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ABSTRACT

Recent advancements in Large Language Models (LLMs)-based text embedding
models primarily focus on data scaling or synthesis, yet limited exploration of
training techniques and data quality, thereby constraining performance. In this
work, we propose KaLM-Embedding-V2 from the Lychee-KalLM team, a series
of versatile and compact embedding models, systematically incentivizing advanced
embedding capability in LLMs by superior training techniques and high-quality
data. For model architecture, we implement the models on a 0.5B compact size
with simple mean-pooling to produce fixed-length embeddings and remove the
causal attention mask to enable fully bidirectional representation learning. For
training techniques, we propose a progressive multi-stage training pipeline: pre-
training on weakly supervised large-scale datasets, fine-tuning with supervised
high-quality datasets, and contrastive distillation with fine-grained soft signals,
integrated with focal-style reweighting and online hard-negative mixing to em-
phasize difficult samples and enrich hard negatives, respectively. For training
data, we curate over 20 categories for pre-training and 100 categories for fine-
tuning and contrastive distillation, to improve both performance and generalization,
leveraging task-specific instructions, hard-negative mining, and example-based
multi-class labeling to ensure high quality. Combining these techniques, our
KaLM-Embedding-V2 series achieves state-of-the-art performance on the Mas-
sive Text Embedding Benchmark, outperforming models of comparable size and
rivaling models 3-26x larger, setting a new standard for versatile and compact
embedding models under 1B parameters. The code, data, and models are available
athttps://kalm-embedding.github.io/.

1 INTRODUCTION

Text embedding encapsulates text semantics and serves as fundamental infrastructure in numerous
natural language processing (NLP) tasks (Muennighoff et al., 2023a; Xiao et al., 2024), including
retrieval (Nguyen et al., 2016), reranking (Liu et al., 2018b), classification (McAuley & Leskovec,
2013), and semantic textual similarity (STS) (Agirre et al., 2012), etc. Recently, retrieval-augmented
generation (RAG) has gained increasing attention in LLMs (Wu et al., 2022; Gao et al., 2023; Huang
& Huang, 2024; Zhao et al., 2024; 2025; Rao et al., 2025; Chen et al., 2025a), where embedding
models play a crucial role in RAG. It enables the efficient retrieval of external information to
complement LLMs’ outdated, incomplete, or inaccurate internal knowledge. With the advancement
of LLMs, embedding models have become the primary bottleneck for improvement within the
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Figure 1: (Left) Comparison between the KaLM-Embedding series and other models on MTEB.
The red dashed line depicts the logarithmic trendline fitted to the performance data of all the baseline
models. The colors represent models with comparable parameter scales, with each group of models
sharing the same parameter scale assigned a consistent color. (Right) Radar charts show our models
achieve SOTA performance in a wide array of tasks.

RAG framework (Setty et al., 2024), which leads to the emergence of numerous text embedding
models (Zhang et al., 2025c¢; Lee et al., 2025a;b;b; 2024; Huang et al., 2024; Xiao et al., 2024; Li
et al., 2023; Vera et al., 2025).

Although numerous text embedding models have been built on massive or synthetic data (Zhang
et al., 2025c; Lee et al., 2025b; 2024), they fall short in exploring superior training techniques and
high-quality data, as well as how different training techniques, architecture designs, and data curation
strategies can be systematically orchestrated to maximize the full potential of embedding capabilities
in LLMs. Furthermore, most state-of-the-art (SOTA) embedding models originate from industry,
where proprietary data, closed training code, commercial restrictions, and limited reproducibility pose
challenges for academic research. To this end, it is necessary and valuable to establish new standards
for open-source embedding models, emphasizing versatility and compactness—two crucial properties
demanded in real-world scenarios where accuracy and efficiency are paramount. By fully open-
sourcing models, code, and data with commercial use permitted, we aim to ensure transparency and
reproducibility, thereby facilitating academic research and enabling widespread practical applications.

In this work, we propose KaLM-Embedding-V2, a series of versatile and compact general-purpose
text embedding models, enhanced with the well-designed model architecture, superior training
techniques, and high-quality data curation, which aim to incentivize advanced Knowledge in large
Language Models into Embedding Models. Specifically, we make the following four innovations:

* For model architecture, our KaLM-Embedding-V2 series are implemented upon a 0.5B compact
size, with a simple yet effective mean-pooling layer to produce fixed-length embeddings. To further
improve representation learning, we remove the causal attention mask of decoder-only LLMs and
enable bidirectional attention during training as well as inference, which has been proven to be
more effective for representation learning (Lee et al., 2025a;b; Sturua et al., 2024; Li et al., 2023).

* For training recipe, we implement a progressive multi-stage training pipeline, starting with the
Qwen2-0.5B (Yang et al., 2024). Specifically, the training begins with pre-training on large-scale
weakly supervised datasets that may include noise, then fine-tuning on relatively smaller, high-
quality, supervised datasets, followed by contrastive distillation on fine-grained soft signals that
capture nuanced differences. The multi-stage training pipeline progressively incentivizes advanced
embedding capabilities in LLMs from coarse-grained to fine-grained representation learning.

* For training objective, previous works (Lee et al., 2025a; Hu et al., 2025) equally treat each training
sample, making the optimization direction dominated by the majority of easy samples. Inspired
by (Lin et al., 2017), we introduce a focal-style reweighting mechanism to emphasize difficult
samples. However, as training progresses, offline mined hard negatives become less challenging.
To provide continual informative hard negatives, we propose synthesizing new hard ones via online
pair-wise or list-wise mixing. Unlike offline mining, our online hard negative mixing blends
features of existing hard negatives to generate new ones, significantly reducing computational cost.

* For training data, we curate over 20 categories of data for pre-training and 100 categories of data for
fine-tuning and distillation. We present a comprehensive recipe for curating high-quality training
data, including dataset-specific construction, task-specific instructions, hard-negative mining, and
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example-based multi-class labeling. This allows the research community to reproduce the model
and considerably lowers the entry barrier, facilitating the development of embedding models.

Combining these innovative techniques, our KaLM-Embedding—V2 series obtains impressive
performance on the Massive Text Embedding Benchmark (MTEB) English (eng) (Muennighoff et al.,
2023a) and Chinese (cmn) (Xiao et al., 2024), significantly outperforming models of comparable
size, as shown in Figure 1. Remarkably, even at a 0.5B size, the KaLM-Embedding-V2 series
competes with 3—26x larger models. Out-of-domain (OOD) evaluation (Appendix C), matryoshka
embedding evaluation (Appendix D), case study (Appendix E), visualization analysis (Appendix F),
and multilingual evaluation (Appendix G) are provided in Appendices due to the page limit. In a
nutshell, the proposed model exhibits strong OOD generalization, competing with the 15x larger
model in real-world retrieval scenarios; it maintains robust performance with matryoshka embeddings
even at smaller dimensions, e.g., 256; case studies show its enhanced discriminative capacity in
distinguishing positive passages from hard negatives; visualization analysis reveals superior intra-
class compactness and inter-class separability clusters; and multilingual evaluation show that its
performance is comparable to SOTA multilingual embedding models, even though it was not trained
on large-scale multilingual corpora.

2 RELATED WORK

Text embedding models. Text embeddings (Zhang et al., 2025b), which are vectors encapsulating
text semantics, are fundamental for NLP tasks such as retrieval (Nguyen et al., 2016), reranking (Liu
et al., 2018b), and classification (McAuley & Leskovec, 2013). BERT (Devlin et al., 2018) marked a
significant milestone, using masked language modeling to pre-train deep bidirectional Transformer
encoders for powerful contextual modeling. A breakthrough for sentence similarity tasks was
Sentence-BERT (SBERT) (Reimers & Gurevych, 2019), which fine-tuned BERT-like models with
query-passage pairs to generate semantically meaningful sentence embeddings directly comparable
via similarity. Another prominent example is the Text-to-Text Transfer Transformer (T5) (Raffel et al.,
2019) which follows a fully encoder-decoder architecture and reframes all NLP tasks as text-to-text
generation. While not initially designed for text embedding, the encoder portion of TS can be used to
generate powerful sentence representations. To systematically assess the robustness, generalization,
and task-transferability of such embedding models, comprehensive benchmarks like the Massive Text
Embedding Benchmark (MTEB) (Muennighoff et al., 2023a; Xiao et al., 2024; Enevoldsen et al.,
2025) have emerged. These benchmarks provide critical insight into how well embedding models
perform in real-world, diverse scenarios, driving further research in text embedding.

LLMs as embedding models. Pioneering studies explored the feasibility of leveraging LL.Ms for
representation learning by adapting generative or encoder-decoder architectures into embedding
models. ES (Wang et al., 2022) unified retrieval, classification, and NLI tasks under a contrastive
framework using in-batch negatives. GTR (Ni et al., 2022) fine-tuned TS5 models for dual-encoder
retrieval tasks. INSTRUCTOR (Su et al., 2023) introduced instruction tuning for embeddings,
enabling task-specific representation via natural language prompts. Recently, LLMs, characterized by
their massive scale and remarkable capacity, have become a prevailing paradigm in generating high-
quality text embeddings. Many embedding models using LLMs as the backbone, e.g., BGE (Li et al.,
2025), NV-Emb (Lee et al., 2025a), E5-Mistral (Wang et al., 2024a), GTE (Li et al., 2023; Zhang et al.,
2025¢), Jina (Sturua et al., 2024; Akram et al., 2026), as well as (Hu et al., 2025), mainly initialized
from the Mistral or Qwen, etc, have achieved substantial improvements over earlier encoder-based
models such as BERT and T5. Adapting LLMs into embedding models requires sophisticated training
strategies, e.g., contrastive pre-training to draw semantically similar inputs together (Gao et al., 2021),
instruction tuning to tailor embeddings for downstream tasks (Su et al., 2023), contrastive distillation
for compression (Rao et al., 2023; Zhang et al., 2025a; Akram et al., 2026), and hard-negative mining
to enforce fine-grained distinctions. Although studied for ages, systematic research of superior
training techniques and high-quality data curation is still underexplored.

3 METHOD

In this section, we present comprehensive technical details of the KaLM-Embedding-V2 series,
including model architecture designs, training objectives, training recipes, and data curation strategies.
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Figure 2: The overall training workflow of the KaLM-Embedding-V2 series. The left illustrates
the workflow of contrastive learning, while the right shows that of contrastive distillation.

3.1 MODEL ARCHITECTURE

The KaLM-Embedding-V?2 series is initialized from Qwen2-0.5B (Yang et al., 2024) and further
tuned, which enables our embedding models to leverage the vast knowledge already encoded in its
parameters. While causal attention masks are commonly used in LLMs for language modeling, they
are not well-suited for representation learning, thereby hindering embedding capacity (Lee et al.,
2025a;b; Sturua et al., 2024; Li et al., 2023). To address this, we remove the causal attention mask and
enable fully bidirectional attention. For text embedding, an input sequence 7 of length L is processed
by KaLM-Embedding-V2, denoted as K(-), to produce token embeddings Tepp, € REX4. A
pooling layer P(-) is then applied to obtain a single embedding E: € R? representing the entire input:

Temb = IC(T), E= 7)(,I‘emb)a (])
where d is the hidden dimension. Following prior works (Lee et al., 2025a;b; Hu et al., 2025), we set

P(-) as the simple yet effective mean pooling. The input 7 consists of the task instruction (optional)
and the query/passage, as described in §3.4. The overall training workflow is illustrated in Figure 2.

