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Tom tat

Motivation Céng téC 1. Vé may bay, noi 6, visa

Cac nhan vién c6 ké hoach di cong tac chiu trach nhiém chi déng lap phiéu Phé duyét cong tac va Cap quan ly truc
tiép va DH chju trach nhiém giam sat, phé duyét Phiéu phé duyét cong tac

Khi phat sinh nhu cau dat vé may bay, noi & (khach san, nha 6, can hd), visa cho chuyén cdng téc, nhan vién/admin
lién hé nhan vién phu trach phong AF dé yéu cau hd tro viéc dat vé.

DBng nghiép Tai lieu Su kién Biéu mau Phong AF sé chiu trach nhiém dat vé may bay, noi & hodc xin visa cua tat ca cac nhan vién, ngoai trir lich di cong tac
) i ) ) ctia nhan vién SMT sé do Trg ly Téng Giam ddc phu trach.

D3i vai cac truang hop nhan vién dugc dé nghj mirc chi phi may bay, khach san tiét kiém hon so véi AF, nhan vién sé
lién hé vdi AF dé AF danh gia muc tiét kiém va thuc hién dat vé. FA sé phé duyét thanh toan khi c6 day du ching tir
hop 1€

A I h tb t . RA _ ) ) . i Tat ca cac giao dich thanh toan vé may bay, khach san, nha & phai uu tién thuc hién théng qua thé credit; cac hinh
C a 0 u S I n g G w Chinh sach cong tac thirc thanh ton bang tién mat 1a khéng duoc khuyén khich

Wiki + Chinh Sach - Céng tac

Luu y: DGi vi cac truang hop dat phong khach san qua cac trang dién tdr trung gian nhu agoda, booking..ma cac
trang nay KHONG thé xuat héa don tryc tiép cho Cong ty, AF KHONG thyc hién thanh toan online ma nhan vién sé
/ \ N . N N thuc hién thanh toan truc tiép tai khach san va yéu cau khach san cung cap héa don hgp 1é cho Cong ty.

Phé duyét cong tac

Form Portal - Nhirng Yéu C&u Théng Dung

&
(A

Q Phong hop TSE & dau?

<% Bdo cdo chi phi cong tac
@3 Form Portal « Tai Chinh K& Toan % G : S PR sasl . p 5 Lope . S
Trong mot chuyén cong tac trong nudc, nhan vién can luu y dén cong tac phi bao gom chi phi luu trd, trg cap sinh
hoat, van chuyén, dién thoai,... Nhan vién can nam ré han mirc va quy trinh dé 1én ké& hoach cong tac phu hop.

Phong hop TSE nam & VNG Campus, Building 1, Floor 1,

inh:mdre chi phi cong tic trong murde If you have question, please contact

Green Zone. D& dén phong hop TSE, ban c6 thé di tur

B Tiéngviét ¥ Apdung cho B8 T4t ca van phong o Tét c nhan vien

The Coffee House, di thdng dén khu vuc IT Helpdesk, am w B IT Helpdesk

~ 24 as e 2 \ & ~ ’ Gidi dap céc thac mac, ho trg cai dat, khdc phuc sy cd lién quan
1 ) at,

re phal roi di thang, phong hop TSE nam bén phla tay t6i phan clng, phdn mém cua thiét bi céng nghé théng tin. Dam ...

Trong mdt chuyén cong tic trong nudc, nhan vién can luu y dén cdng tac phi bao gom chi phi luu trg, trg cap sinh

hoat, vén chuyén, dién thoai,... Nhan vién can nam rd han mdrc va quy trinh dé Ién ké hoach cdng tac phu hop.

trai. Tuy nhién, phong hop TSE khong ho trg Video

Conference qua ZOOM. Tomtat

Céng tac sé chia lam hai loai

* Ngan han: dudi 15 ngay

Source; HU’()'ng Dan - Phong h(_)p.dOCX « Dai han: tir 15 ngay tr lén. C4c trudng hop di cong tc tir 3 thang tré 1én s& p dung theo chinh sach trg cap xa

nha

Da6i vai céc truang hop cong téc dai han, admin phong ban phdi hgp véi AF dé sap x&p thué nha/can hé véi mirc gia

\ / hop ly va dia diém thuan tién dé lam viéc

D6 véi nhom c&p bac 5 tré 1én, chi phi luu tri va dinh muc céng téc dugc tré theo chi phi thuc té phat sinh, Truéng
hop khang sir dung héa don dé thanh todn thi chi phi sinh hoat dugc ap dung theo dinh mirc cia nhém cép béc 4.

