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INTRODUCTION

Why LLM for Embedding tasks?

* LLMs pretrained with all input tokens, much more
sample-efficient than encoder-only models.

« LLMs excel at instruction, an 1deal choice for
building universal text embedding models.

Limitations:

» Current LLM-based embeddings excel in English but
underperform in multilingual scenarios.

« LLMs’ causal attention mechanism restricts the
model’s attention to only preceding tokens.

* Lack of comprehensive evaluations benchmark for
multilingual text embedding.

=» LUSIFER: zero-shot approach to adapting English-
focused LLM for multilingual text embedding tasks.

=» LUSIFER’s benchmark: 123 diverse datasets in 14
languages, focusing on five fundamental embedding
tasks

FRAMEWORK

LUSIFER includes the three key components:

- Multilingual encoder as language-universal learner
» Connector with minimal trainable parameters

» Target LLM optimized for embedding tasks

Two-Stage Training:

- Stage 1. Cross-Lingual Representation Alignment:
Establishes a universal semantic space connecting
multilingual encoder with English-centric LLMSs

* Masked Reconstruction: Predicts original tokens from
corrupted Inputs using cross-entropy loss.

« Autoregressive Completion: Generates answers for QA

 Stage 2. Representation Finetuning: enhances
embedding quality through contrastive learning
while maintaining cross-lingual alignment

- Bidirectional Attention: Integrates forward and
backward context modeling to Improve seguence
representations

*  Representation In-batch

contrastive loss

learning  with negatives

LUSIFER: Language Universal Space Integration for Enhanced

Multilingual Embeddings with Large Language Models

*University of Oregon, "Adobe Research

LUSIFER: Language Universal Space Integration for Enhanced Multilingual Embeddings with Large Language Models SIGIR °25, July 13-18, 2025, Padua, Italy

Stage 2: Representation
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Figure 1: Overview of LUSIFER. Left: Align a multilingual encoder with the target English-centric LLM only using English
data and a minimal set of trainable parameter. Center: End-to-end representation finetune through contrastive learning on
English text-embedding tasks using LoRA. Right: During inference, LUSIFER successfully processes text-embedding tasks
across multiple languages.
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LUSIFER’S BENCHMARK

ﬁificaﬁon [Inappr'opriatenessclassification] AmazonCoun'rer'fucfualclossificaﬁon] {ArEnTail] {XNLIJ @sw‘ering [STackExchnngeCiusTer'ingPZP] SmckExchangeCIusTering} Ge.or'eviewCiusTer'ingPZP] TERRm
n| RTE3

‘ ‘MusakhnNEWSCIusTer'ingSES| [ReddifCIusTer'ing] MusakhuNEWSCiusTer'ingPZPJ [RuScr‘BenchOECDCn‘usTer‘ingPZP

3 3 ( .
RLISCiBEHChOECDC'QSSfﬁCGﬁOHW [ TwitterURLCorpus J {BengaliDocumentCIa.ssifica'rion ) [KinOPOiSRC'QSSiﬁCO.tiOH] kfl"ld(]l'l'l'] {SpunfshNewsausTerinngp} [RuSciBenchGRNTICius’rer'ingPZP [Medr‘xivClusteringPZPJ [SIBZOOCMS“'EFMQSZS}

IﬂdlCNLPNBWSClaSSIfrCCIfIOI"IJ |k FlnToxncr'ryC!assmcatlan] \TeluguAndhr‘aJyoTrNewsCIQSSIfrcutlonJ [SIBZOOCIOSSlfICQTlonJ {MLSUMCIusTeringPEPW [IndicReviewsCiusTer-ingPZP] [Medr‘vaClquer‘fngSZS} RedditClusteringP2P [KLUE—TC

[TweefSentimenTEmecﬁonCiassificution} [RuSciBenchGENTIC!assificuﬁon [Mui'riEUELEXMuIﬁ!abeiciassificaﬁa]
r

enchBookReviews [IndonesianMongabayConser*vaﬁonCiassification] [SpunishNewsCIassr‘ficaﬁon| [‘I‘wiﬂer‘SemEvaIZOE‘