3.2 TRAINING OBJECTIVE

Contrastive Learning. The KaLM-Embedding-V2 series was mainly trained with the contrastive
loss, specifically InfoNCE (Gutmann & Hyvérinen, 2010), which maximizes the agreement of positive
pairs while minimizing that of negative pairs. The workflow of contrastive learning is illustrated on
the left side of Figure 2. Generally, a training batch is organized as {I;, ¢;, pj sDi 13 Di s e p;M}f\LO,
where IV is the batch size. Each sample consists of a task instruction I;, a query g;, a positive target
p; , and (optionally) M hard negatives {p; 13Digs- D, 1 +- Before loss computation, the query ¢;

and passages (p; and p;_,) are encoded as vectors:

a=PKLog), pf=PK®)), pi.=PKD.)), @)
where @ denotes concatenation. For most tasks, the instruction is prepended only to the query, while
for symmetric tasks, it is also prepended to the passages, as detailed in Table 1. Having established
the embedding vectors of queries, positive targets, and hard negatives, for each mini-batch of size NV,
we optimize the contrastive learning objective with in-batch negatives and in-batch hard negatives as:

N N M

ot o P

. Zi= es(q“pi )/ T + Z eS(QuP_j )/ T + Z Zes(q,,,pj‘k)/T’ A3)
JFi Jj ok

where s(-) measures the similarity between two embedding vectors, which is set as the cosine

similarity function; 7 is the temperature coefficient; the three terms in the denominator Z; represent
(1) the positive target, (2) in-batch negatives, and (3) in-batch hard negatives, respectively.

s es(aipi)/T
_ —
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Focal-style Reweighting Mechanism. While effective, the above training objective treats each
sample equally, making the optimization direction dominated by the majority of easy samples.
Inspired by (Lin et al., 2017), we re-weight each sample according to its difficulty, where the more
difficult the sample, the larger the weight, thereby focusing on learning difficult samples. The loss
weight and the optimized training objective are defined as follows:

esaipl)/7

Z;

es(aipl)/T

Z;

w; = ). L= E [—wi log : )

where v € [0, +00) is a focusing parameter controlling the skewness of the weighting scheme. When
~ = 0, the objective reduces to the standard form with uniform weighting. As -y increases, the loss
pays more attention to the difficult samples than the easy ones.
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Figure 3: Multi-stage training pipeline of the KaLM-Embedding-V2 series.
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Online Hard Negative Mixing Strategy. As training progresses, offline mined hard negatives
become less difficult after several training iterations. To provide continual informative hard negatives
throughout the training, previous works typically re-mines hard negatives after every fixed number
of steps (e.g., 1000), which largely reduces training efficiency. To this end, we propose an online
hard negative mixing strategy that synthesizes new informative hard negatives via pair-wise/list-wise
mixing, in favor of effectiveness and efficiency. The pair-wise/list-wise mixing can be formulated as:

h-

- _ )

T h; =Ap;; + (L= Np; ), j#k, j.ke[l,M] 5
i 112

M
s; i Z AmPims  SL D> Am =1, (6)

||S Hz m=1
where h;” and s, denote pair-wise and hst-W1se synthetic hard negatives, respectively; || - || is the
la-norm; p; ; and p; , are randomly drawn from the hard negative set {p; P p;M} without

replacement; A ~ Beta(a = 2,8 = 2), A € (0,1); and \,,, = es(q"’p;m)/zy e*(9:Pi ;) The

mixing incurs negligible overhead. After synthesis, h;” and s; are incorporated into the denominator
Z; as additional hard negatives for query g;:

N N
Zi= 74 3 ST LS e L By
J J

es(aipi)/T

Z (D

—w; log

where multiple synthetic negatives can be applied, though only one is illustrated here for clarity.

Contrastive Distillation. Unlike previous works trained solely with coarse-grained hard signals,
we further perform contrastive distillation by distilling fine-grained soft signals, i.e., the normalized
distribution of temperature-scaled cosine similarity scores from a stronger teacher model (Qwen3-
Embedding-8B (Zhang et al., 2025¢)). This encourages the embedding model to capture nuanced
differences between the positive and negative. Specifically, the training objective minimizes the
discrepancy between the teacher’s and the student’s distributions. Formally, following (Hinton et al.,
2015), we employ the Kullback-Leibler (KL) divergence as the contrastive distillation objective:

’L) ) ezt,i/‘r ‘ ezs,i/r
= P() = =, B)==——
) Zj ez’m/"' Zj eZSv]/T

where P, and P; represent the teacher’s and student’s distribution of similarity scores, respectively;
P,(#) and Ps(4) denote the i-th entry; z, ; represents the i-th similarity score. We find that continual
training with contrastive distillation ylelds substantial improvements over further fine-tuning with
contrastive learning. It is worth mentioning that the proposed contrastive distillation is model-agnostic
and can be applied to any embedding models. The working flow of contrastive distillation is shown
on the right of Figure 2.

Lxr = Drr(P||Ps) Zpt ) log 8)

Matryoshka Representation Learning (MRL). We incorporate MRL (Kusupati et al., 2022) into
both the contrastive (Equation 7) and KL loss (Equation 8) to enable flexible-dimensional embeddings,
which leads to the best overall performance with matryoshka embeddings as shown in Appendix D.

3.3 TRAINING RECIPE

To progressively incentivize embedding capabilities in LLMs, we introduce a multi-stage training
pipeline that smoothly transitions from coarse-grained to fine-grained representation learning: (1)
Pre-training, (2) Fine-tuning, and (3) Contrastive distillation, as described below.
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Table 1: The task instruction of query for training and evaluation.

Task Type Instruction  Example
Retrieval, Reranking General Instruct: Given a query, retrler: documents
that answer the query. \n Query: {query}
Asymmetric . I . -
Classification, Clustering  Specific Instru(?t. Categorizing the given news title \n
Query: {query}
Symmetric STS. Pair Classification General Instruct: Retrieve semantically similar text.

\n Query: {query}

Pre-training. The KaLM-Embedding-V?2 series is first pre-trained on large-scale, weakly super-
vised datasets spanning over 20 categories (refer to Table 16 for details) to learn general-purpose
representations. This stage employs the training objective in Equation 3, using only in-batch negatives.
The comprehensive pre-training endows the model with strong generalization.

Fine-tuning. Next, the model is fine-tuned on over 100 categories of high-quality supervised datasets
covering both retrieval and non-retrieval tasks, such as STS and classification (referring to Table 17).
This stage uses the training objective in Equation 7 with a relatively small batch size to alleviate
in-batch false negatives, further improving the overall model performance.

Contrastive Distillation. Finally, instead of further fine-tuning only with coarse-grained hard signals,
the model distills fine-grained soft knowledge from a stronger teacher model, using supervised high-
quality data. The student is trained to align its normalized temperature-scaled cosine similarity
distribution with that of the teacher. This stage employs the training objectives in Equation 8 and
Equation 7 to further improve the model capacity that captures nuanced semantic differences.

The overall workflow of the multi-stage training pipeline is illustrated in Figure 3. The model obtained
after pre-training followed by fine-tuning is denoted KaLM-Embedding-V2, and further applying
contrastive distillation produces KaLM-Embedding-V2.5.

3.4 TRAINING DATA

We curate around 470M samples over 20 categories of large-scale weakly supervised data for pre-
training, and about 6M samples over 100 categories of high-quality supervised data for fine-tuning as
well as contrastive distillation, with detailed statistics presented in Table 16 and Table 17. Our training
datasets cover both retrieval and non-retrieval tasks, including retrieval, classification, clustering,
STS, and pair classification. To ensure embeddings with specific task instruction-following abilities,
we prepend specific task instructions to the queries. The instructed query is formulated as follows:

Qinst = Instruct: {task instruction} Query: q. )

Instructions for different task types are summarized in Table 1, and a detailed task instruction list is
provided in Table 18. For symmetric tasks (e.g., STS and Pair Classification), task instructions are
also prepended to the passages, whereas for asymmetric tasks, passages remain unchanged.

3.4.1 RETRIEVAL DATASETS

We collect diverse and comprehensive retrieval datasets for both pre-training and fine-tuning (see
Table 16 and Table 17), and further enrich them via hard negative mining and persona-based synthesis.

Hard Negative Mining. As mentioned in §3.2, the training objective is to maximize the similarity
between a query and its positive while minimizing similarity to negatives, especially hard negatives.
However, most retrieval datasets only provide query-positive pairs. To address this, we mine hard
negatives manually. Specifically, a previously trained model is used to retrieve candidate passages,
from which we sample 7 negatives ranked between positions 50 and 100.

Persona-based Synthetic Data. Following (Wang et al., 2024a), we generate 550k synthetic samples
using Qwen2-72B-Instruct, spanning six task types with 40k unique instructions. To further enhance
diversity, we incorporate randomly sampled personas from Persona Hub (Chan et al., 2024) as
system prompts during instruction generation, thereby enriching domain coverage while avoiding
role conflicts in subsequent data generation (Tan et al., 2024).
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3.4.2 NON-RETRIEVAL DATASETS

In addition to retrieval datasets, we also collect large-scale non-retrieval datasets covering four
task types: (1) classification, (2) clustering, (3) semantic textual similarity (STS), and (4) pair
classification (see Table 16 and Table 17). To ensure compatibility with contrastive learning, all
datasets are reformulated into a unified retrieval-style format: query ¢, positive target p*, and hard
negatives {p; ,p , ...,y }. To accommodate the different formats of these tasks, we process STS
and pair classification symmetrically, and clustering/classification asymmetrically, as detailed below.

Symmetric Data Processing. To construct training samples for STS and pair classification
datasets, we collect any pair of texts with the corresponding relevance score in the range [0, 5],
ie., (t,t", score), where we create two positive pairs (¢ = t/,pT = /) and (¢ = t/,pt = t)
if score > 4. Besides, for the dataset with binary labels (0 or 1), we create two positive pairs
(g=1t,pt =t")and (g =t",p* =t') if score = 1. Hard negatives are mined from the candidate
pool of other texts using the method proposed in §3.4.1. Task instructions are prepended to both
queries, positive targets, as well as hard negatives, because STS and pair classification are symmetric
tasks, as shown in Table 1.

Asymmetric Data Processing. For clustering and classification datasets, training samples are con-
structed from text-label pairs (¢, label) as (¢ = t, p* = label). Hard negatives are first drawn from
other labels within the dataset; if fewer than M, additional negatives are sampled from labels across all
clustering or classification datasets, mitigating the issue of having too few label categories in certain
individual datasets. Task instructions are prepended to queries only in this situation. Inspired by (Lee
et al., 2025a), we further apply example-based multi-class labeling: positives are randomly sampled
examples from the same cluster/class, while negatives are sampled from other clusters/classes. In this
symmetric setting, task instructions are prepended to both the queries, positives, and hard negatives.

4 EXPERIMENT

Experimental details, including implementation details, comparison baselines, and evaluation, are
provided in Appendix B. The full MTEB results for all tasks, and the statistics of datasets as well as
the detailed task instructions, are provided in Appendix H and Appendix I, respectively.

4.1 MAIN RESULTS

Table 2 presents the overall comparison of 18 models, reporting the average MTEB scores across all
tasks and task types. From the results, we have several key observations: (1) Large-scale open-source
models (> 1B parameters) such as Qwen-Embedding-8B, NV-Embed-v2 and bge-multilingual-
gemma? achieve strong results but at a high computational cost. (2) Among models with < 1B
parameters, KaLM-Embedding-V2 achieves notable improvements over competitive baselines (e.g.,
Qwen3-Embedding-0.6B and jina-embeddings-v3), improving over V1 by +4.37 MTK (cmn) and
+2.53 MTK (eng). (3) KaLM-Embedding-V2.5 further advances SOTA among models with < 1B
parameters, with average scores of 70.13 MTK (avg) and 69.16 MTY (avg), competing with billion-
scale models while maintaining efficiency. Overall, these results manifest both effectiveness and
compactness of the KaLM-Embedding-V2 series, making it an economical choice for deploying
online applications.

Table 3 and Table 4 report detailed task results, where Class., Clust., PairCL., Reran., Retri., STS, and
Summ. denote Classification, Clustering, Pair Classification, Reranking, Retrieval, Semantic Textual
Similarity, and Summarization. Among models with < 1B parameters, KaLM-Embedding-V2.5
achieves best or second-best results in 6/6 cases on MTEB (cmn, v1) and 4/7 cases on MTEB (eng,
v1). Compared to models with > 1B parameters, KaLM-Embedding-V2.5 achieves competitive
performance across all tasks on both MTEB (cmn, v1) and MTEB (eng, v1), substantially advancing
the development of downstream applications. These results manifest the versatility and compactness
of the KaLM-Embedding-V2 series again. Notably, the KaLM-Embedding-V2 series is fine-
tuned and distilled on just 2-4 GPUs with about 6M samples, compared to Qwen3-Embedding-0.6B’s
19M samples, indicating the effectiveness of our superior training techniques and data engineering.
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Table 2: Evaluation results on MTEB Chinese (cmn) and English (eng). The best results are
boldfaced and the second-best ones are underlined (only considering models with < 1B parameters).
The KaLM-Embedding-V2 series achieves SOTA performance among competitive embedding
models with <1B parameters, serving as an economical choice for building online applications, e.g.,
RAG systems. ‘M’ and ‘B’ denote million and billion, respectively. MTK refers to Mean (Task),
MTY to Mean (Type). Results are mainly sourced from MTEB leaderboard (accessed Sep 10, 2025).

MTEB (cmn, vl) MTEB (eng, v1) Avg

Model Size. Dim 'yt MTY MTK MITY MTK MTY
Commercial embedding API services
text-embedding-3-large (2024) - 3072 - - 64.52  62.33 - -
Cohere-embed-multilingual-v3.0 (2023) - 1024 - - 64.01 62.09 - -
Open-Source Embedding Models > 1B parameters
GRITLM 8X7B (13B active) (2024) 13B 4096| - - 65.50  63.01 - -
bge-multilingual-gemma2 (2024) 9B 3584 |67.64 68.52 69.88 66.11 68.76 67.32
NV-Embed-v2 (2025a) 7B 4096 | - - 7231  67.97 - -
Qwen3-Embedding-8B (2025¢) 8B 4096|73.84  75.00 - - - -
eS-mistral-7b-instruct (2022) 7B 4096|59.92 60.51 6646 6422 63.19 62.37
Qwen3-Embedding-4B (2025¢) 4B 2560|72.26  73.50 - - - -
gte-Qwen2-1.5B-instruct (2023) 1.5B 1536|67.12 6783 67.19 6444 67.16 66.14
Open-Source Embedding Models < 1B parameters
Qwen3-Embedding-0.6B (2025c) 596M 1024 66.33 6744  66.76 63.62 66.55 65.53
jina-embeddings-v3 (Multi-LoRA) (2024) 572M 1024 |61.82 61.61  65.51 62.76 63.67 62.19
multilingual-e5-large (2024b) 560M 1024 |58.08 58.24 60.89 59.48 59.49 58.86
bge-m3 (Dense) (2024) 560M 1024 60.34 61.23 59.84 5898 60.09 60.11
paraphrase-ML-mpnet-base-v2 (2019) 278M 768 |42.89 4836  54.64 5546 48.77 5191
gte-multilingual-base (Dense) (2024) 305M 768 [62.94 6392 6140 60.10 62.17 62.01
KaLM Embedding series
KaLM-Embedding-V1 494M 896 [63.78 6456 6494 6149 6436 63.03
KaLM-Embedding-V2 494M 896 | 68.15 69.28 6747 64.14 67.81 66.71
KaLM-Embedding-V2.5 494M 896 [7093 72.46 69.33 65.83 70.13 69.16

Table 3: Detailed model performance on MTEB (cmn, v1) derived from C-MTEB (Xiao et al., 2024).