GREE“”@DE 2025 PRESENTATION



- BEIR: A Heterogeneous Benchmark for Zero-shot

Evaluation of Information Retrieval Models

Nandan Thakur, Nils Reimers, Andreas Riicklé; Abhishek Srivastava, Iryna Gurevych

Ubiquitous Knowledge Processing Lab (UKFP Lab)
Department of Computer Science, Technical University of Darmstadt
http://www.ukp.tu-darmstadt.de

Abstract

Existing neural information retrieval (IR) models have often been studied in ho-
mogeneous and narrow settings, which has considerably limited insights into their
out-of-distribution (OOD) generalization capabilities. To address this, and to facili-
tate researchers to broadly evaluate the effectiveness of their models, we introduce
Benchmarking-IR (BEIR), a robust and heterogeneous evaluation benchmark for
information retrieval. We leverage a careful selection of 1§ publicly available
datasets from diverse text retrieval tasks and domains and evaluate 10 state-of-the-
art retrieval systems including lexical, sparse, dense, late-interaction and re-ranking
architectures on the BEIR benchmark. Our results show BM25 is a robust baseline
and re-ranking and late-interaction based models on average achieve the best zero-
shot performances, however, at high computational costs. In contrast, dense and
sparse-retrieval models are computationally more efficient but often underperform
other approaches, highlighting the considerable room for improvement in their
generalization capabilities. We hope this framework allows us to better evaluate
and understand existing retrieval systems, and contributes to accelerating progress
towards more robust and generalizable systems in the future. BEIR is publicly
available at https://github. com/UKPLab/beir.

1 Introduction

Major natural language processing (NLP) problems rely on a practical and efficient retrieval com-

MTEB: Massive Text Embedding Benchmark

Niklas Muennighoff', Nouamane Tazi', Loic Magne', Nils Reimers>*

'Hugging Face
lfirstnameRhuggingface.co

Abstract

Text embeddings are commonly evaluated on
a small set of datasets from a single task not
covering their possible applications to other
tasks. It is unclear whether state-of-the-art em-
beddings on semantic textual similarity (STS)
can be equally well applied to other tasks like
clustering or reranking. This makes progress in
the field difficult to track, as various models are
constantly being proposed without proper eval-
uation. To solve this problem, we introduce the
Massive Text Embedding Benchmark (MTEB).
MTEB spans 8 embedding tasks covering a to-
tal of 58 datasets and 112 languages. Through
the benchmarking of 33 models on MTEB, we
establish the most comprehensive benchmark
of text embeddings to date. We find that no
particular text embedding method dominates
across all tasks. This suggests that the field has

2cohere.ai
2info@nils-reimers.de

Gurevych, 2019) solely evaluate on STS and clas-
sification tasks, leaving open questions about the
transferability of the embedding models to search
or clustering tasks. STS is known to poorly corre-
late with other real-world use cases (Neelakantan
et al., 2022; Wang et al., 2021). Further, evaluating
embedding methods on many tasks requires imple-
menting multiple evaluation pipelines. Implemen-
tation details like pre-processing or hyperparam-
eters may influence the results making it unclear
whether performance improvements simply come
from a favorable evaluation pipeline. This leads to
the “blind” application of these models to new use
cases in industry or requires incremental work to
reevaluate them on different tasks.

The Massive Text Embedding Benchmark
(MTEB) aims to provide clarity on how models

ponent as a first step to find relevant information. Challenging problems include open-domain
question-answering [8], claim-verification [58], duplicate question detection [77], and many more.
Traditionally, retrieval has been dominated by lexical approaches like TF-IDF or BM25 [53]. How-
ever, these approaches suffer from lexical gap [5] and are able to only retrieve documents containing
keywords present within the query. Further, lexical approaches treat queries and documents as
bag-of-words by not taking word ordering into consideration.

perform on a variety of embedding tasks and thus
serves as the gateway to finding universal text em-
beddings applicable to a variety of tasks. MTEB
consists of 58 datasets covering 112 languages
from 8 embedding tasks: Bitext mining, classi-
fication, clustering, pair classification, reranking,

yet to converge on a universal text embedding
method and scale it up sufficiently to provide
state-of-the-art results on all embedding tasks.
MTEB comes with open-source code and a pub-
lic leaderboard at https://github.com/

Recently, deep learning and in particular pre-trained Transformer models like BERT [12] have embeddings-benchmark/mteb.

become popular in information retrieval [75]. These neural retrieval systems can be used in many
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Select Benchmark < Embedding Leaderboard
% Multilingual This leaderboard compares 188+ text and image embedding models across 1888+ languages. We refer to the publication of each selectable benchmark
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Regional v A large-scale multilingual expansion of MTEB, Performance per Task Type (Radar Chart)
B driven mainly by highly-curated community
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Our propose method

