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The math is not mathing.
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Results and Analysis

| then lost interest in her bc her IG wasn't that interesting.
| then lost interest in her, because her Instagram wasn’t that interesting
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Experimental Setup )

LASER (teacher)
*5-layer bi-LSTM (45M params)

MTEB: MASSIVE TEXT EMBEDDING BENCHMARK (Muenninghoffet al., 2023)

*OSCAR (Ortiz Suarez et al., 2019)
*2M lines of standard English used
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*xSIM (Artetxe and Schwenk, 2019) ) standard English sentences :
from WikiNews. WikiBooks, outperforms map its standard phenomena shatter

* proxy metric for bitext mining
* cross-lingual similarity search
*error rate of aligning translation pairs

*XSIM++ (Chen etal., 2023)
*more challenging than xSIM

LASERon UGC embeddings to LASER’s subword tokenisation

WikiVoyage

e artificially augmented with
mix_all and other NL-Augmenter
transformations

Future work:
Extend RoLASER to more languages
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