Model Size MTEB (cmn, v1)

MTK MTY | Class. Clust. PairCl. Reran. Retri. STS
bge-multilingual-gemma?2 9B |67.64 68.52| 7531 5930 79.30 6828 73.73 55.19
Qwen3-Embedding-8B 8B |73.84 75.00|76.97 80.08 8423 6699 7821 63.53
e5-mistral-7b-instruct 7B |59.92 60.51| 7296 5230 6631 6138 61.75 48.34
Qwen3-Embedding-4B 4B | 72.26 73.50| 7546 77.89 83.34 66.05 77.03 61.26
gte-Qwen2-1.5B-instruct 1.5B | 67.12 67.83 | 72.53 54.61 79.50 6821 71.86 60.25
Qwen3-Embedding-0.6B 596M | 66.33 67.44 | 71.40 68.74 7642 6258 71.03 54.52
jina-embeddings-v3 (Multi-LoRA) 572M | 61.82 61.61 | 70.47 50.22 67.22 60.72 68.54 52.46
multilingual-e5-large 560M | 58.08 58.24 | 69.80 48.23 64.52 5745 63.65 45.81
bge-m3 (Dense) 560M | 60.34 61.23 | 70.52 4575 7398 62.88 65.43 48.79
paraphrase-ML-mpnet-base-v2 278M | 42.89 48.36 | 65.88 39.67 80.90 4491 22.92 35385
gte-multilingual-base (Dense) 305M | 62.94 63.92 | 66.84 4748 78.34 68.17 7195 50.75
KaLM-Embedding-V1 494M | 63.78 64.56| 73.89 57.54 7294 6448 70.12 48.41
KaLM-Embedding-V2 494M | 68.15 69.28 | 75.14 69.76 7791 65.16 72.15 55.58
KaLM-Embedding-V2.5 494M | 70.93 72.46 | 77.48 73.09 84.09 66.90 73.42 59.80

4.2 IN-DEPTH ANALYSIS

We next investigate how different key settings influence model performance, including (1) focal-
style reweighting, (2) online hard negative mixing, (3) bidirectional attention, (4) example-based
multi-class labeling, (5) contrastive distillation, and (6) the temperature coefficient.

Ablation Study on Training Techniques. Table 5 and Figure 4 present the ablation results on
both MTEB (eng, vl) and MTEB (cmn, vl). We observe that removing focal-style reweighting
leads to the largest performance drop, with MTK dropping from 69.33 to 68.70 on eng and from
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Table 4: Detailed embedding model performance on MTEB (eng, v1) (Muennighoff et al., 2023a).
Results on MTEB (eng, v2) (Enevoldsen et al., 2025) are provided in Table 12.

. MTEB (eng, v1)
Model Size N ITK MTY|Class. Clust. PairClL Reran. Retri. STS Summ.
text-embedding-3-large - |64.52 62.33]175.12 49.01 85.81 59.16 55.43 81.73 30.05
Cohere-embed-multilingual-v3.0 - 164.01 62.09|76.01 46.60 86.15 57.86 53.84 83.15 30.99
GRITLM 8x7B 13B |65.50 63.01|77.69 50.14 85.23 59.80 55.13 83.26 29.82
bge-multilingual-gemma?2 9B |69.88 66.11|88.08 54.65 85.97 59.72 59.24 83.88 31.20
NV-Embed-v2 7B |72.31 67.97|90.37 58.46 88.67 60.65 62.65 84.31 30.7
e5-mistral-7b-instruct 7B |66.46 64.22|77.37 50.26 88.42 60.21 57.07 84.65 31.53
gte-Qwen2-1.5B-instruct 1.5B [67.19 64.44|82.53 48.75 87.52 59.98 58.29 82.81 31.17
Qwen3-Embedding-0.6B 596M |66.76 63.62|82.61 49.87 84.29 57.96 54.32 86.97 29.23
jina-embeddings-v3 (Multi-LoRA) 572M|65.51 62.76|82.58 45.21 84.01 58.13 53.88 85.81 29.71
multilingual-e5-large 560M|60.89 59.48|71.77 41.23 84.75 55.96 51.40 81.62 29.64
bge-m3 (Dense) 560M|59.84 58.98|74.08 37.27 84.50 55.28 48.82 81.37 31.55
paraphrase-ML-mpnet-base-v2 278M|54.64 55.46|67.46 38.50 80.81 53.80 35.34 80.77 31.57
gte-multilingual-base (Dense) 305M|61.40 60.10]70.89 44.31 84.23 57.47 51.08 82.11 30.58
KalLM-Embedding-V1 494M | 64.94 61.49|84.74 47.82 83.26 55.41 51.65 82.24 25.23
KalLM-Embedding-V2 494M | 67.47 64.14|87.19 56.05 86.18 56.74 51.67 82.61 28.51
KalLM-Embedding-V2.5 494M | 69.33 65.83|88.34 56.59 86.60 57.84 55.00 85.27 31.18
20 MTEB (eng, v1) 66.0 e MTEB (eng, v1) 7 MTEB (cmn, v1) 7 MTEB (cmn, v1)
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Figure 4: Ablation study on focal-style reweighting, hard negative mixing, and bidirectional attention.

70.93 to 69.41 on cmn, indicating that it plays a key role in improving general performance. On the
other hand, eliminating hard negative mixing or bidirectional attention yields smaller but consistent
declines, demonstrating that hard negative mixing supplements informative hard negatives throughout
training, while embeddings generated with bidirectional attention are more effective than those
generated with causal attention. Overall, these results confirm that the proposed training techniques
are complementary and jointly contribute to the performance of the KaLM-Embedding—-V2 series.

Example-based v.s. Label-based Labeling. Ta-
ble 6 presents the comparison results between us-
ing class/clust and sampled examples as positives
and negatives. Note that, in the setting of ‘Exam-
ple’, both example-based and label-based labeling
data are used for training. The results demonstrate
that example-based labeling leads to considerable

Table 6: Effect of example-based labeling.

. MTEB (cmn, vl) MTEB (eng, v1)
Setting Class. Clust. Class. Clust.
Example | 77.48  73.09 88.34  56.59
Label 76.90 64.71 87.03 52.71

improvements, especially on the clustering task, demonstrating the effect of supplementing the class.

and clust. data with example-based multi-class labeling.

Effectiveness of Contrastive Distillation. Dur-

. . R Table 7: Effect of contrastive distillation.
ing the contrastive distillation stage, the KaLM-

Embedding-V2 is further optimized using the Setting MiﬁB (cll\n/[lr}’; 1 M¥§B (eﬁ%“]{l)
training objectives in Equation 8 (denoted as ‘KL") CI+KL 17093 7246 6933 6583
and Equation 7 (denoted as ‘CL’). Implementation only KL|70.72 7248 68.63 6529
details can be seen in Appendix B. To assess the only CL | 68.31 69.88  67.67 64.37

contribution of each objective, we conduct an ab-
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Table 5: Detailed ablation study results on several key components, including focal-style reweighting,
hard negative mixing, and bidirectional attention.

MTEB (eng, v1)

Row Setting MTK MTY |Class. Clust. PairCl. Reran. Retri. STS Summ.
1 KaLM-Embedding-V2.5 69.33 65.83 | 88.34 56.59 86.60 57.84 55.00 85.27 31.18
2 w/o Focal-style Reweighting | 68.70 65.19 | 87.68 55.40 86.62 57.66 54.82 84.31 29.86
3 w/o Hard Negative Mixing | 68.91 65.39| 87.88 55.81 86.67 57.46 5491 84.64 30.38
4 w/o Bidirectional Attention | 68.94 65.05| 88.51 56.10 85.40 57.65 54.70 84.55 28.43

MTEB (cmn, v1)

KaLM-Embedding-V2.5 7093 7246|7748 73.09 84.09 6690 73.42 59.80 -
w/o Focal-style Reweighting | 69.41 70.51| 76.31 70.07 79.66 65.58 71.73 59.71 -
w/o Hard Negative Mixing |70.54 72.08|76.71 72.02 84.28 66.50 73.26 59.70 -
w/o Bidirectional Attention |70.50 71.95|77.41 72.71 82.87 6640 73.01 59.27 -

FSGROS I NS I

lation study, as shown in Table 7. The results show that combining CL and KL achieves the best
performance. Using only CL leads to the largest drop, while using only KL yields smaller but consis-
tent declines, especially in MTEB (eng, v1). This means that KL serves as the primary learning signal,
while CL provides the auxiliary learning one, and their combination yields the best performance.

Sensitivity of Temperature Coefficient. KIL-
divergence is sensitive to the temperature coef-
ficient (coef) (Hll’lIfOH et al., 2015'). Table 8 shows Setting MTK ~ MTY MTK  MTY
the performance in terms of different 7 under

. R . Low 68.06 69.54 67.85 64.80
the Only KL setting, where 7 = 0.01 (LOW), Mid 70.72 72.48 68.63 65.29
7 = 0.05 (Mid), and 7 = 0.1 (High). We can High |67.10 6828 66.60 63.72
observe that Mid leads to the best performance,
since setting 7 to a too small value (e.g., 0.01) makes the teacher distribution overly skewed, while a
too large 7 (such as 0.1) oversmooths it, both reducing the informativeness of the learning signals.

Table 8: Sensitivity of temperature coef 7.
MTEB (cmn, vl) MTEB (eng, v1)

5 CONCLUSION

In this work, we propose KaLM-Embedding-V2, a series of versatile and compact embedding
models that achieve SOTA performance on MTEB (cmn, v1) and MTEB (eng, v1) among competitive
embedding models with < 1B parameters. The strong performance stems from several systematized
innovative designs. For model architecture, we remove the causal attention mask to enable more
effective representation learning. For training techniques, we introduce a multi-stage training pipeline
that progressively incentivizes advanced embedding capabilities in LLMs. For training objectives, we
introduce a focal-style reweighting mechanism to emphasize difficult samples, and an online hard-
negative mixing strategy to enrich hard negatives. For training data, we collect over 20 categories of
data for pre-training and 100 categories of data for fine-tuning as well as distillation, leveraging task-
specific instructions, hard-negative mining, example-based multi-class labeling, etc, to carefully curate
data. By combining superior training techniques and high-quality data, KaLM-Embedding-V2
significantly outperforms others of comparable size and even competes with 3x to 26x larger models.

ACKNOWLEDGMENTS

This work was jointly supported by grants: Natural Science Foundation of China (No. 62422603, No.
62376067) and Guangdong Basic and Applied Basic Research Foundation (No. 2024B0101050003).

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work and to facilitate a clearer understanding of our contributions,
we provide extensive supporting materials. In the main text, we describe our proposed method in §3
and present the detailed benchmark results in §4. In the Appendix B and Appendix I, we provide
further detailed information, including implementation details, training details, and evaluation details,
statistics of datasets, and task instructions used in evaluations, to ensure our results are reproducible.

10



Published as a conference paper at ICLR 2026

REFERENCES

Eneko Agirre, Daniel M. Cer, Mona T. Diab, and Aitor Gonzalez-Agirre. Semeval-2012 task 6: A
pilot on semantic textual similarity. In SemEval @ NAACL-HLT, pp. 385-393. The Association for
Computer Linguistics, 2012. URL https://aclanthology.org/S12-1051/.

Mohammad Kalim Akram, Saba Sturua, Nastia Havriushenko, Quentin Herreros, Michael Giinther,
Maximilian Werk, and Han Xiao. jina-embeddings-v5-text: Task-targeted embedding distillation,
2026. URL https://arxiv.org/abs/2602.15547.

Luiz Henrique Bonifacio, Israel Campiotti, Roberto A. Lotufo, and Rodrigo Frassetto Nogueira.
mmarco: A multilingual version of MS MARCO passage ranking dataset. CoRR, abs/2108.13897,
2021. URL https://arxiv.org/abs/2108.13897.

