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Figure 1: Our merging method which swaps in top and bottom transformer layers from a language
expert into a math expert, buffered by a transition zone.
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Layer Swapping
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Layer Swapping
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Algorithm 1 Layer Swapping
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Input: task expert #;,., language expert 9mng, lower layers to swap b, upper layers to swap
u, lower transition layers f;, upper transition layers t,,, weight of each expert w4k, Wiang- - 0_merged: H3tE Dol £2f mjzt0|E
number of model layers L -

Output:  Merged model 6,01 gea

-

I: for parameter name n in models parameters do MEHE . - o
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7 else _
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9: endif

10: end for

11: Return 0,,6pged
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Experimental Setup

1) B
- Llama 3.1 8B

2) Math Expert
- QOI2 g &l < HOo|HZ mtel{d (30-40K)

3) Language Expert
- aekele], HEL HE0, 20 240 CHel sts
- €T HO|H 2 Lt/ 'd (30-40K)
- NER, Translation, QA S 0{2{ NLP task =&t

- 43} 00|E mEBR| ¢S

Al FINE-TUNING DATASETS

Table 3: Datasets used for supervised-fine-tuning (SFT) in this project

Category

Datasets

URL

Math

Orca Math word problems dataset from
Microsoft (Mitra et al., 2024)

https://huggingface.
cofdatasets/microsoft /)
orca-math-word-problems-200k

Telugu

Aya Dataset from Cohere for Al (Singh
et al., 2024a)

https://huggingface.cofdatasets/
CohereForAl/faya_dataset

NLLB English-Telugu translation data
from FAIR (NLLB et al., 2022)

https://huggingface.cofdatasets/
allenai/nllb

English instruction dataset, machine trans-
lated to Telugu

Bengali

Aya Dataset by Cohere for Al (Singh et al.,
2024a)

https://huggingface.cofdatasets/
CohereForAlfaya_dataset

English-Bengali translation data from
NLLB (NLLE et al., 2022)

https://huggingface.cofdatasets/
allenai/nllb

IndicSharellama dataset from Al4Bharat
(Khan et al., 2024)

https://huggingface.cofdatasets/
aid4bharat/indic-align

BongChat dataset from Lumatic Al

https://huggingface.cofdatasets/
lumatic-ai/BongChat-w1-253k

Swahili

Aya Dataset by Cohere for Al (Singh etal.,
2024a)

https://huggingface.cofdatasets/
CohereForAlfaya_dataset

English-Swahili translation data from
NLLB (NLLBE et al., 2022)

https://huggingface.cofdatasets/
allenai/nllb

Inkuba dataset from Lelapa (Tonja et al.,
2024)

https://huggingface.cofdatasets/
lelapa/Inkuba-instruct

xP3 MT dataset from BigScience, with
FLoORES samples removed (Muennighoff
et al., 2022)

https://huggingface.cofdatasets/
bigscience/xP3imt

Japanese

Aya Dataset by Cohere for Al (Singh etal.,
2024a)

https://huggingface.cofdatasets/
CohereForAlfaya_dataset

English-Japanese translation data from
NLLB (NLLB et al., 2022)

https://huggingface.cofdatasets/
allenai/nllb

LILM-Japanese dataset from Izumi Lab
(Hirano et al., 2023)

https://huggingface.cofdatasets/
izumi-lab/llm-japanese-dataset

Ichikara dataset from RIKEN AIP

https://huggingface.co/datasets/
platdev/ichikara-instruction

Dolly dataset from Databricks, machine
translated to Japanese

https://huggingface.cofdatasets/
kunishou/databricks-dolly-15k-1a
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Experimental Setup

4) Configuration
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- m2het SHCH 0|0 5= b € {3, 4, 5}

I Middle layers
- w2kt T 0]0 = u € {0, 1, 2} kg
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(3A) Possible config. with more layers swapped in.