‘Br‘or‘xivCIuSTeringSES] [MLSUMC!usfer'ingSZSJ [ArxivCiusferingPZP [HALCIusteringSES] {Ar‘xivCIusTer‘ingszs]

[F
[PuwsXPair-CIossificaﬁon] BengaiiHateSpeechciossificuﬁan] [IndicSenfr‘menTCiussification] [MussiveScenur'ioCIussifica'rion ] o) [os :
L TwentyNewsgroupsClustering ‘BrorxerIusTer‘mgPZP /

Kor'HuTeSpeechMLClassificafionW [Mussiveln'rentclussificaﬁon] ‘ VieStudentFeedbackClassification ‘ [Headlineclassifica'rion]

A A

[AmazonPolar‘ifyCIassificction] |Bunking?7€|assifica'rion} [MasakhaNEWSClassification} PﬂuIﬁiinguulSenfimenTClassiﬁcution‘ Retrieval [WikipediaReTrievalMuHilingua! {Quor‘ake‘tr‘ieval [CQADupsfackTexPetr'ievul} [Ko—STr'aTengA]

[TweefEmotionCIassificaﬁon} {Spr‘intDup!icafeQuestionsl {AmazonReviewsClassiﬁcution [TweefSentimenTCIassiﬁcationJ IndicQARetrieval [FEVERJ [SCIDOCSW [MinfakaRefr'ievai [ArguAnu} [MSMARCO] {VieQuADRetr-ievaI]
~ A S J J S

[Kor'Sor'caSmClassification [MTOPDomainCIassifimfr‘onJ [EmaﬁanﬂassificationJ MTOPIntentClassification [Far'sTaiI ‘ [RiaNewsReTr‘ievaI [FiQAZOlBMToucheZOEO] EBelebeIeReTrievaﬂ CIimaTeFEVER] DBPedia] [Scr‘Fuc‘r] NQ
J J L
b i a b
[RuReviewsClassiﬁcation] Afr‘iSen'riCIa.ssificaTion} [Senﬁmen'rAnalysisHindi {Geor‘eviewﬂassiﬁcution] ImdbCIassificqﬁon] [MLQARetr'ieval] [RuBQRefr‘ievul J ﬁ—io?poTQA} {NFCorpus [TRECCOVID
g L J by
{SwahiIiNewsCIassifimfr‘on J ~
STS {K;gg-] {SummEvalFr'] SummEvuI] [Kar'STS] [STSBenchmur'kMuhr‘IinguaisTS [BIOSSES]
Reranking [Mr‘ndSmaiIRer'anking {AskUbunTuDupQuestions [WikipediaRer‘ankingMuIﬁlingunlJ {SciDocsRRJ [STSIZJ [STSISJ MSTSIS ‘ [STSH [STSIEJ [51‘516] [STSUJ LSTSZZ} ‘FinPamSTS [Opusp aaaaa PC
[StuckOverﬂowDupQuestians [RuSTSBenchmarkSTS“ STSBenchmark [IndichsslinguulSTSJ {5emRe!245T5J |SICKFr-J {SICK—RJ
_ /

Figure 2: Overview of tasks and datasets in our benchmark. Crosslingual datasets are marked with a blue shade.

EXPERIMENTS

Baselines En Es Ru Fr Vi Fa Id Ar Fi Ko Hi Bn Te Sw Avg.
Jina-embeddings-v3* [55] 59.84 61.23 62.88 5894 66.74 7835 5851 6471 73.57 6496 64.19 6154 6896 49.20 63.83
mGTE-base™ [73] 60.40 59.65 61.02 56.20 65.81 7346 56.55 6197 6896 61.22 60.81 58.24 63.58 5257 61.46
BGE-M3* [10] 60.09 6060 6237 5734 7069 7897 5878 64.12 7560 64.72 64.61 6531 6985 54.20 64.80

Multilingual-E5-large* [64] | 61.91 6197 6291 5940 7130 78.08 5521 6341 76.53 6655 63.75 63.67 67.32 5155 64.54
UDEVER-Bloom-7B* [72] 55.83 56.39 59.73 5438 6432 68.70 4897 55.02 67.60 5854 5596 55.13 61.00 4741 57.78