Vera Boteva, Demian Gholipour Ghalandari, Artem Sokolov, and Stefan Riezler. A full-text learning
to rank dataset for medical information retrieval. In Nicola Ferro, Fabio Crestani, Marie-Francine
Moens, Josiane Mothe, Fabrizio Silvestri, Giorgio Maria Di Nunzio, Claudia Hauff, and Gianmaria
Silvello (eds.), Advances in Information Retrieval - 38th European Conference on IR Research,
ECIR 2016, Padua, Italy, March 20-23, 2016. Proceedings, volume 9626 of Lecture Notes in
Computer Science, pp. 716-722. Springer, 2016. doi: 10.1007/978-3-319-30671-1\_58. URL
https://doi.org/10.1007/978-3-319-30671-1_58.

Samuel R. Bowman, Gabor Angeli, Christopher Potts, and Christopher D. Manning. A large annotated
corpus for learning natural language inference. In Lluis Marquez, Chris Callison-Burch, Jian
Su, Daniele Pighin, and Yuval Marton (eds.), Proceedings of the 2015 Conference on Empirical
Methods in Natural Language Processing, EMNLP 2015, Lisbon, Portugal, September 17-21, 2015,
pp. 632-642. The Association for Computational Linguistics, 2015. doi: 10.18653/V1/D15-1075.
URL https://doi.org/10.18653/v1/d15-1075.

Ifigo Casanueva, Tadas Temcinas, Daniela Gerz, Matthew Henderson, and Ivan Vulic. Efficient
intent detection with dual sentence encoders. CoRR, abs/2003.04807, 2020. URL https:
//arxiv.org/abs/2003.04807.

Xin Chan, Xiaoyang Wang, Dian Yu, Haitao Mi, and Dong Yu. Scaling synthetic data creation with
1,000,000,000 personas. CoRR, abs/2406.20094, 2024. doi: 10.48550/ARXIV.2406.20094. URL
https://doi.org/10.48550/arXiv.2406.20094.

Huiyao Chen, Yi Yang, Yinghui Li, Meishan Zhang, Baotian Hu, and Min Zhang. Beyond chunking:
Discourse-aware hierarchical retrieval for long document question answering. arXiv preprint
arXiv:2506.06313, 2025a.

Jianlv Chen, Shitao Xiao, Peitian Zhang, Kun Luo, Defu Lian, and Zheng Liu. BGE m3-embedding:
Multi-lingual, multi-functionality, multi-granularity text embeddings through self-knowledge
distillation. CoRR, abs/2402.03216, 2024. doi: 10.48550/ARXIV.2402.03216. URL https:
//doi.org/10.48550/arXiv.2402.03216.

Jianlyu Chen, Nan Wang, Chaofan Li, Bo Wang, Shitao Xiao, Han Xiao, Hao Liao, Defu Lian, and
Zheng Liu. Air-bench: Automated heterogeneous information retrieval benchmark. In ACL (1), pp.
19991-20022. Association for Computational Linguistics, 2025b.

Jing Chen, Qingcai Chen, Xin Liu, Haijun Yang, Daohe Lu, and Buzhou Tang. The BQ corpus: A
large-scale domain-specific chinese corpus for sentence semantic equivalence identification. In
Ellen Riloff, David Chiang, Julia Hockenmaier, and Jun’ichi Tsujii (eds.), Proceedings of the 2018
Conference on Empirical Methods in Natural Language Processing, Brussels, Belgium, October
31 - November 4, 2018, pp. 4946—4951. Association for Computational Linguistics, 2018. URL
https://aclanthology.org/D18-1536/.

Cohere. Cohere-embed-multilingual-v3.0, 2023. URL https://huggingface.co/Cohere/
Cohere-embed-multilingual-v3.0.

Alexis Conneau, Ruty Rinott, Guillaume Lample, Adina Williams, Samuel R. Bowman, Holger
Schwenk, and Veselin Stoyanov. XNLI: evaluating cross-lingual sentence representations. In
Ellen Riloff, David Chiang, Julia Hockenmaier, and Jun’ichi Tsujii (eds.), Proceedings of the 2018

11


https://aclanthology.org/S12-1051/
https://arxiv.org/abs/2602.15547
https://arxiv.org/abs/2108.13897
https://doi.org/10.1007/978-3-319-30671-1_58
https://doi.org/10.18653/v1/d15-1075
https://arxiv.org/abs/2003.04807
https://arxiv.org/abs/2003.04807
https://doi.org/10.48550/arXiv.2406.20094
https://doi.org/10.48550/arXiv.2402.03216
https://doi.org/10.48550/arXiv.2402.03216
https://aclanthology.org/D18-1536/
https://huggingface.co/Cohere/Cohere-embed-multilingual-v3.0
https://huggingface.co/Cohere/Cohere-embed-multilingual-v3.0

Published as a conference paper at ICLR 2026

Conference on Empirical Methods in Natural Language Processing, Brussels, Belgium, October
31 - November 4, 2018, pp. 2475-2485. Association for Computational Linguistics, 2018. doi:
10.18653/V1/D18-1269. URL https://doi.org/10.18653/v1/d18-1269.

Marta R. Costa-jussa, James Cross, Onur Celebi, Maha Elbayad, Kenneth Heafield, Kevin Heffernan,
Elahe Kalbassi, Janice Lam, Daniel Licht, Jean Maillard, Anna Y. Sun, Skyler Wang, Guillaume
Wenzek, Al Youngblood, Bapi Akula, Loic Barrault, Gabriel Mejia Gonzalez, Prangthip Hansanti,
John Hoffman, Semarley Jarrett, Kaushik Ram Sadagopan, Dirk Rowe, Shannon Spruit, Chau
Tran, Pierre Andrews, Necip Fazil Ayan, Shruti Bhosale, Sergey Edunov, Angela Fan, Cynthia Gao,
Vedanuj Goswami, Francisco Guzman, Philipp Koehn, Alexandre Mourachko, Christophe Ropers,
Safiyyah Saleem, Holger Schwenk, and Jeff Wang. No language left behind: Scaling human-
centered machine translation. CoRR, abs/2207.04672, 2022. doi: 10.48550/ARXIV.2207.04672.
URL https://doi.org/10.48550/arXiv.2207.04672.

Yiming Cui, Ting Liu, Wanxiang Che, Li Xiao, Zhipeng Chen, Wentao Ma, Shijin Wang, and
Guoping Hu. A span-extraction dataset for chinese machine reading comprehension. In Kentaro
Inui, Jing Jiang, Vincent Ng, and Xiaojun Wan (eds.), Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing and the 9th International Joint Conference on
Natural Language Processing, EMNLP-IJCNLP 2019, Hong Kong, China, November 3-7, 2019,
pp. 5882-5888. Association for Computational Linguistics, 2019. doi: 10.18653/V1/D19-1600.
URL https://doi.org/10.18653/v1/D19-1600.

DataCanary, hilfialkaff, Lili Jiang, Meg Risdal, Nikhil Dandekar, and tomtung. Quora question pairs,
2017. URL https://kaggle.com/competitions/quora—question—-pairs.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT: pre-training of deep
bidirectional transformers for language understanding. CoRR, abs/1810.04805, 2018. URL
http://arxiv.org/abs/1810.04805.

Matthew Dunn, Levent Sagun, Mike Higgins, V. Ugur Giiney, Volkan Cirik, and Kyunghyun Cho.
Searchga: A new q&a dataset augmented with context from a search engine. CoRR, abs/1704.05179,
2017. URL http://arxiv.org/abs/1704.05179.

Kenneth C. Enevoldsen, Isaac Chung, Imene Kerboua, Marton Kardos, Ashwin Mathur, David Stap,
Jay Gala, Wissam Siblini, Dominik Krzeminski, Genta Indra Winata, Saba Sturua, Saiteja Utpala,
Mathieu Ciancone, Marion Schaeffer, Diganta Misra, Shreeya Dhakal, Jonathan Rystrgm, Roman
Solomatin, Omer Veysel Cagatan, Akash Kundu, and et al. MMTEB: massive multilingual text
embedding benchmark. In /CLR. OpenReview.net, 2025.

Anthony Fader, Luke Zettlemoyer, and Oren Etzioni. Open question answering over curated and
extracted knowledge bases. In Sofus A. Macskassy, Claudia Perlich, Jure Leskovec, Wei Wang, and
Rayid Ghani (eds.), The 20th ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining, KDD ’14, New York, NY, USA - August 24 - 27, 2014, pp. 1156-1165. ACM, 2014.
doi: 10.1145/2623330.2623677. URL https://doi.org/10.1145/2623330.2623677.

Angela Fan, Yacine Jernite, Ethan Perez, David Grangier, Jason Weston, and Michael Auli. ELI5:
long form question answering. In Anna Korhonen, David R. Traum, and Lluis Marquez (eds.),
Proceedings of the 57th Conference of the Association for Computational Linguistics, ACL 2019,
Florence, Italy, July 28- August 2, 2019, Volume 1: Long Papers, pp. 3558-3567. Association for
Computational Linguistics, 2019. doi: 10.18653/V1/P19-1346. URL https://doi.org/10.
18653/v1/pl9-1346.

Jack FitzGerald, Christopher Hench, Charith Peris, Scott Mackie, Kay Rottmann, Ana Sanchez,
Aaron Nash, Liam Urbach, Vishesh Kakarala, Richa Singh, Swetha Ranganath, Laurie Crist,
Misha Britan, Wouter Leeuwis, Gokhan Tiir, and Prem Natarajan. MASSIVE: A Im-example
multilingual natural language understanding dataset with 51 typologically-diverse languages. In
Anna Rogers, Jordan L. Boyd-Graber, and Naoaki Okazaki (eds.), Proceedings of the 61st Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), ACL 2023,
Toronto, Canada, July 9-14, 2023, pp. 4277-4302. Association for Computational Linguistics,
2023. doi: 10.18653/V1/2023.ACL-LONG.235. URL https://doi.org/10.18653/v1/
2023.acl-1long.235.

12


https://doi.org/10.18653/v1/d18-1269
https://doi.org/10.48550/arXiv.2207.04672
https://doi.org/10.18653/v1/D19-1600
https://kaggle.com/competitions/quora-question-pairs
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1704.05179
https://doi.org/10.1145/2623330.2623677
https://doi.org/10.18653/v1/p19-1346
https://doi.org/10.18653/v1/p19-1346
https://doi.org/10.18653/v1/2023.acl-long.235
https://doi.org/10.18653/v1/2023.acl-long.235

Published as a conference paper at ICLR 2026

Wikimedia Foundation. Wikimedia downloads, 2024. URL https://dumps.wikimedia.org.
Accessed: 2024-05-01.

Tianyu Gao, Xingcheng Yao, and Danqi Chen. Simcse: Simple contrastive learning of sentence
embeddings. In Marie-Francine Moens, Xuanjing Huang, Lucia Specia, and Scott Wen-tau Yih
(eds.), Proceedings of the 2021 Conference on Empirical Methods in Natural Language Processing,
EMNLP 2021, Virtual Event / Punta Cana, Dominican Republic, 7-11 November, 2021, pp. 6894—
6910. Association for Computational Linguistics, 2021. doi: 10.18653/V1/2021. EMNLP-MAIN.
552. URL https://doi.org/10.18653/v1/2021.emnlp-main.552.

Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yuxi Bi, Yi Dai, Jiawei Sun,
Qianyu Guo, Meng Wang, and Haofen Wang. Retrieval-augmented generation for large language
models: A survey. CoRR, abs/2312.10997, 2023. doi: 10.48550/ARXIV.2312.10997. URL
https://doi.org/10.48550/arXiv.2312.10997.

Gregor Geigle, Nils Reimers, Andreas Riicklé, and Iryna Gurevych. TWEAC: transformer with
extendable QA agent classifiers. CoRR, abs/2104.07081, 2021. URL https://arxiv.org/
abs/2104.07081.

Michael Gutmann and Aapo Hyvérinen. Noise-contrastive estimation: A new estimation principle for
unnormalized statistical models. In Yee Whye Teh and D. Mike Titterington (eds.), Proceedings of
the Thirteenth International Conference on Artificial Intelligence and Statistics, AISTATS 2010,
Chia Laguna Resort, Sardinia, Italy, May 13-15, 2010, volume 9 of JMLR Proceedings, pp.
297-304. JMLR.org, 2010. URL http://proceedings.mlr.press/v9/gutmannlOa.
html.

Felix Hamborg, Norman Meuschke, Corinna Breitinger, and Bela Gipp. news-please - A generic
news crawler and extractor. In Maria Géde, Violeta Trkulja, and Vivien Petras (eds.), Everything
Changes, Everything Stays the Same? Understanding Information Spaces. Proceedings of the 15th
International Symposium of Information Science, ISI 2017, Berlin, Germany, March 13-15, 2017,
volume 70 of Schriften zur Informationswissenschaft, pp. 218-223. Verlag Werner Hiilsbusch,
2017. doi: 10.18452/1447. URL https://doi.org/10.18452/1447.