(3B) Possible config. with less layers swapped in.
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Figure 3: The comparison of the maximum (left) and minimum (right) swapping setups that we find
effective empirically. Note on the right, there are no upper layers directly from the language expert.
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Experimental Setup

5) Baselines
— 7|37 =l Llama 3.1 8B IT

- 71E Expert ‘95 (Math Expert, Language Expert)

> ExpertE US7| ?I5H 2] H ol 7' (run)S FAMUS M, 2F 71 450

OHN

AT 42 3712 HAZEQIE AL
— 7|2 Model Soup(Weight Averaging)

— Layer Swapping
=>» best config (9 pairs), default config (9 pairs)

6) W7} H|O|E{ A

— MGSM (Multilingual Grade School Math Benchmark) 8-shot
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Results

Table 1: MGSM 8-shot results of layer swapping across four languages compared to the indi-
vidual experts and model souping. Note that for aggregate statistics of the individual SFT runs, we
select the 3 best checkpoints from numerous training runs with periodic checkpointing. The merging
methods are aggregated over the 9 pairs (3 language experts x 3 math experts), which means the

min, avg, and max measures are not perfectly comparable.

LrLaMa

Setting language math expert model soup layer swap layer swap
3.18B expert
Details top 3 training | top 3 training | best config, 9 | default config, | best config, 9
runs runs pairs 9 pairs pairs
Swahili avg [ 24.8 24.7 29.5 29.3 324 32.8
Swahili max 24.8 25.6 32.8 32.0 36.4 37.2
Teluguavg | 12.0 20.0 20.1 209 2.7 23.0
Telugu max 12.0 224 24.0 26.4 27.6 27.6
Bengali avg 29.2 33.5 38.3 36.8 37.1 38.7
Bengali max 29.2 35.2 44 .4 38.4 40.4 45.2
Japanese avg | 33.6 359 42.7 38.7 38.5 40.1
Japanese max | 33.6 36.8 44.8 40.0 40.8 43.2

 Layer Swapping > Math Expert > Language Expert
« Model Soup= S2|7tde =z

. AotlE|, WR T,

I

« Best configE

Xt
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Results

Table 2: MGSM 8-shot results of layer swapping for Swahili in more detail and with two additional
comparisons, TIES-merging and dataset merging. We display the minimum performance in Swabhili,

as well as the average across all 9 languages in MGSM and in English.

Setting LLAMA Swahili math swh&math | model TIES- layer swap layer swap
3.18B expert expert joint SFT soup merging

Details | top 3 train- | top 3 train- . top 3 training | best config, | best config, | default best config,
ing runs ing runs runs 9 pairs 9 pairs config, 9 pairs | 9 pairs

Swahili min || 24.8 23.6 272 31.6 25.6 25.2 29.6 29.2

Swahiliavg || 24.8 247 29.5 32.1 29.3 29.5 324 32.8

Swahili max || 24.8 25.6 32.8 32.8 32.0 324 36.4 37.2

Englishavg || 56.0 557 662 | 64.3 62.0 60.1 64.7 64.4

All langs avg || 37.7 37.5 45.4 46.0 43.0 41.8 44.1 444

_|_

« swh & math joint SFT: 222! 2|0 bt + o
« TIES-merging: LI2}0|ES| £ 2.5 T E 12{5t0 F ExpertE

LIO|E{ & X SFT (80K)
St (Yadav et al, 2023)

« “layer swapping”0| 7}’ &2 max H$(37.2)E 7|&%l= SAlof, g0 H

= (647CH)ut HH| B (44 37 Bo{EEX]| S

« “swh & math joint SFT" & 5}X| T, 0] &= O =0 I 2 G| 0| E{ (mixed)
£ ¢t ol g5t 49Y
. Tt B Hal(model soup)O|Lt TIES-merging2 Zt HE7} sHE B F
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G570 stA| len, ofHd| S| 7HE EX



Conclusions
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Understanding and Mitigating
Language Confusion in LLMs

Kelly Marchisio*, Wei-Yin Ko*, Alexandre Bérard,
Théo Dehaze, Sebastian Ruder*
Cohere

EMNLP 2024 main

EE KOREA

82/ UNIVERSITY




Introduction

Full-response Confusion

/Prompt: =l 1S3 aladiul i g gedle g ge g adldl agdll ¢ gus \
St Sl a8 3 il
Completion: Here are some common misconceptions

about using Artificial Intelligence (Al) to enhance human
capabilities:

Ka. *Misconception 1: Al will replace humans**... /

Line-level Confusion

ﬁ’rompt: Proporciona cinco conceptos innovadores para \
dispositivos de realidad aumentada aplicados a la
educacion.

