Motivation:

Setting: Challenges: Solutions:
e Non-profit => Resource-constrained v/ CPU-based semantic search
P devices and limited budget leveraging multiprocessing

capabilities of Rust language

e Multilingual -  Heavyweight MLLM

v/ Language reduction

¢ Domain-specific Domain-specific data is

more scarce in different v/ Continued pre-training with
languages domain-specific vocabulary

Language Reduction and Domain Adaptation: Model Performance and Model Size comparison:
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Muktiiinguel £| B| token ] : = Table 3: Performance on in-domain IR dataset for four languages. The best scores are in bold, and color codes
Corpus o |2 | token g B wox J = token B | token @ correspond to different languages.
g © | token @ . . Islamic Corpus i 2| token | > B token
T token B token SASSER Model en ru ar ur -
@ g ;_ token @} @ H v o XLM-Rpye 84.19 7559 7166 65.27 Model Size #params EM
XLM-R base ’ XLM-R4 )1 E—J ) ® ' )@:‘:‘E;]:: 8832?]‘ ?8? 7:4? 6‘5;,95 mBERT 714MB 178M 92M
XLM-R4 v
okenizer 4 mBERT 15lang 822 687 649 571 XLM-Rpye 1.1GB  278M 192 M

LWWMW—T Lawmm DistillmBERT 785 639 586 533 XILM-R4 481 MB 119M 33M

Table 1: Results on cross-lingual transfer for four lan-

Domain adaptation of Language models: guages of the XNLI dataset. XLM-Rg,.. and XLM-R4 Table 2: Comparison of models’ size
Gururangan et al. (2020), Beltagy et al. (2019), Lee results are averaged overﬂvediﬂu:xeeds.
et al. (2019) 3 4

Comparison of SUTs:
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Top K

Recall 100% 90% 9% 85% 100% 100% 100% 100%
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f Y Table 4: Comparisons of SUTs for the speedup of retrieval against baseline and percentage of baseline Recall (e.s
Output : Sort : stands for exact search and w. for worker).




