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> Training: monolingually on ENG as source : Language & : :Average over all xMIND languages :
> Testing: monolingually on target from xMIND -, content-agnostic ;
AUC nDCG@10
\Model
ENG AVG %A ENG AVG %\
o, NAMLCAT 55.46+0.18 0.0 35.81+0.59 0.0
LSTUR CAUM-PLM  57.82+3.01 55.90+1.75  -3.32 37.49+1.71 35.96+1.58 -4.08
S IR LSTUR-PLM  56.80+1.36  56.28+1.68 -0.92 37.45+0.54 36.03+0.85 -3.78
3 —— MINS MANNeR 50.00+0.00  50.00+0.00 = 0.00 40.17+0.21  37.64+0.44 -6.28
e IR MINER 57.73+7.33  55.81+4.33 -332 36.45+4.84  35.02+3.51 -3.90
MINS-PLM  59.89+0.29 56.94+1.40 -4.93 39.35+0.20 37.64+0.50 -4.35
NAML-PLM  52.85+2.27 52.49+2.60 -0.68 40.43+0.39 38.38+1.02 -5.06
ENG CMN _IND PN TUR TAM VIE SWH THA RON SOM HAT GRN FIN  KAT TANR-PLM  54.18+5.91  53.27+1.91 -1.68 40.03£0.86 36.78+0.88 _-8.11
Language V

Out-of-sample for the language model ¢ Relative performance under zero-shot XLT w.r.t. ENG

Few-shot Target-language Injection During Training Shows Limited Benefits

(A) Monolingual News Consumption (B) Bilingual News Consumption
> Training: injection of x% target language examples Simulated bilingual consumption: replace x% of source-
> Testing: monolingually on target from xMIND language news 1n user history with target-language news

> Testing: bilingually on ENG as source + target from xMIND
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Percentage of target language in the bilingual user consumption in training data
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