Completion: Aqui are five innovative concepts for
augmented reality devices in education:
1. "AR-Classroom": Los estudiantes pueden acceder a un aula virtual

\ con todas las herramientas necesarias para su aprendizaje.... /

Word-level Confusion

/F'rompt LUTYRARIBOOERZERLT. @BLVYE ’é]SOOX-?-\
UREBNT-Tayia—-24EVYT -RY

Completion: .. AN FEFRIRT LT TBRBONIZIEAEo>M(T
2otz PavIEB A DT RIICEY, FFRELESERAT=. LHL.
ELFEEIHAN, BYBFETETEA LMY, eventually, HIZF—

HR—F &R
N J

Language Confusion

AL X7t AothE O 2

2| KOREA

UNIVERSITY

URE|A| A

ret



Introduction

Contributions

%
o

1. LLMsO|A Language Confusion 2X& Al&sln

2. LLMsOf| A Language Confusiong &83517| flgt 22 HX|Of3 2t HEE A4

3. LS LLMsO]| CHot MAHQl BIHE =510l AN =2 Language Confusion O 'H-dliSt= A Z=Af
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[OF
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4. LLMsO| A Language Confusions i3}

o7 KOREA

UNIVERSITY




Language Confusion Benchmark
Generation Settings

Monolingual generation
- AMEARZE Q10 |12 2RO Eolot 12 SEES 7|

- AEAEEE E=0E Vst S2HE0V|E d=oty| WE0 7hE ZEH 2 AL AlLt2|2

Cross-lingual generation
- AREARE A0 12 REY FS CHE AN 'R AlSL= = XA
- R¥FE A I'e XA |12 CHE. (2EUA XA20] 1§ 02 2%)

- ex).. A HES HECE o= =28 TR
(RIAlQlof I Bh=0f, 2 HE ¢10f I': gol)
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Language Confusion Benchmark

Language Confusion Metrics

language identification (LID) ¢! FastText§ AI25}0] ¢10{ AlH

Line-level detection: 22 2| 2EE |ineQ 2 £} &, LIDE 0= (4 T O|AOf 2t

rlo
x
olr
|0
in
n
<
b
z

Word-level detection: LID= word-level & Al HE &
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%) UNIVERSITY




Language Confusion Benchmark

Language Confusion Metrics

language identification (LID) £¢! FastTextE AI25I0{ 0] AH
Line-level detection: 2 29| &S lineCE 23l =, LIDE §= (4 T O] ATt M &)

Word-level detection: LID= word-level &2 A| HE Y2 4592 Tt &4 T B A AE

- Line-level pass rate (LPR): line-levelZ2 LID ZX[7|E O2{ ©0| 1ot 2 SEHO| H&

R\ EL|
R

- Word-level pass rate (WPR): 2= TtHO|7} Rdt= AO2 =l SEHO| HlE (7 22

LPR =

—0

|5H, line-level A7)