Tahmid Hasan, Abhik Bhattacharjee, Md. Saiful Islam, Kazi Samin Mubasshir, Yuan-Fang Li,
Yong-Bin Kang, M. Sohel Rahman, and Rifat Shahriyar. Xl-sum: Large-scale multilingual
abstractive summarization for 44 languages. In Chengqing Zong, Fei Xia, Wenjie Li, and Roberto
Navigli (eds.), Findings of the Association for Computational Linguistics: ACL/IJCNLP 2021,
Online Event, August 1-6, 2021, volume ACL/IJCNLP 2021 of Findings of ACL, pp. 4693-4703.
Association for Computational Linguistics, 2021. doi: 10.18653/V1/2021.FINDINGS-ACL.413.
URL https://doi.org/10.18653/v1/2021.findings-acl.413.

Wei He, Kai Liu, Jing Liu, Yajuan Lyu, Shiqi Zhao, Xinyan Xiao, Yuan Liu, Yizhong Wang,
Hua Wu, Qiaoqgiao She, Xuan Liu, Tian Wu, and Haifeng Wang. Dureader: a chinese machine
reading comprehension dataset from real-world applications. In Eunsol Choi, Minjoon Seo,
Dangi Chen, Robin Jia, and Jonathan Berant (eds.), Proceedings of the Workshop on Machine
Reading for Question Answering@ACL 2018, Melbourne, Australia, July 19, 2018, pp. 37-46.
Association for Computational Linguistics, 2018. doi: 10.18653/V1/W18-2605. URL https:
//aclanthology.org/W18-2605/.

Kevin Heffernan, Onur Celebi, and Holger Schwenk. Bitext mining using distilled sentence
representations for low-resource languages. In Yoav Goldberg, Zornitsa Kozareva, and Yue
Zhang (eds.), Findings of the Association for Computational Linguistics: EMNLP 2022, Abu
Dhabi, United Arab Emirates, December 7-11, 2022, pp. 2101-2112. Association for Compu-
tational Linguistics, 2022. doi: 10.18653/V1/2022.FINDINGS-EMNLP.154. URL https:
//doi.org/10.18653/v1/2022.findings—emnlp.154.

Geoffrey E. Hinton, Oriol Vinyals, and Jeffrey Dean. Distilling the knowledge in a neural network.
CoRR, abs/1503.02531, 2015.

Doris Hoogeveen, Karin M. Verspoor, and Timothy Baldwin. Cqadupstack: A benchmark data set
for community question-answering research. In ADCS, pp. 3:1-3:8. ACM, 2015.

13


https://dumps.wikimedia.org
https://doi.org/10.18653/v1/2021.emnlp-main.552
https://doi.org/10.48550/arXiv.2312.10997
https://arxiv.org/abs/2104.07081
https://arxiv.org/abs/2104.07081
http://proceedings.mlr.press/v9/gutmann10a.html
http://proceedings.mlr.press/v9/gutmann10a.html
https://doi.org/10.18452/1447
https://doi.org/10.18653/v1/2021.findings-acl.413
https://aclanthology.org/W18-2605/
https://aclanthology.org/W18-2605/
https://doi.org/10.18653/v1/2022.findings-emnlp.154
https://doi.org/10.18653/v1/2022.findings-emnlp.154

Published as a conference paper at ICLR 2026

Yupeng Hou, Jiacheng Li, Zhankui He, An Yan, Xiusi Chen, and Julian J. McAuley. Bridging
language and items for retrieval and recommendation. CoRR, abs/2403.03952, 2024. doi: 10.
48550/ARX1V.2403.03952. URL https://doi.org/10.48550/arXiv.2403.03952.

Baotian Hu, Qingcai Chen, and Fangze Zhu. LCSTS: A large scale chinese short text summarization
dataset. In Lluis Marquez, Chris Callison-Burch, Jian Su, Daniele Pighin, and Yuval Marton
(eds.), Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing,
EMNLP 2015, Lisbon, Portugal, September 17-21, 2015, pp. 1967-1972. The Association for
Computational Linguistics, 2015. doi: 10.18653/V1/D15-1229. URL https://doi.org/10.
18653/v1/d15-12209.

Hai Hu, Kyle Richardson, Liang Xu, Lu Li, Sandra Kiibler, and Lawrence S. Moss. OCNLI:
original chinese natural language inference. In Trevor Cohn, Yulan He, and Yang Liu (eds.),
Findings of the Association for Computational Linguistics: EMNLP 2020, Online Event, 16-
20 November 2020, volume EMNLP 2020 of Findings of ACL, pp. 3512-3526. Association
for Computational Linguistics, 2020. doi: 10.18653/V1/2020.FINDINGS-EMNLP.314. URL
https://doi.org/10.18653/v1/2020.findings—emnlp.314.

Xinshuo Hu, Zifei Shan, Xinping Zhao, Zetian Sun, Zhenyu Liu, Dongfang Li, Shaolin Ye, Xinyuan
Wei, Qian Chen, Baotian Hu, Haofen Wang, Jun Yu, and Min Zhang. Kalm-embedding: Superior
training data brings A stronger embedding model. CoRR, abs/2501.01028, 2025. doi: 10.48550/
ARXIV.2501.01028. URL https://doi.org/10.48550/arXiv.2501.01028.

Xuming Hu, Zhijiang Guo, Guanyu Wu, Aiwei Liu, Lijie Wen, and Philip S. Yu. CHEF: A pilot
chinese dataset for evidence-based fact-checking. In Marine Carpuat, Marie-Catherine de Marneffe,
and Ivan Vladimir Meza Ruiz (eds.), Proceedings of the 2022 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies, NAACL
2022, Seattle, WA, United States, July 10-15, 2022, pp. 3362-3376. Association for Computational
Linguistics, 2022. doi: 10.18653/V1/2022.NAACL-MAIN.246. URL https://doi.org/10.
18653/v1/2022.naacl-main.246.

Junqin Huang, Zhongjie Hu, Zihao Jing, Mengya Gao, and Yichao Wu. Piccolo2: General text
embedding with multi-task hybrid loss training. CoRR, abs/2405.06932, 2024. doi: 10.48550/
ARXIV.2405.06932. URL https://doi.org/10.48550/arXiv.2405.06932.

Yizheng Huang and Jimmy Huang. A survey on retrieval-augmented text generation for large
language models. CoRR, abs/2404.10981, 2024. doi: 10.48550/ARXIV.2404.10981. URL
https://doi.org/10.48550/arXiv.2404.10981.

Hamel Husain, Ho-Hsiang Wu, Tiferet Gazit, Miltiadis Allamanis, and Marc Brockschmidt. Code-
searchnet challenge: Evaluating the state of semantic code search. CoRR, abs/1909.09436, 2019.
URL http://arxiv.org/abs/1909.09436.

Qiao Jin, Bhuwan Dhingra, Zhengping Liu, William W. Cohen, and Xinghua Lu. Pubmedqa:
A dataset for biomedical research question answering. In Kentaro Inui, Jing Jiang, Vincent
Ng, and Xiaojun Wan (eds.), Proceedings of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th International Joint Conference on Natural Language
Processing, EMNLP-IJCNLP 2019, Hong Kong, China, November 3-7, 2019, pp. 2567-2577.
Association for Computational Linguistics, 2019. doi: 10.18653/V1/D19-1259. URL https:
//doi.org/10.18653/v1/D19-12509.

Mandar Joshi, Eunsol Choi, Daniel S. Weld, and Luke Zettlemoyer. Triviaga: A large scale distantly
supervised challenge dataset for reading comprehension. In Regina Barzilay and Min-Yen Kan
(eds.), Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics,
ACL 2017, Vancouver, Canada, July 30 - August 4, Volume 1: Long Papers, pp. 1601-1611.
Association for Computational Linguistics, 2017. doi: 10.18653/V1/P17-1147. URL https:
//doi.org/10.18653/v1/P17-1147.

Daniel Khashabi, Amos Ng, Tushar Khot, Ashish Sabharwal, Hannaneh Hajishirzi, and Chris
Callison-Burch. Gooaq: Open question answering with diverse answer types. In Marie-Francine
Moens, Xuanjing Huang, Lucia Specia, and Scott Wen-tau Yih (eds.), Findings of the Association
for Computational Linguistics: EMNLP 2021, Virtual Event / Punta Cana, Dominican Republic,

14


https://doi.org/10.48550/arXiv.2403.03952
https://doi.org/10.18653/v1/d15-1229
https://doi.org/10.18653/v1/d15-1229
https://doi.org/10.18653/v1/2020.findings-emnlp.314
https://doi.org/10.48550/arXiv.2501.01028
https://doi.org/10.18653/v1/2022.naacl-main.246
https://doi.org/10.18653/v1/2022.naacl-main.246
https://doi.org/10.48550/arXiv.2405.06932
https://doi.org/10.48550/arXiv.2404.10981
http://arxiv.org/abs/1909.09436
https://doi.org/10.18653/v1/D19-1259
https://doi.org/10.18653/v1/D19-1259
https://doi.org/10.18653/v1/P17-1147
https://doi.org/10.18653/v1/P17-1147

Published as a conference paper at ICLR 2026

16-20 November, 2021, pp. 421-433. Association for Computational Linguistics, 2021. doi: 10.
18653/V1/2021. FINDINGS-EMNLP.38. URL https://doi.org/10.18653/v1/2021.
findings—emnlp. 38.

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In ICLR (Poster),
2015. URL http://arxiv.org/abs/1412.6980.

Yuta Koreeda and Christopher D. Manning. Contractnli: A dataset for document-level natural
language inference for contracts. In Marie-Francine Moens, Xuanjing Huang, Lucia Specia, and
Scott Wen-tau Yih (eds.), Findings of the Association for Computational Linguistics: EMNLP
2021, Virtual Event / Punta Cana, Dominican Republic, 16-20 November, 2021, pp. 1907-1919.
Association for Computational Linguistics, 2021. doi: 10.18653/V1/2021. FINDINGS-EMNLP.164.
URL https://doi.org/10.18653/v1/2021.findings-emnlp.164.

Aditya Kusupati, Gantavya Bhatt, Aniket Rege, Matthew Wallingford, Aditya Sinha, Vivek
Ramanujan, William Howard-Snyder, Kaifeng Chen, Sham M. Kakade, Prateek Jain, and
Ali Farhadi.  Matryoshka representation learning. In Sanmi Koyejo, S. Mohamed,
A. Agarwal, Danielle Belgrave, K. Cho, and A. Oh (eds.), Advances in Neural In-
formation Processing Systems 35: Annual Conference on Neural Information Process-
ing Systems 2022, NeurIPS 2022, New Orleans, LA, USA, November 28 - December 9,
2022, 2022. URL http://papers.nips.cc/paper_files/paper/2022/hash/
c32319f4868da7613d78af9993100e42-Abstract-Conference.html.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Redfield, Michael Collins, Ankur P. Parikh, Chris
Alberti, Danielle Epstein, Illia Polosukhin, Jacob Devlin, Kenton Lee, Kristina Toutanova, Llion
Jones, Matthew Kelcey, Ming-Wei Chang, Andrew M. Dai, Jakob Uszkoreit, Quoc Le, and Slav
Petrov. Natural questions: a benchmark for question answering research. Trans. Assoc. Comput.
Linguistics, 7:452—-466, 2019. doi: 10.1162/TACL\_A\_00276. URL https://doi.org/10.
1162/tacl_a_00276.

Ken Lang. Newsweeder: Learning to filter netnews. In Armand Prieditis and Stuart Russell
(eds.), Machine Learning, Proceedings of the Twelfth International Conference on Machine
Learning, Tahoe City, California, USA, July 9-12, 1995, pp. 331-339. Morgan Kaufmann,
1995. doi: 10.1016/B978-1-55860-377-6.50048-7. URL https://doi.org/10.1016/
p978-1-55860-377-6.50048-"7.

Chankyu Lee, Rajarshi Roy, Mengyao Xu, Jonathan Raiman, Mohammad Shoeybi, Bryan Catanzaro,
and Wei Ping. Nv-embed: Improved techniques for training llms as generalist embedding models.
In The Thirteenth International Conference on Learning Representations, ICLR 2025, Singapore,
April 24-28, 2025. OpenReview.net, 2025a. URL https://openreview.net/forum?id=
lgsyLSsDRe.

Jinhyuk Lee, Zhuyun Dai, Xiaoqi Ren, Blair Chen, Daniel Cer, Jeremy R. Cole, Kai Hui, Michael
Boratko, Rajvi Kapadia, Wen Ding, Yi Luan, Sai Meher Karthik Duddu, Gustavo Hernandez
Abrego, Weigiang Shi, Nithi Gupta, Aditya Kusupati, Prateek Jain, Siddhartha Reddy Jonnalagadda,
Ming-Wei Chang, and Iftekhar Naim. Gecko: Versatile text embeddings distilled from large
language models. CoRR, abs/2403.20327, 2024. URL https://doi.org/10.48550/
arXiv.2403.20327.

