USA and are between 25-40 years old. Other than the
Hindi annotator who is female, all others identify as male. Also, we note that all annotators are either
authors or close friends of authors who did not require any form of compensation.



Model Size China Kenya

Prompt language : English

LLaMA 2 + eng Alpaca
7 0.50 0.31
13 0.54 0.28
70 0.46 0.28

Yi + eng Alpaca 6 0.43 -
34 0.39 -

Uliza + eng Alpaca 7 - 0.25
Uliza + {swa, eng} LoRA 7 - 0.31

Prompt language : Chinese/Swahili

LLaMA 2 + zh/swa Alpaca
7 0.25 0.31
13 0.32 0.34
70 0.39 0.34

Yi + zh Alpaca 6 0.39 -
34 0.54 -

Uliza + swa Alpaca 7 - 0.31
Uliza + {swa, eng} LoRA 7 - 0.41

Table 3: Pretraining on language specific data helps to improve cultural awareness. Bilingual non-alpaca finetuning
along with bilingual continually pretrained model gives the most culturally appropriate responses when prompted in
the respective native language.

Category USA China India Iran Kenya Greece

Beverage 0.56 0.31 0.67 0.40 0.50 0.63

Female Clothing 0.60 0.69 0.58 0.81 0.79 0.69

Female Names 0.89 0.87 0.97 0.82 0.92 0.85

Food 0.32 0.40 0.76 0.32 0.69 0.28

Literature 0.21 0.33 0.45 0.20 0.34 0.65

Location 0.81 0.88 0.76 0.72 0.84 0.81

Male Clothing 0.58 0.54 0.85 0.86 0.75 0.74

Male Names 0.94 0.85 0.97 0.85 0.93 0.87

Religion 0.51 0.55 0.81 0.72 0.53 0.66

Overall 0.60 0.61 0.76 0.65 0.70 0.69

Table 4: We measure the percentage of times that LLaMA 2 70B prefers an option from an incorrect category when
provided with a single choice from the correct category paired with 3 incorrect ones. Ideally, this should be close to
0 if the model has true understanding.

Category USA China India Iran Kenya Greece

Female Clothing 0.40 0.83 0.59 0.31 0.44 0.54
Male Clothing 0.51 0.66 0.77 0.42 0.48 0.68

Female Names 0.14 0.90 0.58 0.61 0.66 0.58
Male Names 0.23 0.93 0.57 0.65 0.68 0.65

Overall 0.32 0.89 0.63 0.51 0.56 0.61

Table 5: LLaMA 2 70B prefers being culturally correct than being gender correct across cultures.



Prompt Model Size US China India Iran Kenya Greece Overall

English

LLaMA 2 + English Alpaca
7B 0.28 0.50 0.39 0.24 0.31 0.34 0.34
13B 0.31 0.54 0.42 0.31 0.28 0.34 0.37
70B 0.31 0.46 0.45 0.28 0.28 0.38 0.36

Yi + English Alpaca 6B 0.52 0.43 0.33 0.48 0.50 0.34 0.43
34B 0.62 0.39 0.42 0.45 0.50 0.44 0.47

Uliza + English Alpaca 7B 0.21 0.50 0.39 0.17 0.25 0.31 0.31

Uliza + {Swahili, English} LoRA 7B 0.45 0.39 0.39 0.34 0.31 0.25 0.36

Hindi LLaMA 2 + Hindi Alpaca
7B 0.28 0.46 0.39 0.34 0.25 0.41 0.36
13B 0.24 0.36 0.36 0.28 0.31 0.38 0.32
70B 0.24 0.46 0.33 0.28 0.34 0.38 0.34

Chinese
LLaMA 2 + Chinese Alpaca

7B 0.34 0.25 0.39 0.41 0.41 0.34 0.36
13B 0.38 0.32 0.39 0.48 0.47 0.38 0.40
70B 0.38 0.39 0.42 0.48 0.53 0.34 0.43

Yi + Chinese alpaca 6B 0.38 0.39 0.45 0.34 0.25 0.31 0.36
34B 0.55 0.54 0.55 0.45 0.44 0.53 0.51