(R\ EL)\ Ew|

WPR =
R\ Ey

LPR x WPR
LPR + WPR

- Language confusion pass rate (LCPR): LPR1} WPRS| =3} @ [LLCPR = 2 x



Language Confusion Benchmark

Data Sources & Processing

Prompt Translation Data
source
Dataset name Reference Nature of data |[L| |D| Languages W S 151 PO 105 1 B o Q: How to clean and maintain chopsticks? Aya
5]
Aya Singh et al. (2024) Human-generated 100 500 en, tr, ar, zh, pt 9 Eﬂ (Coémo escapar de un helicdptero atrapado en el agua? How to escape from a helicopter stuck in water?  Dolly
) E Dolly Singh et al. (2024) MT post-edited 100 500 hi, riu !‘r, (‘;lr‘ c; . 10 g Erkliren Sie, wie der Gini-Index berechnet wird. Explain how the Gini index 1s calculated. Okapi
g En . o . en, I, it, de, zh, vi, ’ N
= = Okapi Lai et al. (2023) Synthetic + MT 100 1.2k ru, es, id, pt, ar, hi 13 = n FTREFEEZHIET AL, Lok ) 4HHES  What kind of education and training do peo-  Native
Native prompts Ours Human-generated 100 400 es, fr, ja, ko 19 ML= 7RG HLED D) X plc who want to become emergency workers  prompts
in Japan need to undergo? (Ours)
a1 a1 w 7 1o
w = Okapi Lai et al. (2023) Synthetic 100 15k L L Generate an essay in Korean of at least 500 words that argues in favor of regulating artificial intelligence.  Okapi
& & ShareGPT https://sharegpt.com/ Human-generated 100 15k L 18 =
O .E Complex prompts  Ours Human-senerated 99 15k L 159 g, Respond in French. You are a medical communications expert. Please provide a summary on how pharma ~ Share-
— £ companies are approaching diversity and inclusion, and health inequalities globally. Focus on the general ~GPT
. . . . . . «  approach and include information on clinical trials.
Table 1: Data sources in the LCB for monolingual and cross-lingual generation. |D)| is the total & o ) ) _ )
number of examples per data source and |L| is the number of examples per language. For the cross- U  Based solely on the texl_belov.vz 1. Extract the st?tlsllcal techniques and mach%ne.learmng algorithms ana]_ysts Complex
lingual setting. the model is instructed in English to eenerate in the target language | € £ where [ — employ to uncover relationships and patterns within the data. 2. Generate 5 fill-in-the-blanks style questions  prompts
& ’ & S & g & guage ¢ o 3. Summarize the text in 100 words [...] Reply in Turkish. (Ours)

{fr, de, es, pt, it, ja, ko, zh, ar, tr, hi, ru, id, vi}. W is the median length in words of the prompts in each dataset.

Table 2: An example prompt from each dataset used for monolingual and cross-lingual generation. English
translations are shown for convenience. For cross-lingual generation, prompts are in English and have been amended
with an instruction to generate the output in another language. The complex prompt example is truncated.
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Experimental Results

Line-level pass rate (LPR)