Jinhyuk Lee, Feiyang Chen, Sahil Dua, Daniel Cer, Madhuri Shanbhogue, Iftekhar Naim, Gus-
tavo Hernandez Abrego, Zhe Li, Kaifeng Chen, Henrique Schechter Vera, Xiaoqi Ren, Shanfeng
Zhang, Daniel Salz, Michael Boratko, Jay Han, Blair Chen, Shuo Huang, Vikram Rao, Paul Sugan-
than, Feng Han, Andreas Doumanoglou, Nithi Gupta, Fedor Moiseev, Cathy Yip, Aashi Jain, Simon
Baumgartner, Shahrokh Shahi, Frank Palma Gomez, Sandeep Mariserla, Min Choi, Parashar Shah,
Sonam Goenka, Ke Chen, Ye Xia, Koert Chen, Sai Meher Karthik Duddu, Yichang Chen, Trevor
Walker, Wenlei Zhou, Rakesh Ghiya, Zach Gleicher, Karan Gill, Zhe Dong, Mojtaba Seyedhos-
seini, Yun-Hsuan Sung, Raphael Hoffmann, and Tom Duerig. Gemini embedding: Generalizable
embeddings from gemini. CoRR, abs/2503.07891, 2025b. doi: 10.48550/ARXIV.2503.07891.
URL https://doi.org/10.48550/arXiv.2503.07891.

15


https://doi.org/10.18653/v1/2021.findings-emnlp.38
https://doi.org/10.18653/v1/2021.findings-emnlp.38
http://arxiv.org/abs/1412.6980
https://doi.org/10.18653/v1/2021.findings-emnlp.164
http://papers.nips.cc/paper_files/paper/2022/hash/c32319f4868da7613d78af9993100e42-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/c32319f4868da7613d78af9993100e42-Abstract-Conference.html
https://doi.org/10.1162/tacl_a_00276
https://doi.org/10.1162/tacl_a_00276
https://doi.org/10.1016/b978-1-55860-377-6.50048-7
https://doi.org/10.1016/b978-1-55860-377-6.50048-7
https://openreview.net/forum?id=lgsyLSsDRe
https://openreview.net/forum?id=lgsyLSsDRe
https://doi.org/10.48550/arXiv.2403.20327
https://doi.org/10.48550/arXiv.2403.20327
https://doi.org/10.48550/arXiv.2503.07891

Published as a conference paper at ICLR 2026

Patrick S. H. Lewis, Yuxiang Wu, Linqing Liu, Pasquale Minervini, Heinrich Kiittler, Aleksandra
Piktus, Pontus Stenetorp, and Sebastian Riedel. PAQ: 65 million probably-asked questions
and what you can do with them. Trans. Assoc. Comput. Linguistics, 9:1098-1115, 2021. doi:
10.1162/TACL\_A\_00415. URL https://doi.org/10.1162/tacl_a_00415.

Chaofan Li, Minghao Qin, Shitao Xiao, Jianlyu Chen, Kun Luo, Defu Lian, Yingxia Shao, and Zheng
Liu. Making text embedders few-shot learners. In The Thirteenth International Conference on
Learning Representations, ICLR 2025, Singapore, April 24-28, 2025. OpenReview.net, 2025. URL
https://openreview.net/forum?id=wfLuiDjQO0u.

Haoran Li, Abhinav Arora, Shuohui Chen, Anchit Gupta, Sonal Gupta, and Yashar Mehdad. MTOP:
A comprehensive multilingual task-oriented semantic parsing benchmark. In Paola Merlo, Jorg
Tiedemann, and Reut Tsarfaty (eds.), Proceedings of the 16th Conference of the European Chapter
of the Association for Computational Linguistics: Main Volume, EACL 2021, Online, April 19 - 23,
2021, pp. 2950-2962. Association for Computational Linguistics, 2021. doi: 10.18653/V1/2021.
EACL-MAIN.257. URL https://doi.org/10.18653/v1/2021.eacl-main.257.

Yudong Li, Yuqing Zhang, Zhe Zhao, Linlin Shen, Weijie Liu, Weiquan Mao, and Hui Zhang. CSL:
A large-scale chinese scientific literature dataset. In Nicoletta Calzolari, Chu-Ren Huang, Hansaem
Kim, James Pustejovsky, Leo Wanner, Key-Sun Choi, Pum-Mo Ryu, Hsin-Hsi Chen, Lucia
Donatelli, Heng Ji, Sadao Kurohashi, Patrizia Paggio, Nianwen Xue, Seokhwan Kim, Younggyun
Hahm, Zhong He, Tony Kyungil Lee, Enrico Santus, Francis Bond, and Seung-Hoon Na (eds.),
Proceedings of the 29th International Conference on Computational Linguistics, COLING 2022,
Gyeongju, Republic of Korea, October 12-17, 2022, pp. 3917-3923. International Committee on
Computational Linguistics, 2022. URL https://aclanthology.org/2022.coling-1.
344,

Zehan Li, Xin Zhang, Yanzhao Zhang, Dingkun Long, Pengjun Xie, and Meishan Zhang. Towards
general text embeddings with multi-stage contrastive learning. CoRR, abs/2308.03281, 2023.
doi: 10.48550/ARXIV.2308.03281. URL https://doi.org/10.48550/arXiv.2308.
03281.

Tsung-Yi Lin, Priya Goyal, Ross B. Girshick, Kaiming He, and Piotr Dollar. Focal loss for dense
object detection. In IEEE International Conference on Computer Vision, ICCV 2017, Venice, Italy,
October 22-29, 2017, pp. 2999-3007. IEEE Computer Society, 2017. doi: 10.1109/ICCV.2017.324.
URL https://doi.org/10.1109/ICCV.2017.324.

Hongcheng Liu, Yusheng Liao, Yutong Meng, and Yuhao Wang. Xiezhi: Chinese law large language
model, 2023. URL https://github.com/LiuHC0428/LAW_GPT.

Xin Liu, Qingcai Chen, Chong Deng, Huajun Zeng, Jing Chen, Dongfang Li, and Buzhou Tang.
LCQMC: A large-scale chinese question matching corpus. In Emily M. Bender, Leon Derczynski,
and Pierre Isabelle (eds.), Proceedings of the 27th International Conference on Computational
Linguistics, COLING 2018, Santa Fe, New Mexico, USA, August 20-26, 2018, pp. 1952—-1962.
Association for Computational Linguistics, 2018a. URL https://aclanthology.org/
Cl8-1166/.

Xueqing Liu, Chi Wang, Yue Leng, and ChengXiang Zhai. Linkso: a dataset for learning to retrieve
similar question answer pairs on software development forums. In NI4SE@ESEC/SIGSOFT FSE,
pp. 2-5. ACM, 2018b.

Dingkun Long, Qiong Gao, Kuan Zou, Guangwei Xu, Pengjun Xie, Ruijie Guo, Jian Xu, Guanjun
Jiang, Luxi Xing, and Ping Yang. Multi-cpr: A multi domain chinese dataset for passage retrieval.
In Enrique Amigd, Pablo Castells, Julio Gonzalo, Ben Carterette, J. Shane Culpepper, and Gabriella
Kazai (eds.), SIGIR ’22: The 45th International ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval, Madrid, Spain, July 11 - 15, 2022, pp. 3046-3056. ACM, 2022. doi:
10.1145/3477495.3531736. URL https://doi.org/10.1145/3477495.3531736.

Andrew L. Maas, Raymond E. Daly, Peter T. Pham, Dan Huang, Andrew Y. Ng, and Christopher
Potts. Learning word vectors for sentiment analysis. In Dekang Lin, Yuji Matsumoto, and Rada
Mihalcea (eds.), The 49th Annual Meeting of the Association for Computational Linguistics:
Human Language Technologies, Proceedings of the Conference, 19-24 June, 2011, Portland,

16


https://doi.org/10.1162/tacl_a_00415
https://openreview.net/forum?id=wfLuiDjQ0u
https://doi.org/10.18653/v1/2021.eacl-main.257
https://aclanthology.org/2022.coling-1.344
https://aclanthology.org/2022.coling-1.344
https://doi.org/10.48550/arXiv.2308.03281
https://doi.org/10.48550/arXiv.2308.03281
https://doi.org/10.1109/ICCV.2017.324
https://github.com/LiuHC0428/LAW_GPT
https://aclanthology.org/C18-1166/
https://aclanthology.org/C18-1166/
https://doi.org/10.1145/3477495.3531736

Published as a conference paper at ICLR 2026

Oregon, USA, pp. 142—-150. The Association for Computer Linguistics, 2011. URL https:
//aclanthology.org/P11-1015/.

Macedo Maia, Siegfried Handschuh, André Freitas, Brian Davis, Ross McDermott, Manel Zarrouk,
and Alexandra Balahur. Www’ 18 open challenge: Financial opinion mining and question answer-
ing. In Pierre-Antoine Champin, Fabien Gandon, Mounia Lalmas, and Panagiotis G. Ipeirotis
(eds.), Companion of the The Web Conference 2018 on The Web Conference 2018, WWW 2018,
Lyon , France, April 23-27, 2018, pp. 1941-1942. ACM, 2018. doi: 10.1145/3184558.3192301.
URL https://doi.org/10.1145/3184558.3192301.

Chaitanya Malaviya, Subin Lee, Sihao Chen, Elizabeth Sieber, Mark Yatskar, and Dan Roth. Expertqa:
Expert-curated questions and attributed answers. In Kevin Duh, Helena G6mez-Adorno, and
Steven Bethard (eds.), Proceedings of the 2024 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Technologies (Volume 1: Long
Papers), NAACL 2024, Mexico City, Mexico, June 16-21, 2024, pp. 3025-3045. Association for
Computational Linguistics, 2024. doi: 10.18653/V1/2024. NAACL-LONG.167. URL https:
//doi.org/10.18653/v1/2024.naacl-1long.167.

Julian J. McAuley and Jure Leskovec. Hidden factors and hidden topics: understanding rating
dimensions with review text. In Qiang Yang, Irwin King, Qing Li, Pearl Pu, and George Karypis
(eds.), Seventh ACM Conference on Recommender Systems, RecSys ’13, Hong Kong, China,
October 12-16, 2013, pp. 165-172. ACM, 2013. doi: 10.1145/2507157.2507163. URL https:
//doi.org/10.1145/2507157.2507163.

Sepideh Mollanorozy, Marc Tanti, and Malvina Nissim. Cross-lingual transfer learning with persian.
In Proceedings of the 5th Workshop on Research in Computational Linguistic Typology and
Multilingual NLP, pp. 89-95, 2023.

Niklas Muennighoff, Nouamane Tazi, Loic Magne, and Nils Reimers. MTEB: massive text embedding
benchmark. In Andreas Vlachos and Isabelle Augenstein (eds.), Proceedings of the 17th Conference
of the European Chapter of the Association for Computational Linguistics, EACL 2023, Dubrovnik,
Croatia, May 2-6, 2023, pp. 2006-2029. Association for Computational Linguistics, 2023a.
doi: 10.18653/V1/2023.EACL-MAIN.148. URL https://doi.org/10.18653/v1/2023.
eacl-main.148.

Niklas Muennighoff, Thomas Wang, Lintang Sutawika, Adam Roberts, Stella Biderman, Teven Le
Scao, M. Saiful Bari, Sheng Shen, Zheng Xin Yong, Hailey Schoelkopf, Xiangru Tang, Dragomir
Radev, Alham Fikri Aji, Khalid Almubarak, Samuel Albanie, Zaid Alyafeai, Albert Webson,
Edward Raff, and Colin Raffel. Crosslingual generalization through multitask finetuning. In
Anna Rogers, Jordan L. Boyd-Graber, and Naoaki Okazaki (eds.), Proceedings of the 61st Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), ACL 2023,
Toronto, Canada, July 9-14, 2023, pp. 15991-16111. Association for Computational Linguistics,
2023b. doi: 10.18653/V1/2023.ACL-LONG.891. URL https://doi.org/10.18653/v1/
2023.acl-1long.891.

Niklas Muennighoff, Hongjin Su, Liang Wang, Nan Yang, Furu Wei, Tao Yu, Amanpreet Singh,
and Douwe Kiela. Generative representational instruction tuning. CoRR, abs/2402.09906, 2024.
doi: 10.48550/ARXIV.2402.09906. URL https://doi.org/10.48550/arXiv.2402.
0990¢6.

Subhabrata Mukherjee, Arindam Mitra, Ganesh Jawahar, Sahaj Agarwal, Hamid Palangi, and Ahmed
Awadallah. Orca: Progressive learning from complex explanation traces of GPT-4. CoRR,
abs/2306.02707, 2023. doi: 10.48550/ARXIV.2306.02707. URL https://doi.org/10.
48550/arXiv.2306.02707.

Reiichiro Nakano, Jacob Hilton, Suchir Balaji, Jeff Wu, Long Ouyang, Christina Kim, Christopher
Hesse, Shantanu Jain, Vineet Kosaraju, William Saunders, Xu Jiang, Karl Cobbe, Tyna Eloundou,
Gretchen Krueger, Kevin Button, Matthew Knight, Benjamin Chess, and John Schulman. Webgpt:
Browser-assisted question-answering with human feedback. CoRR, abs/2112.09332, 2021. URL
https://arxiv.org/abs/2112.09332.