Swahili
LLaMA 2 + Swahili Alpaca

7B 0.34 0.32 0.39 0.17 0.31 0.34 0.31
13B 0.34 0.29 0.39 0.24 0.34 0.34 0.33
70B 0.31 0.36 0.39 0.21 0.34 0.38 0.33

Uliza + Swahili Alpaca 7B 0.31 0.46 0.45 0.28 0.31 0.38 0.37

Uliza + {Swahili, English} LoRA 7B 0.38 0.32 0.36 0.48 0.41 0.34 0.38

Persian LLaMA 2 + Persian Alpaca
7B 0.31 0.25 0.27 0.31 0.38 0.38 0.32
13B 0.31 0.25 0.33 0.28 0.34 0.34 0.31
70B 0.28 0.36 0.33 0.14 0.25 0.38 0.29

Greek LLaMA 2 + Greek Alpaca
7B 0.17 0.21 0.27 0.10 0.25 0.28 0.22
13B 0.21 0.21 0.30 0.17 0.28 0.28 0.24
70B 0.28 0.21 0.33 0.14 0.22 0.34 0.25

Table 6: RQ1, RQ2: Cultural performance scores of various models on the GeoMLaMA benchmark. Values are
between 0 and 1, higher is better.



Category Size USA China India Iran Kenya Greece

Beverage
7 0.03 0.44 0.16 0.34 0.10 0.09
13 0.04 0.49 0.16 0.35 0.11 0.09
70 0.04 0.57 0.23 0.38 0.15 0.15

Female Clothing
7 0.09 0.24 0.42 0.08 0.12 0.13
13 0.11 0.30 0.46 0.09 0.15 0.14
70 0.10 0.39 0.47 0.11 0.12 0.26

Female Names
7 0.05 0.50 0.21 0.28 0.19 0.18
13 0.05 0.52 0.32 0.38 0.24 0.33
70 0.07 0.71 0.33 0.39 0.30 0.37

Food
7 0.06 0.28 0.06 0.47 0.04 0.23
13 0.07 0.33 0.08 0.49 0.06 0.21
70 0.18 0.43 0.12 0.53 0.08 0.35

Literature
7 0.10 0.29 0.10 0.34 0.17 0.07
13 0.12 0.27 0.12 0.39 0.19 0.06
70 0.16 0.28 0.14 0.65 0.27 0.08

Location
7 0.09 0.28 0.27 0.39 0.13 0.17
13 0.07 0.35 0.36 0.43 0.18 0.23
70 0.13 0.39 0.43 0.49 0.19 0.26

Male Clothing
7 0.08 0.62 0.11 0.06 0.17 0.11
13 0.09 0.68 0.18 0.10 0.19 0.12
70 0.15 0.73 0.20 0.06 0.16 0.19

Male Names
7 0.02 0.53 0.22 0.26 0.30 0.20
13 0.04 0.58 0.30 0.33 0.38 0.30
70 0.04 0.76 0.30 0.35 0.42 0.34

Religion
7 0.16 0.41 0.09 0.11 0.24 0.11
13 0.15 0.51 0.14 0.14 0.23 0.14
70 0.17 0.50 0.18 0.16 0.22 0.19

Overall
7 0.08 0.39 0.18 0.26 0.16 0.14
13 0.08 0.39 0.18 0.26 0.16 0.14
70 0.08 0.39 0.18 0.26 0.16 0.14

Table 7: RQ3: Setting1 Results (Default MCQ setting, single correct country choice provided) from the CAMeL
benchmark.