Monolingual
avg ar de en es fr hi id it ja ko pt ru tr vi zh
Llama 2 70B-I 483 03 59.0 99.0 957 817 1.0 620 720 7.0 00 910 889 330 170 105
Llama 3 70B-I 460 21.7 310 1000 983 887 230 21.0 880 100 00 955 770 180 100 8.0
Llama 3.1 70B-1 90.0 939 100.0 985 99.0 1000 100.0 940 100.0 969 1000 99.0 1000 1000 100.0 99.0
Mixtral 8x7B 73.0 433 909 995 893 953 7.0 580 720 667 612 850 650 900 570 455
Mistral Large 699 430 980 990 990 1000 190 310 990 480 640 795 980 7T1.0 290 660
Command R 98.6 100.0 980 995 957 993 1000 920 990 100.0 1000 985 100.0 99.0 990 985
Command R+ 992 99.7 100.0 100.0 993 997 100.0 970 100.0 990 100.0 975 100.0 100.0 990 975
Command R Refresh 989 996 1000 995 993 997 100.0 920 100.0 99.0 1000 980 100.0 990 100.0 98.0
Command R+ Refresh 993  99.0 100.0 100.0 993 100.0 100.0 96.0 1000 100.0 1000 975 99.0 100.0 1000 98.0
GPT-3.5 Turbo 99.1 100.0 100.0 995 99.7 1000 990 960 100.0 980 100.0 950 1000 100.0 99.0 970
GPT-4 Turbo 993 99.0 100.0 1000 993 993 1000 96.0 99.0 100.0 100.0 980 100.0 100.0 100.0 99.0
GPT-40 989 99.7 100.0 1000 993 993 99.0 940 100.0 990 100.0 975 99.0 100.0 99.0 980
Cross-lingual
avg ar de - es fr hi id it ja ko pt ru tr vi zh
Llama 2 70B-I 384 124 523 - 773 T7L1 212 460 665 162 48 759 383 240 204 111
Llama 3 70B-I 303 311 347 - 6L.1 531 464 254 364 1.4 0.8 544 384 174 187 43
Llama 3.1 70B-1 814 772 875 904 905 9.6 971 881 594 515 860 765 857 936 699
Mixtral 8x7B 69.0 59.1 764 - 791 79.0 392 728 850 579 569 794 724 760 758 575
Mistral Large 582 36.1 745 - 685 719 585 592 658 445 411 645 0633 659 548 465
Command R 68.1 6l.6 632 - 725 744 655 0.8 657 653 692 672 694 677 657 750
Command R+ 91.2 934 916 - 9.7 915 902 859 938 938 911 885 93.0 920 9.1 895
Command R Refresh  93.1 91.9 96.1 - 964 940 950 851 938 950 938 940 922 934 941 B89
Command R+ Refresh 954 954 975 - 97.6 97.2 982 889 962 951 959 917 964 979 979 902
GPT-3.5 Turbo 898 90.8 902 - 933 878 920 845 913 883 903 899 918 892 Ol8 3864
GPT-4 Turbo 90.3 839 930 - 93.1 9.7 91.0 873 918 877 897 910 90.0 914 9.0 3879
GPT-40 924 950 929 - 958 935 919 854 941 925 924 880 926 951 927 913

Table 3: Line-level pass rate (LPR) on monolingual and cross-lingual generation, by language.

Monolingual generation

Command % GPT 222 line-level A HBEES
=2 &gt

- GPT-4-turbo > GPT-40
Llama2, Llama3X} Mistral 22 Z2&t

Llama3.15E Zat

Cross-lingual generation

monolingual CHH| &3] 0228 E
OpenAl 8! Command 20| 7t& & 43
Command R+ Refresh7} |11 d&

Llama3.15 & ZotX|2 o2 &



Experimental Results

Word-level pass rate (WPR)

Monolingual generation
- Command ¥ GPT 22 0| LPRI} SAISHA EBRE O

Monolingual  Cross-lingual

Llama 2 70B-I 979 84.2

Llama 3 70B-I 93.0 94.4 - Llama2, Llama3Zt Mistral 22 22t
Llama 3.1 70B-I 99.5 95.0 o el Kb

Mixtral 8x7B 73.7 68.2 - Llama3.1£H Z¢

Mistral Large 08.4 93.8

Command R 06.3 94.0

Command R+ 994 9.1 Cross-lingual generation

Command R Refresh 099 .4 97.2 o
Command R+ Refresh 99.8 96.5 - WPRO|Al= LPR CHH| O|2{=0| X35 EO{ &,
ggj.i;{%gbo ggg ggz > &, & E line-levelO| A language confusionO| &/dat
GPT-4o0 9977 08.1

Table 4: Average word-level pass rate (WPR) on non-
Latin script languages. See Tables A3 and A4 for
detailed WPR results on non-Latin and Latin script lan-
guages respectively.