17


https://aclanthology.org/P11-1015/
https://aclanthology.org/P11-1015/
https://doi.org/10.1145/3184558.3192301
https://doi.org/10.18653/v1/2024.naacl-long.167
https://doi.org/10.18653/v1/2024.naacl-long.167
https://doi.org/10.1145/2507157.2507163
https://doi.org/10.1145/2507157.2507163
https://doi.org/10.18653/v1/2023.eacl-main.148
https://doi.org/10.18653/v1/2023.eacl-main.148
https://doi.org/10.18653/v1/2023.acl-long.891
https://doi.org/10.18653/v1/2023.acl-long.891
https://doi.org/10.48550/arXiv.2402.09906
https://doi.org/10.48550/arXiv.2402.09906
https://doi.org/10.48550/arXiv.2306.02707
https://doi.org/10.48550/arXiv.2306.02707
https://arxiv.org/abs/2112.09332

Published as a conference paper at ICLR 2026

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao, Saurabh Tiwary, Rangan Majumder, and
Li Deng. MS MARCO: A human generated machine reading comprehension dataset. In
Tarek Richard Besold, Antoine Bordes, Artur S. d’ Avila Garcez, and Greg Wayne (eds.), Proceed-
ings of the Workshop on Cognitive Computation: Integrating neural and symbolic approaches 2016
co-located with the 30th Annual Conference on Neural Information Processing Systems (NIPS
2016), Barcelona, Spain, December 9, 2016, volume 1773 of CEUR Workshop Proceedings. CEUR-
WS.org, 2016. URL https://ceur-ws.org/Vol-1773/CoCoNIPS_2016_paper9.
pdf.

Jianmo Ni, Jiacheng Li, and Julian J. McAuley. Justifying recommendations using distantly-labeled
reviews and fine-grained aspects. In Kentaro Inui, Jing Jiang, Vincent Ng, and Xiaojun Wan (eds.),
Proceedings of the 2019 Conference on Empirical Methods in Natural Language Processing and
the 9th International Joint Conference on Natural Language Processing, EMNLP-IJCNLP 2019,
Hong Kong, China, November 3-7, 2019, pp. 188—197. Association for Computational Linguistics,
2019. doi: 10.18653/V1/D19-1018. URL https://doi.org/10.18653/v1/D19-1018.

Jianmo Ni, Chen Qu, Jing Lu, Zhuyun Dai, Gustavo Herndndez Abrego, Ji Ma, Vincent Y. Zhao,
Yi Luan, Keith B. Hall, Ming-Wei Chang, and Yinfei Yang. Large dual encoders are generalizable
retrievers. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang (eds.), Proceedings of the 2022
Conference on Empirical Methods in Natural Language Processing, EMNLP 2022, Abu Dhabi,
United Arab Emirates, December 7-11, 2022, pp. 9844-9855. Association for Computational
Linguistics, 2022. doi: 10.18653/V1/2022. EMNLP-MAIN.669. URL https://doi.org/10.
18653/v1/2022.emnlp-main.669.

James O’Neill, Polina Rozenshtein, Ryuichi Kiryo, Motoko Kubota, and Danushka Bollegala. I wish
I would have loved this one, but I didn’t - A multilingual dataset for counterfactual detection in
product review. In Marie-Francine Moens, Xuanjing Huang, Lucia Specia, and Scott Wen-tau Yih
(eds.), Proceedings of the 2021 Conference on Empirical Methods in Natural Language Processing,
EMNLP 2021, Virtual Event / Punta Cana, Dominican Republic, 7-11 November, 2021, pp. 7092—
7108. Association for Computational Linguistics, 2021. doi: 10.18653/V1/2021. EMNLP-MAIN.
568. URL https://doi.org/10.18653/v1/2021.emnlp-main.568.

OpenAl text-embedding-3-large, 2024. URL https://openai.com/index/
new—-embedding-models—and-api-updates/.

Yujia Qin, Zihan Cai, Dian Jin, Lan Yan, Shihao Liang, Kunlun Zhu, Yankai Lin, Xu Han, Ning Ding,
Huadong Wang, Ruobing Xie, Fanchao Qi, Zhiyuan Liu, Maosong Sun, and Jie Zhou. Webcpm:
Interactive web search for chinese long-form question answering. In Anna Rogers, Jordan L. Boyd-
Graber, and Naoaki Okazaki (eds.), Proceedings of the 61st Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers), ACL 2023, Toronto, Canada, July 9-14,
2023, pp. 8968-8988. Association for Computational Linguistics, 2023. doi: 10.18653/V1/2023.
ACL-LONG.499. URL https://doi.org/10.18653/v1/2023.acl-long.499.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a unified text-to-text
transformer. CoRR, abs/1910.10683, 2019. URL http://arxiv.org/abs/1910.10683.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang. Squad: 100, 000+ questions for
machine comprehension of text. In Jian Su, Xavier Carreras, and Kevin Duh (eds.), Proceedings of
the 2016 Conference on Empirical Methods in Natural Language Processing, EMNLP 2016, Austin,
Texas, USA, November 1-4, 2016, pp. 2383-2392. The Association for Computational Linguistics,
2016. doi: 10.18653/V1/D16-1264. URL https://doi.org/10.18653/v1/d16-1264.

Pranav Rajpurkar, Robin Jia, and Percy Liang. Know what you don’t know: Unanswerable questions
for squad. In Iryna Gurevych and Yusuke Miyao (eds.), Proceedings of the 56th Annual Meeting
of the Association for Computational Linguistics, ACL 2018, Melbourne, Australia, July 15-20,
2018, Volume 2: Short Papers, pp. 784—789. Association for Computational Linguistics, 2018. doi:
10.18653/V1/P18-2124. URL https://aclanthology.org/P18-2124/.

Jun Rao, Liang Ding, Shuhan Qi, Meng Fang, Yang Liu, Li Shen, and Dacheng Tao. Dynamic
contrastive distillation for image-text retrieval. IEEE Trans. Multim., 25:8383-8395, 2023.

18


https://ceur-ws.org/Vol-1773/CoCoNIPS_2016_paper9.pdf
https://ceur-ws.org/Vol-1773/CoCoNIPS_2016_paper9.pdf
https://doi.org/10.18653/v1/D19-1018
https://doi.org/10.18653/v1/2022.emnlp-main.669
https://doi.org/10.18653/v1/2022.emnlp-main.669
https://doi.org/10.18653/v1/2021.emnlp-main.568
https://openai.com/index/new-embedding-models-and-api-updates/
https://openai.com/index/new-embedding-models-and-api-updates/
https://doi.org/10.18653/v1/2023.acl-long.499
http://arxiv.org/abs/1910.10683
https://doi.org/10.18653/v1/d16-1264
https://aclanthology.org/P18-2124/

Published as a conference paper at ICLR 2026

Jun Rao, Zepeng Lin, Xuebo Liu, Xiaopeng Ke, Lian Lian, Dong Jin, Shengjun Cheng, Jun Yu,
and Min Zhang. Apt: Improving specialist Ilm performance with weakness case acquisition and
iterative preference training, 2025. URL https://arxiv.org/abs/2506.03483.

Chandan K. Reddy, Lluis Marquez, Fran Valero, Nikhil Rao, Hugo Zaragoza, Sambaran Bandyopad-
hyay, Arnab Biswas, Anlu Xing, and Karthik Subbian. Shopping queries dataset: A large-scale
ESCI benchmark for improving product search. CoRR, abs/2206.06588, 2022. doi: 10.48550/
ARXIV.2206.06588. URL https://doi.org/10.48550/arXiv.2206.06588.

Nils Reimers. Reddit (title, body) pairs, 2021. URL https://huggingface.co/datasets/
sentence-transformers/reddit-title-body.

Nils Reimers and Iryna Gurevych. Sentence-bert: Sentence embeddings using siamese bert-networks.
In Kentaro Inui, Jing Jiang, Vincent Ng, and Xiaojun Wan (eds.), Proceedings of the 2019
Conference on Empirical Methods in Natural Language Processing and the 9th International
Joint Conference on Natural Language Processing, EMNLP-IJCNLP 2019, Hong Kong, China,
November 3-7, 2019, pp. 3980-3990. Association for Computational Linguistics, 2019. doi:
10.18653/V1/D19-1410. URL https://doi.org/10.18653/v1/D19-1410.

Elvis Saravia, Hsien-Chi Toby Liu, Yen-Hao Huang, Junlin Wu, and Yi-Shin Chen. CARER:
contextualized affect representations for emotion recognition. In Ellen Riloff, David Chiang,
Julia Hockenmaier, and Jun’ichi Tsujii (eds.), Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, Brussels, Belgium, October 31 - November 4, 2018, pp.
3687-3697. Association for Computational Linguistics, 2018. doi: 10.18653/V1/D18-1404. URL
https://doi.org/10.18653/v1/d18-1404.

Holger Schwenk, Guillaume Wenzek, Sergey Edunov, Edouard Grave, Armand Joulin, and Angela
Fan. Ccmatrix: Mining billions of high-quality parallel sentences on the web. In Chengqing Zong,
Fei Xia, Wenjie Li, and Roberto Navigli (eds.), Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the 11th International Joint Conference on Natural
Language Processing, ACL/IJCNLP 2021, (Volume 1: Long Papers), Virtual Event, August -6,
2021, pp. 6490-6500. Association for Computational Linguistics, 2021. doi: 10.18653/V1/2021.
ACL-LONG.507. URL https://doi.org/10.18653/v1/2021.acl-long.507.

Spurthi Setty, Katherine Jijo, Eden Chung, and Natan Vidra. Improving retrieval for RAG based
question answering models on financial documents. CoRR, abs/2404.07221, 2024. doi: 10.48550/
ARXIV.2404.07221. URL https://doi.org/10.48550/arXiv.2404.07221.

Chih-Chieh Shao, Trois Liu, Yuting Lai, Yiying Tseng, and Sam Tsai. DRCD: a chinese machine
reading comprehension dataset. CoRR, abs/1806.00920, 2018. URL http://arxiv.org/
abs/1806.00920.

Zhihong Shao, Minlie Huang, Jiangtao Wen, Wenfei Xu, and Xiaoyan Zhu. Long and diverse
text generation with planning-based hierarchical variational model. In Kentaro Inui, Jing Jiang,
Vincent Ng, and Xiaojun Wan (eds.), Proceedings of the 2019 Conference on Empirical Methods
in Natural Language Processing and the 9th International Joint Conference on Natural Language
Processing, EMNLP-IJCNLP 2019, Hong Kong, China, November 3-7, 2019, pp. 3255-3266.
Association for Computational Linguistics, 2019. doi: 10.18653/V1/D19-1321. URL https:
//doi.org/10.18653/v1/D19-1321.

Shivalika Singh, Freddie Vargus, Daniel D’souza, Borje Karlsson, Abinaya Mahendiran, Wei-Yin Ko,
Herumb Shandilya, Jay Patel, Deividas Mataciunas, Laura O’Mahony, Mike Zhang, Ramith Het-
tiarachchi, Joseph Wilson, Marina Machado, Luisa Souza Moura, Dominik Krzeminski, Hakimeh
Fadaei, Irem Ergiin, [feoma Okoh, Aisha Alaagib, Oshan Mudannayake, Zaid Alyafeai, Minh Vu
Chien, Sebastian Ruder, Surya Guthikonda, Emad A. Alghamdi, Sebastian Gehrmann, Niklas
Muennighoff, Max Bartolo, Julia Kreutzer, Ahmet Ustiin, Marzieh Fadaee, and Sara Hooker. Aya
dataset: An open-access collection for multilingual instruction tuning. In Lun-Wei Ku, Andre
Martins, and Vivek Srikumar (eds.), Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), ACL 2024, Bangkok, Thailand, August 11-16,
2024, pp. 11521-11567. Association for Computational Linguistics, 2024. doi: 10.18653/V1/2024.
ACL-LONG.620. URL https://doi.org/10.18653/v1/2024.acl-1long.620.

19


https://arxiv.org/abs/2506.03483
https://doi.org/10.48550/arXiv.2206.06588
https://huggingface.co/datasets/sentence-transformers/reddit-title-body
https://huggingface.co/datasets/sentence-transformers/reddit-title-body
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/d18-1404
https://doi.org/10.18653/v1/2021.acl-long.507
https://doi.org/10.48550/arXiv.2404.07221
http://arxiv.org/abs/1806.00920
http://arxiv.org/abs/1806.00920
https://doi.org/10.18653/v1/D19-1321
https://doi.org/10.18653/v1/D19-1321
https://doi.org/10.18653/v1/2024.acl-long.620

Published as a conference paper at ICLR 2026

Inc. Stack Exchange. Stackexchange (title, body) pairs, 2021. URL https://huggingface.
co/datasets/flax—-sentence-embeddings/stackexchange_title_body_
Jsonl.

Saba Sturua, Isabelle Mohr, Mohammad Kalim Akram, Michael Giinther, Bo Wang, Markus Krimmel,
Feng Wang, Georgios Mastrapas, Andreas Koukounas, Nan Wang, and Han Xiao. jina-embeddings-
v3: Multilingual embeddings with task lora. CoRR, abs/2409.10173, 2024. doi: 10.48550/ARXIV.
2409.10173. URL https://doi.org/10.48550/arXiv.2409.10173.