Original Dataset Language Detection Original Dataset
(Desired Source Language) (LLMs) (Multilingual)

Translation Model Synthesized Dataset
(LLMs) (Desired Target Language)

Synthesized Dataset
(final)

Language Detection
(LLMs)

LLM as a Judge

(grammar, ner, fluency, etc)

Synthesized Dataset

(Confirmed Desired Target

Multilingual

Embedding
Language)

Synthesized Dataset
(High Semantic Similarity)
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Our propose method

SEA-HELM Leaderboard

Stage 1 (Optional) SEA-HELM (SouthEast Asian Holistic Evaluation of Language Models) is an assessment of large language models across various tasks, emphasizing Southeast Asian languages. The Hosted by the Al Products Team @ Al Singapore
leaderboard evaluates four key multilingual bilities for instruction-tuned models: perf on the Open LLM Leaderboard v2 in English, proficiency in Southeast Asian chat,

instruction-following in Southeast Asian languages, and Southeast Asian linguistic tasks. For base models, it assesses performance on the Open LLM Leaderboard v2 in English and

proficiency in Southeast Asian linguistic tasks.

-V

Original Dataset Original Dataset
(Multilingual)

Instruction-Tuned/Reasoning Models (<10B) Instruction-Tuned/Reascning Models (>10B| Base Models (<10B) Base Models (>10B) Comparison

Delta Delta (%) Performance Plot

Search Model Size

@ - & 708 @ 5718 @ 2B @ 128 8 128 @ 28 B 28
Translation Model Synthesized Dataset

(LLMs) (Desired Target Language) e s

Model . Organisation Model Variant Architecture Type

B2 @B @as @228 @38 @28 @28

Supported SEA Languages # MMLU-PRO (EN) # MUSR (EN) & IFEval (EN)

@ SeAAverage @D BV @BTH BTA BT

In translation model:
We tried many Translation models, Model Alias 4  Size 4 Organisation 4 MMLU-PRO (EN) & MUSR (EN) & IFEval (EN) & SEA Average 4

Mistral Small (2409) 228 Mistral AT 49.96 45.74 62.66 38.07

LLMs and picked Aya-23-35B as the w | e | e

Mistral Nemo 128 Mistral AT 56.38 35.17

main Translation model.

Babel 83B Alibaba DAMO 50.7

78 54.45

Mistral Large (2407) Mistral AL
R1 Distill (Qwek DeepSeek
Aya 23 Cohere For AI
Mistral Small (3.1) Mistral AL

Reka Flash 3 RekaAl

Mistral Large (2411) Mistral AL

M mdnd Ematl Mimdad AT

+# Quick Definitions

SEA Average: Covers Filipino, Indonesian, Tamil, Thai and Vietnamese across various tasks such as Sentiment, Toxicity, Translation, QA, to Summarization.
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Our propose method

Stage 3: Quality control

We measure between the Original (English)
vs the Translated (Viethnamese)

%

Using gte-Qwen2-7B-instruct:

- Top performing model on MTEB multilingual.
- Long context (Up to 32k token)

Calculate the cosine similarity of the Original vs
the Translated

Filter out samples where cosine score < 0.8

I

|

[l Synthesized Dataset
| (final)
|

|

|

|

Language Detection

Synthesized Dataset
(Confirmed Desired Target
Language)

LLM as a Judge
(grammar, ner, fluency, etc)

Multilingual
Embedding

Synthesized Dataset
(High Semantic Similarity)

100
—8— vi_label
90 - - .
== contra_vi
qé‘- 80 1 —@— unre_vi
% 70 4 —@— syn_eng
S 60+
i
S 50 -
Ll
G 40
@
& 30-
| o=
S 201
&
10 A
® O < O o——F — ®
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Semantic Similarity Score
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Our propose method

LLM_AS_A_JUDGE = """
You are an expert in English-to-Vietnamese translation \
evaluation, specializing in linguistic accuracy, natural fluency, and
computational assessment.

You will be provided with an original English sentence

and its Vietnamese translation.

Your task is to evaluate the translation based on the following

criteria (0-5 for each):

Grammar (30%) - Correct sentence structure, word order, and verb agreement.
NER Accuracy (25%) - Proper translation or retention of names, places, brands.
Numbers, Links, Special Characters (20%) -

Ensure correct handling of numbers, URLs, emails, and symbols.

Fluency & Naturalness (15%) - Smooth, natural Vietnamese phrasing.