Experimental Results

PT vs SFT
avg ar hi ja ko Vi zh _3_7H|E_I AI'I-I OI-; LLMJ-I' |nStI‘UCtI0n tunEd EEHOI HI
Llama 2 70B 98.5 99.6 100.0 100.0 100.0 98.0 932 - |nstruction-tuned Command R 2 &2 7|& W™ ELC} language confusionO| M-S
Llama 2 70B-1 6.0 0.3 1.0 7.0 0.0 17.0 105 . .
- Instruction-tuned Llama 2&-2 language confusion0| =&
Llama 3 70B 94.7 96.7 97.9 87.9 98.8 97.0 90.0
Llama 3 70B-1 12.1 21.7 23.0 10.0 0.0 10.0 8.0 = O:lo-l KAIOI SFT7|- EI?;! H: 7JLI ; %l'*l
Command R base 85.9 949 81.0 939 942 83.0 68.1
Command R 99.6 100.0 100.0 100.0 100.0 99.0 98.5
Command R+ base 78.4 92.8 67.0 90.5 935 657 609
Command R+ 99.2 99.7 100.0 99.0 100.0 99.0 975

Table 6: Line-level pass rate (LPR) of base vs
instruction-tuned LL.Ms on monolingual generation

for a subset of languages. Full results in Table A17,
§A.8.



Experimental Results

When does language confusion occur?

i = & ER # B o i

Overall @CP —-@CP | Overall @CP -—-@CP

Has CP 1.64 3.56 1.61 0353 1.228 0.337
No CP 1.61 - 1.61 0.365 - 0.365

All | 1.62 3.56 1.61 |0.36] 1.228  0.356

‘ Avg. Nucleus Size ‘ Avg. Entropy

Table 7: Avg. nucleus size, entropy at confusion
points (sampling points where language switch did
[@CP] or did not [-@CP] occur) for 15 Chinese re-
sponses. Responses are split into those which had at

least one CP (“Has CP™) or zero CPs (*No CP”).

BN

Figure 2: A model is vulnerable to world-level language confusion when the number of tokens in the sampling
nucleus is high, and the distribution is flat. Metrics: Shannon entropy; in brackets: # of tokens in nucleus.

Okapi 222 15712| =0 ZEZE0] C|

A A

- CP 24: & 9712l CPE 3. Ol X|F0A S EE0| 2/=X] &A ST

o
= 52¢

2 language confusionO| ZHAigt I =

Language Confusion0| 2#2e| C}Z EZ0]
=S Mo

ol E 21| 2} nucleus sizeZ}

SEX| 2 CPOIM 2| nucleus size 2F Y E Z I

£ "confusion point (CP)"0|2t1
, & 1500712 E22=2 74 E oAl

ot SEHS 44, 67| o2 o= X £

O

| cheh 224/ gat 230| o,
dg 7150l k= A A

[H



Mitigating Language Confusion

1. Reducing temperature and nucleus size

Effect of Temperature on the Softmax Normalized Probabilities in the Nucleus avg ar hi ja ko ru  zh

P(v € V | the quick brown) P(v' € V" | the quick brown)
T=0.0 | 97.2 | 97.6 100.0 969 97.0 96.0 959
T=03 963 (993 990 939 970 96.0 923

logits |T=01!T=03!T=05!T=10!T=20| |T=01!T=03!T=05!T=1.0!T=20
fox [ 0.75 | 0.996! 0.559: 0.365' 0.276 1.000; 1.000: 0.660: I‘.].413§ 0.329 T=0.5 964 | 97.9 990 949 99.0 950 923
dog | 020 || 0.004! 0.186 0210 0.209 4 102200 0241i 0250 T=07 | 942|980 980 91.8 939 930 90.3
the quick brown... -< cube 010 0; 0.046! 0.1025 0_1555 0.180 ' ; g_121§ 3.179§ 0.215 T=1.0 | 86.5 | 95.9 038 745 928 875 74.7

mE | 020 0} 0033 0.084] 0.141: 0.171 4 i -loae2l 0208) p=0.1 |97.4]983 1000 980 97.0 950 95.9
0.023] 0.069! 0.128! 0.163

Ny ¥ , p=0.3 | 973 | 98.0 100.0 99.0 97.0 940 9509

\_ after _—D.SO 0

p=0.5 | 97.6 | 98.0 100.0 969 960 98.0 96.9

Figure 3: Effect of Temperature (7') in Nucleus Sampling. Tokens in the nucleus at p = 0.75 are bold. Middle: p=0.75 | 96.3 | 99.3  99.0 939 97.0 96.0 923

Effect of T on the softmax probabilities (Equation 1). Right: Effect of 7" on the probabilities of tokens in the nucleus

right before sampling (Equation A.10). As 7T increases, the token I} has less chance to be sampled. Table 8: Effect of varying temperature (7') or nu-
cleus size (p) on monolingual word-level language
confusion (WPR) of Command R. Default values are
p=0.75and T" = 0.3. Best score. Worst score.