Prompt Size USA China India Iran Kenya Greece

USA
7 0.0 0.36 0.17 0.22 0.14 0.12
13 0.0 0.33 0.18 0.22 0.15 0.12
70 0.0 0.36 0.16 0.23 0.13 0.12

China
7 0.1 0.0 0.24 0.27 0.22 0.17
13 0.09 0.0 0.25 0.29 0.21 0.16
70 0.08 0.0 0.23 0.32 0.18 0.18

India
7 0.07 0.37 0.0 0.24 0.18 0.14
13 0.07 0.33 0.0 0.27 0.19 0.13
70 0.06 0.35 0.0 0.29 0.17 0.13

Iran
7 0.09 0.40 0.21 0.0 0.16 0.14
13 0.08 0.37 0.24 0.0 0.17 0.14
70 0.07 0.40 0.22 0.0 0.15 0.16

Kenya
7 0.08 0.37 0.19 0.23 0.0 0.13
13 0.08 0.34 0.21 0.25 0.0 0.13
70 0.07 0.34 0.20 0.27 0.0 0.13

Greece
7 0.08 0.37 0.18 0.22 0.15 0.0
13 0.07 0.33 0.20 0.23 0.16 0.0
70 0.06 0.36 0.18 0.26 0.14 0.0

Table 8: RQ3: Setting2 Results (Distribution of Countries chosen when correct country is not provided) from the
CAMeL benchmark



Category Size USA China India Iran Kenya Greece

Beverage
7 0.48 0.05 0.22 0.09 0.34 0.37
13 0.47 0.06 0.24 0.1 0.29 0.32
70 0.5 0.05 0.19 0.08 0.25 0.27

Female Clothing
7 0.35 0.12 0.04 0.4 0.27 0.29
13 0.37 0.12 0.04 0.35 0.25 0.28
70 0.36 0.1 0.06 0.36 0.3 0.19

Female Names
7 0.48 0.07 0.19 0.16 0.21 0.2
13 0.46 0.11 0.14 0.15 0.21 0.19
70 0.44 0.04 0.2 0.17 0.19 0.17

Food
7 0.38 0.13 0.37 0.04 0.47 0.13
13 0.37 0.12 0.34 0.04 0.45 0.17
70 0.31 0.11 0.32 0.05 0.43 0.14

Literature
7 0.3 0.14 0.34 0.1 0.22 0.44
13 0.28 0.14 0.29 0.07 0.22 0.45
70 0.32 0.14 0.32 0.05 0.19 0.43

Location
7 0.42 0.13 0.14 0.11 0.28 0.26
13 0.48 0.11 0.12 0.12 0.25 0.24
70 0.45 0.13 0.13 0.08 0.29 0.24

Male Clothing
7 0.3 0.02 0.3 0.39 0.28 0.32
13 0.32 0.02 0.24 0.31 0.25 0.25
70 0.28 0.02 0.23 0.35 0.29 0.22

Male Names
7 0.65 0.06 0.19 0.21 0.16 0.18
13 0.67 0.09 0.15 0.2 0.14 0.2
70 0.67 0.02 0.17 0.2 0.17 0.17

Religion
7 0.27 0.08 0.32 0.36 0.2 0.28
13 0.27 0.04 0.28 0.3 0.18 0.29
70 0.27 0.06 0.28 0.28 0.17 0.23

Overall
7 0.4 0.09 0.23 0.21 0.27 0.28
13 0.41 0.09 0.2 0.18 0.25 0.27
70 0.4 0.08 0.21 0.18 0.25 0.23

Table 9: RQ3: Setting3 Results from the CAMeL benchmark (How many times did Llama choose the single
incorrect option ignoring the other correct options. This number should ideally be 0 for everything.)