Meaning Preservation (10%) - No loss or distortion of meaning. /

Stage 3: Quality control

We measure between
the Original (English) vs the Translated (Viethames

%

LLM as a Judge

Return the result in strict JSON format with the following structure,

- Using Llama-SEA-L|ON-V3-7OB-|T. \gith additional explanation:

- There are criteria: grammar; named entity recognition  xhanatalont o -Srsasand, Explain the reason
. . rammar " : <score~,

(NER); number, links, special characters; fluency; AT RGPS ‘CEATAS,

"numbers_links_special_chars": <score>, firSt’ score Iater

"fluency": <score>,

"meaning_preservation": <score>,

score — ZiES ai ) SCO’I"el' "final_score": <weighted_average_score>
LLM judage — }

Juee |£;| Qutput:

nnn

meaning preservation

- Where S is the set of evaluation criteria.
Yies® = 1 and score; € [1,5] denote important weight.

GREE“H@DE 2025 PRESENTATION



VN-MTEB \{

VN- MTEB 6 Tasks - 41 datasets

Retrieval Classification

I
I |
I ArguAna-VN Webis-Touche-VN | AmazonCounterfactual-VN AmazonReviews-VN AmazonPolarity-VN |

I
I I
| Climate-Fever-VN SciFact-VN | | Banking77-VN Emotion-VN Imdb-VN :
I
: DBPedia-VN CQADupstack-VN | | Massivelntent-VN MassiveScenario-VN MTOPDomain-VN |
I
! NQ-VN HotpotQA-VN |I MTOPIntent-VN ToxicConversations-VN TweetSentimentExtraction-VN |
I
I
I
I
I
I
I

Pair Classification Reranking |' Clustering

______________________________ |
Semantic Textual Similarity : StackExchangeCIusterlng-VN I

|

STSBenchmark-VN BioSSES-VN '  TwentyNowsgroupsClustering-VN J

[
|
|
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Benchmark Result & Conclusion

Size Dim Type Retr. Class. PairClass. Clust. Rerank. STS | Avg. 1
Num. Datasets (—) (Params) (Dim) 15 12 3 5 3 3 41
gte-Qwen2-7B-instruct* 7B 3584 RoPE | 46.05 7076 7209  53.15 7428 7873 | 65.84
e5-Mistral-7B-instruct* 7B 4096 RoPE | 41.73 7221 8401 5171 75.15 81.20 | 67.67
bge-multilingual-Gemma2* 9B 3584 RoPE | 20.52 71.78 66.97 40.13 64.21 66.11 | 54.95
gte-Qwen2-1.5B-instruct™ 1.5B 1536 RoPE | 42.01 67.14 72.70 47.64 71.37 7997 | 63.47
m-e5-large-instruct* 560M 1024 APE | 4088 7339 8447 5296 7328 8294 | 67.99
m-e5-large 560M 1024 APE | 37.65 6503 8370 4578 70.40 80.65 | 63.87
bge-m3 568M 1024 APE | 39.84 69.09 8443 4590 7128 78.84 | 64.90
Vietnamese-Embebedding 568M 1024 APE | 34.18 69.06 8284 4561 7089 77.48 | 63.34
KaLM-embedding-m-mini-v1 494M 896 ROPE | 3507 62.84  79.95  46.85 68.85 7854 | 62.02
LaBSE 471IM 768 APE | 17.77 6093  77.57 3459 65.65 72.04 | 54.76
gte-multilingual-base 305M 768 APE | 3838 6499 8442 5025 7178 81.51 | 6522
m-e5-base 278M 768 APE | 3450 6329 8251 4570 69.07 79.45 | 62.42
halong-embedding 278M 768  APE | 3445 6333 8120 4342 69.83 77.39 | 61.60
m-e5-small 118M 384 APE | 34.12 6027  81.18 43.16 67.69 77.56 | 60.66
vietnamese-bi-encoder 135M 768 APE | 25.37 58.92 77.40 34.13 64.95 68.58 | 54.89
sup-SimCSE-VN-phobert-base | 135M 768 APE | 12.03 59.69  71.31  33.05 58.86 68.61 | 50.59
MiniLM-L12 334M 384 APE | 14.14 4557 6946 2436 6044 62.34 | 46.05
MiniLM-L6 227M 384 APE | 965 4519  66.13 2040 5946 5825 | 43.18
Table 3: Average performance of the main metric (in percentage) per task and per model on VN-MTEB subsets.
The symbol * indicates that the model is Instruct-tuned. Bold values highlight the best results for each specific
task. The column "Avg." represents the mean of the average scores across all tasks.
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at a glance AN

NVIDIA Cloud Service
Partner in APAC

Serving enterprise clients & Al startups
in US, EMEA, APAC

Al Cloud Infrastructure is currently
located in Bangkok, Hanoi and Ho Chi
Minh City

Compliant with ISO 27000, PCI DSS,
and TVRA standards
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