2> =2 Temperature= Language ConfusionO| &Mgt = UZ
> pE AAAMF{A, nucleus sizeE | o= 22 &2 T A



Mitigating Language Confusion

2. Beam search decoding

Monoling. Crosslingual
WPR LPR || WPR LPR
Overall - IE IE
1 | 97.8 99.0 || 949 | 74.1 - 73.9 - 74.2 -
2 | 98.6 99.0 || 954 | 722 (-1.9) | T1.1 (-2.8) | 73.6 (-0.6)
3 | 98.6 98.7 97.1 | 71.5 (-2.5) | 70.1 (-3.8) | 73.4 (-0.9)
51990 990 || 96.7 | 70.3 (-3.8) | 68.3 (-5.6) | 729 (-1.4)
10 | 99.0 98.5 96.7 | 68.4 (-5.7) | 65.6 (-8.3) | 72.1 (-2.1)

Table 9: Effect of beam search decoding on language
confusion metrics for Command R. Beam sizes: 1-10.

= Beam sizeE S 7IA| 7|, Monolingual WPRO|A| ‘d'50| £O0}X|X| 2t LPR2 2

2 Beam sizeE S 7}A|7|H, Cross-lingual LPROj| S X0l Hgks O|A



Mitigating Language Confusion

3-4 Few-shot prompting & Multilingual instruction tuning

Monolingual ‘ Cross-lingual

LPR WPR | LPR WPR

Command R Base 86.2  O8.7 1.1 100.0
+ Q/A template (0-shot)  85.3  99.7 | 20.9 97.0
+ 1-shot 94.1 100.0 | 90.7 98.6
+ 5-shot 99.0 100.0 | 95.0 99.7
+ English SFT 77.8 96.2 | 78.3 91.7
+ English pref. tuning 74.3  90.9 | 85.7 87.4

+ Multilingual SFT 983 955|782  90.0
+ Multi. pref. tuning 989 934 | 89.4 86.9
Command R 98.6 96.3 | 68.1 94.0
+ 1-shot 683 927 | 829 92.3

Table 11: Effect of few-shot prompting and instruc-

tion tuning on language confusion.

>

English-only tuning

S0l &8 S7H ITHO|H=Z SFT ¢ =, O] 220 FOof H& U=k 7Y HE
Multilingual tuning

0ol HIO|HE Ct=0f Ho|HZ =& (7|14 HAE Dolly H ShareGPT ALE)
Ct=0f HlOoJE 2| EF o= Qloff, 22[2] SFT H[O|E 282 90% FOf AE.
Mz 7RO 2 50% =0 HIO|HE AHE

| —
[

$Q

Few-shot prompting2 language confusion2 2t3}8 4

fot

monolinguald|A 0| SFT, M3 = FY2 language confusiong 23}, THX| 10%2| Ct= 0]

k=
CIO|E{2 SFTE $s8dl= HUSZ T line-level confusion® 2| MAHE
cross-lingual®f| A Ct= 0| {'d0| B0 & F'IEL} line-level d5& T
cross-lingual Cl|O|E{4I0] GOl ZE=EG t2 AO{M 0| O XA == AS
i = 20| o S25HA o{7|7| HIE2Y = A

I
of
Ly

K
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Conclusions

- ljE 2 S7HE LLMO| Language Confusiong EH Y = 0| A0 ZMO| SFT W&

« LLMZ 7i'Y % H{=ZE Of, Language ConfusionOl Ci$t HEE 4+
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Thank you!
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