Category Llama_Size USA China India Iran Kenya Greece

Overall
7 0.68 0.72 0.52 0.67 0.79 0.75
13 0.73 0.71 0.72 0.72 0.78 0.62
70 0.6 0.61 0.76 0.65 0.7 0.69

beverage
7 0.61 0.47 0.34 0.44 0.76 0.74
13 0.66 0.43 0.53 0.64 0.68 0.58
70 0.56 0.31 0.67 0.4 0.5 0.63

female_clothing
7 0.65 0.83 0.37 0.83 0.85 0.77
13 0.68 0.81 0.62 0.83 0.78 0.57
70 0.6 0.69 0.58 0.81 0.79 0.69

female_names
7 0.92 0.98 0.8 0.78 0.96 0.93
13 0.98 0.99 0.93 0.94 0.97 0.77
70 0.89 0.87 0.97 0.82 0.92 0.85

food
7 0.52 0.58 0.3 0.34 0.8 0.35
13 0.47 0.46 0.63 0.33 0.8 0.22
70 0.32 0.4 0.76 0.32 0.69 0.28

literature
7 0.26 0.37 0.23 0.52 0.41 0.6
13 0.4 0.49 0.38 0.39 0.42 0.56
70 0.21 0.33 0.45 0.2 0.34 0.65

location
7 0.8 0.94 0.6 0.66 0.94 0.93
13 0.94 0.93 0.83 0.75 0.97 0.74
70 0.81 0.88 0.76 0.72 0.84 0.81

male_clothing
7 0.74 0.65 0.59 0.81 0.8 0.81
13 0.78 0.55 0.82 0.83 0.78 0.6
70 0.58 0.54 0.85 0.86 0.75 0.74

male_names
7 0.95 0.94 0.78 0.85 0.93 0.91
13 0.99 0.99 0.93 0.88 0.93 0.87
70 0.94 0.85 0.97 0.85 0.93 0.87

religion
7 0.69 0.71 0.63 0.76 0.63 0.71
13 0.63 0.65 0.78 0.78 0.67 0.62
70 0.51 0.55 0.81 0.72 0.53 0.66

Table 10: RQ3: Setting4 Results from the CAMeL benchmark (How many times did Llama choose an option
from the incorrect category) (it was given 3 incorrect categories, 1 correct category) - Ideally this should be 0 for
everything if llama understands what category we are asking about.



Category Size USA China India Iran Kenya Greece

Female Clothing
7 0.37 0.73 0.53 0.26 0.44 0.43
13 0.38 0.85 0.59 0.34 0.49 0.41
70 0.4 0.83 0.59 0.31 0.44 0.54

Female Names
7 0.12 0.85 0.53 0.52 0.65 0.46
13 0.14 0.8 0.64 0.59 0.69 0.51
70 0.14 0.9 0.58 0.61 0.66 0.58

Male Clothing
7 0.51 0.64 0.79 0.36 0.54 0.59
13 0.48 0.68 0.8 0.45 0.52 0.56
70 0.51 0.66 0.77 0.42 0.48 0.68

Male Names
7 0.21 0.85 0.59 0.55 0.6 0.56
13 0.22 0.82 0.61 0.62 0.57 0.56
70 0.23 0.93 0.57 0.65 0.68 0.65

Overall
7 0.3 0.82 0.61 0.44 0.55 0.51
13 0.3 0.8 0.66 0.52 0.57 0.51
70 0.32 0.89 0.63 0.51 0.56 0.61

Table 11: RQ3: Setting5 Results for the CAMeL benchmark(How many times did Llama choose correct culture
but incorrect gender?) (2 options were from correct culture but opposite gender, and 2 options were from incorrect
culture but correct gender)

Parameter Value

Random Seed 42
Number of Epochs 1 (for 34B or 70B models),

3 (for 6B, 7B, 13B models)

Bits and Bytes Config

Load 4 bit
Quantization Type nf4
DataType bfloat16

Lora Config

Lora Alpha 16
Lora Dropout 0.1
R 64
Bias none

Training Arguments

Per Device Train Batch Size 6 (1 A100 80GB GPU)
Gradient Accumulation Steps 2
Learning Rate 3e-4
Max Gradient Norm 0.3
Warmup Ratio 0.03
Learning Rate Scheduler constant
Optimizer 32bit paged AdamW
Max Sequence Length 2048

Table 12: Hyperparameters used for Instruction tuning of the LLaMA 2 models