SimCSE [16] 5192 5181 2490 46.95 31.18 37.12 39.27 2946 41.64 26.23 25.17 21.54 26.71 3836 35.16
Contriever [20] 49.29 4426 26.55 4405 33.03 3966 3833 3236 45.76 2647  23.27 22.61 2264 39.26 34.82
GTE-large [29] 62.29 51.66 33.49 50.13 38.88 44.67 43.07 30.27 5198 27.02 2038 2297 2275 4140 38.64
BGE-en-1.5 [68] 63.27 51.65 3279 50.84 3850 49.73 4328 30.81 51.16 31.11 25.28 2634 23.02 4196 39.98
E5-large [61] 60.12 5241 26.81 51.00 3799 3947 4386 31.32 53,59 28.84 2457 2348 22.03 4325 3848
ST5-XXL [45] 58.81 60.35 4442 5850 4181 24.66 5343 2530 5246 1543 1807 17.10 21.63 38.81 37.91
GTR-XXL [44] 58.12 5439 4194 5321 3796 24.67 50.08 25.14 53.88 15.23 1735 1592 22.12 40.57 36.47
E5-Mistral [62] 66.64 61.84 61.30 59.65 5858 7255 58.25 5443 6697 62.82 56.23 55.10 47.15 50.61 59.44
LUSIFER (Ours) 57.20 60.14 5982 5924 67.69 76.17 59.70 55.60 72.83 65.23 62.37 58.43 69.30 53.12 62.63

Table 1: Comparative analysis of model performance across multiple languages and tasks. The table presents average metrics
for each model, with the highest score for each language emphasized in bold. * denotes the models trained on extensive
multilingual data.

Baselines MLQARetrieval BelebeleRetrieval STS17 STS22 IndicCrosslingual  Avg.
SimCSE [16] 7.41 18.35 39.71 37.95 0.18 20.72
Contriever [20] 9.75 22.94 34.55  41.72 0.03 21.80
GTE-large [29] 16.99 31.82 37.57 53.79 1.59 28.35
BGE-en-1.5 [68] 16.64 31.19 40.40 50.77 1.11 28.02
E5-large [61] 17.04 31.12 37.90 54.31 1.83 238.44
ST5-XXL [45] 20.82 41.68 56.19 59.02 1.76 35.89
GTR-XXL [44] 20.19 38.02 50.83  60.11 2.74 34.38
E5-Mistral [62] 31.54 54.75 31.12  71.37 21.92 52.14
LUSIFER (Ours) 36.68 57.81 31.09 70.49 43.40 57.89

Table 2: Cross-lingual evaluation results. The table presents average metrics for each model over all languages of the datasets,
with the highest score for each language emphasized in bold.

Ablation Study

Baselines | En Es Ru Fr Vi Fa Id Ar Fi Ko Hi Bn Te Sw Avg.

LUSIFER (Full) |57.20 60.14 59.82 59.24 67.69 76.17 59.70 55.60 72.83 65.23 62.37 5843 69.30 53.12 62.63

LUSIFER (Connector Only)

LUSIFER (Frozen Multilingual Encoder)
LUSIFER (Alignment Only)

LUSIFER (Representation Finetuning Only)

35,53 3398 4295 3354 3568 5786 3555 27.60 4872 3445 4757 41.85 4650 34.66 44.18
5099 58.77 5830 5273 6224 75.88 58.11 4166 70.75 59.53 6248 5553 66.24 49.12 58.74
43.32 3894 45.12 36.75 4196 64.60 3838 33.07 52.78 38.08 53.006 47.84 4834 40.03 44.45
49.71 5876  58.08 51.01 6211 74.01 57.32 4095 6847 57.81 59.74 53,53 6339 4703 57.28

Table 5: Ablation study results of LUSIFER’s components. The table presents average metrics for each model, with the highest
score for each language emphasized in bold.

»  Should allow the multilingual encoder and the LLM to be finetuned
during training

»  Two-stage training approach complement each other, especially the
Importance of the representation finetuning stage

Visualization
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Figure 6: t-SNE representation of 200 randomly samples from
the SIB200 dataset. The points are colored by the languages.

*  Present a more mixed distribution of languages, with overlapping
clusters across different languages

=>» Lingual-agnostic capability, bridge the gaps between representation
spaces of different languages
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