Hongjin Su, Weijia Shi, Jungo Kasai, Yizhong Wang, Yushi Hu, Mari Ostendorf, Wen-tau Yih,
Noah A. Smith, Luke Zettlemoyer, and Tao Yu. One embedder, any task: Instruction-finetuned text
embeddings. In Anna Rogers, Jordan L. Boyd-Graber, and Naoaki Okazaki (eds.), Findings of the
Association for Computational Linguistics: ACL 2023, Toronto, Canada, July 9-14, 2023, pp. 1102—
1121. Association for Computational Linguistics, 2023. doi: 10.18653/V1/2023. FINDINGS-ACL.
71. URL https://doi.org/10.18653/v1/2023.findings—acl.71.

Maosong Sun, Jingyang Li, Zhipeng Guo, Yu Zhao, Yabin Zheng, Xiance Si, and Zhiyuan Liu.
Thuctc: An efficient chinese text classifier, 2016. URL http://thuctc.thunlp.org/.
Accessed: 2024-05-01.

Zhen Tan, Dawei Li, Song Wang, Alimohammad Beigi, Bohan Jiang, Amrita Bhattacharjee, Man-
sooreh Karami, Jundong Li, Lu Cheng, and Huan Liu. Large language models for data annotation
and synthesis: A survey. In Yaser Al-Onaizan, Mohit Bansal, and Yun-Nung Chen (eds.), Proceed-
ings of the 2024 Conference on Empirical Methods in Natural Language Processing, EMNLP 2024,
Miami, FL, USA, November 12-16, 2024, pp. 930-957. Association for Computational Linguistics,
2024. URL https://aclanthology.org/2024.emnlp-main.54.

Hongxuan Tang, Hongyu Li, Jing Liu, Yu Hong, Hua Wu, and Haifeng Wang. Dureader_robust:
A chinese dataset towards evaluating robustness and generalization of machine reading compre-
hension in real-world applications. In Chengqing Zong, Fei Xia, Wenjie Li, and Roberto Navigli
(eds.), Proceedings of the 59th Annual Meeting of the Association for Computational Linguistics
and the 11th International Joint Conference on Natural Language Processing, ACL/IJCNLP
2021, (Volume 2: Short Papers), Virtual Event, August 1-6, 2021, pp. 955-963. Associa-
tion for Computational Linguistics, 2021. doi: 10.18653/V1/2021.ACL-SHORT.120. URL
https://doi.org/10.18653/v1/2021.acl-short.120.

Shancheng Tang, Yunyue Bai, and Fuyu Ma. Chinese semantic text similarity trainning dataset, 2016.
URL https://github.com/IAdmireu/ChineseSTS. Accessed: 2024-05-01.

Nandan Thakur, Nils Reimers, Andreas Riicklé, Abhishek Srivastava, and Iryna
Gurevych. BEIR: A heterogeneous benchmark for zero-shot evaluation of informa-
tion retrieval models. In Joaquin Vanschoren and Sai-Kit Yeung (eds.), Proceedings
of the Neural Information Processing Systems Track on Datasets and Benchmarks
1, NeurlPS Datasets and Benchmarks 2021, December 2021, virtual, 2021. URL
https://datasets-benchmarks—-proceedings.neurips.cc/paper/2021/
hash/65b9%eeabelccobb9f0cd2a47751al86f-Abstract-round2.html.

Nandan Thakur, Jianmo Ni, Gustavo Hernandez Abrego, John Wieting, Jimmy Lin, and Daniel
Cer. Leveraging llms for synthesizing training data across many languages in multilingual dense
retrieval. In Kevin Duh, Helena Gémez-Adorno, and Steven Bethard (eds.), Proceedings of
the 2024 Conference of the North American Chapter of the Association for Computational Lin-
guistics: Human Language Technologies (Volume 1: Long Papers), NAACL 2024, Mexico City,
Mexico, June 16-21, 2024, pp. 7699-7724. Association for Computational Linguistics, 2024. doi:
10.18653/V1/2024 NAACL-LONG.426. URL https://doi.org/10.18653/v1/2024.
naacl-long.426.

James Thorne, Andreas Vlachos, Christos Christodoulopoulos, and Arpit Mittal. FEVER: a
large-scale dataset for fact extraction and verification. In Marilyn A. Walker, Heng Ji, and
Amanda Stent (eds.), Proceedings of the 2018 Conference of the North American Chapter
of the Association for Computational Linguistics: Human Language Technologies, NAACL-
HLT 2018, New Orleans, Louisiana, USA, June 1-6, 2018, Volume 1 (Long Papers), pp. 809—
819. Association for Computational Linguistics, 2018. doi: 10.18653/V1/N18-1074. URL
https://doi.org/10.18653/v1/n18-1074.

20


https://huggingface.co/datasets/flax-sentence-embeddings/stackexchange_title_body_jsonl
https://huggingface.co/datasets/flax-sentence-embeddings/stackexchange_title_body_jsonl
https://huggingface.co/datasets/flax-sentence-embeddings/stackexchange_title_body_jsonl
https://doi.org/10.48550/arXiv.2409.10173
https://doi.org/10.18653/v1/2023.findings-acl.71
http://thuctc.thunlp.org/
https://aclanthology.org/2024.emnlp-main.54
https://doi.org/10.18653/v1/2021.acl-short.120
https://github.com/IAdmireu/ChineseSTS
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/65b9eea6e1cc6bb9f0cd2a47751a186f-Abstract-round2.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/65b9eea6e1cc6bb9f0cd2a47751a186f-Abstract-round2.html
https://doi.org/10.18653/v1/2024.naacl-long.426
https://doi.org/10.18653/v1/2024.naacl-long.426
https://doi.org/10.18653/v1/n18-1074

Published as a conference paper at ICLR 2026

Ustinian. Law question-answering dataset, 2020. URL https://www.heywhale.com/mw/
dataset/5e953ca8e7ec38002d02fca’.

Henrique Schechter Vera, Sahil Dua, Biao Zhang, Daniel Salz, Ryan Mullins, Sindhu Raghuram
Panyam, Sara Smoot, Iftekhar Naim, Joe Zou, Feiyang Chen, Daniel Cer, Alice Lisak, Min
Choi, Lucas Gonzalez, Omar Sanseviero, Glenn Cameron, Ian Ballantyne, Kat Black, Kaifeng
Chen, Weiyi Wang, Zhe Li, Gus Martins, Jinhyuk Lee, Mark Sherwood, Ju-yeong Ji, Renjie
Wau, Jingxiao Zheng, Jyotinder Singh, Abheesht Sharma, Divyashree Sreepathihalli, Aashi Jain,
Adham Elarabawy, AJ Co, Andreas Doumanoglou, Babak Samari, Ben Hora, Brian Potetz, Dahun
Kim, Enrique Alfonseca, Fedor Moiseev, Feng Han, Frank Palma Gomez, Gustavo Hernandez
Abrego, Hesen Zhang, Hui Hui, Jay Han, Karan Gill, Ke Chen, Koert Chen, Madhuri Shanbhogue,
Michael Boratko, Paul Suganthan, Sai Meher Karthik Duddu, Sandeep Mariserla, Setareh Ariafar,
Shanfeng Zhang, Shijie Zhang, Simon Baumgartner, Sonam Goenka, Steve Qiu, Tanmaya Dabral,
Trevor Walker, Vikram Rao, Waleed Khawaja, Wenlei Zhou, Xiaoqi Ren, Ye Xia, Yichang Chen,
Yi-Ting Chen, Zhe Dong, Zhongli Ding, Francesco Visin, Gaél Liu, Jiageng Zhang, Kathleen
Kenealy, Michelle Casbon, Ravin Kumar, Thomas Mesnard, Zach Gleicher, Cormac Brick, Olivier
Lacombe, Adam Roberts, Qin Yin, Yun-Hsuan Sung, Raphael Hoffmann, Tris Warkentin, Armand
Joulin, Tom Duerig, and Mojtaba Seyedhosseini. Embeddinggemma: Powerful and lightweight
text representations. CoRR, abs/2509.20354, 2025.

Ellen M. Voorhees, Tasmeer Alam, Steven Bedrick, Dina Demner-Fushman, William R. Hersh, Kyle
Lo, Kirk Roberts, Ian Soboroff, and Lucy Lu Wang. TREC-COVID: constructing a pandemic
information retrieval test collection. SIGIR Forum, 54(1):1:1-1:12, 2020. doi: 10.1145/3451964.
3451965. URL https://doi.org/10.1145/3451964.3451965.

David Wadden, Shanchuan Lin, Kyle Lo, Lucy Lu Wang, Madeleine van Zuylen, Arman Cohan,
and Hannaneh Hajishirzi. Fact or fiction: Verifying scientific claims. In Bonnie Webber, Trevor
Cohn, Yulan He, and Yang Liu (eds.), Proceedings of the 2020 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2020, Online, November 16-20, 2020, pp. 7534-7550.
Association for Computational Linguistics, 2020. doi: 10.18653/V1/2020.EMNLP-MAIN.609.
URL https://doi.org/10.18653/v1/2020.emnlp-main.609.

Liang Wang, Nan Yang, Xiaolong Huang, Binxing Jiao, Linjun Yang, Daxin Jiang, Rangan Ma-
jumder, and Furu Wei. Text embeddings by weakly-supervised contrastive pre-training. CoRR,
abs/2212.03533, 2022. doi: 10.48550/ARXIV.2212.03533. URL https://doi.org/10.
48550/arXiv.2212.03533.

Liang Wang, Nan Yang, Xiaolong Huang, Linjun Yang, Rangan Majumder, and Furu Wei. Improving
text embeddings with large language models. In Lun-Wei Ku, Andre Martins, and Vivek Srikumar
(eds.), Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers), ACL 2024, Bangkok, Thailand, August 11-16, 2024, pp. 11897-11916.
Association for Computational Linguistics, 2024a. doi: 10.18653/V1/2024.ACL-LONG.642. URL
https://doi.org/10.18653/v1/2024.acl-long.642.

Liang Wang, Nan Yang, Xiaolong Huang, Linjun Yang, Rangan Majumder, and Furu Wei. Multi-
lingual ES text embeddings: A technical report. CoRR, abs/2402.05672, 2024b. doi: 10.48550/
ARXIV.2402.05672. URL https://doi.org/10.48550/arXiv.2402.05672.

Lucy Lu Wang, Kyle Lo, Yoganand Chandrasekhar, Russell Reas, Jiangjiang Yang, Darrin Eide,
Kathryn Funk, Rodney Kinney, Ziyang Liu, William Merrill, Paul Mooney, Dewey A. Murdick,
Devvret Rishi, Jerry Sheehan, Zhihong Shen, Brandon Stilson, Alex D. Wade, Kuansan Wang,
Chris Wilhelm, Boya Xie, Douglas Raymond, Daniel S. Weld, Oren Etzioni, and Sebastian
Kohlmeier. CORD-19: the covid-19 open research dataset. CoRR, abs/2004.10706, 2020. URL
https://arxiv.org/abs/2004.10706.

Adina Williams, Nikita Nangia, and Samuel R. Bowman. A broad-coverage challenge corpus
for sentence understanding through inference. In Marilyn A. Walker, Heng Ji, and Amanda
Stent (eds.), Proceedings of the 2018 Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Language Technologies, NAACL-HLT 2018,
New Orleans, Louisiana, USA, June 1-6, 2018, Volume 1 (Long Papers), pp. 1112-1122. As-
sociation for Computational Linguistics, 2018. doi: 10.18653/V1/N18-1101. URL https:
//doi.org/10.18653/v1/n18-1101.

21


https://www.heywhale.com/mw/dataset/5e953ca8e7ec38002d02fca7
https://www.heywhale.com/mw/dataset/5e953ca8e7ec38002d02fca7
https://doi.org/10.1145/3451964.3451965
https://doi.org/10.18653/v1/2020.emnlp-main.609
https://doi.org/10.48550/arXiv.2212.03533
https://doi.org/10.48550/arXiv.2212.03533
https://doi.org/10.18653/v1/2024.acl-long.642
https://doi.org/10.48550/arXiv.2402.05672
https://arxiv.org/abs/2004.10706
https://doi.org/10.18653/v1/n18-1101
https://doi.org/10.18653/v1/n18-1101

Published as a conference paper at ICLR 2026

Yuxiang Wu, Yu Zhao, Baotian Hu, Pasquale Minervini, Pontus Stenetorp, and Sebastian Riedel.
An efficient memory-augmented transformer for knowledge-intensive NLP tasks. In EMNLP, pp.
5184-5196. Association for Computational Linguistics, 2022.

Chaojun Xiao, Haoxi Zhong, Zhipeng Guo, Cunchao Tu, Zhiyuan Liu, Maosong Sun, Tianyang
Zhang, Xianpei Han, Zhen Hu, Heng Wang, and Jianfeng Xu. CAIL2019-SCM: A dataset of
similar case matching in legal domain. CoRR, abs/1911.08962, 2019. URL http://arxiv.
org/abs/1911.08962.

Shitao Xiao, Zheng Liu, Peitian Zhang, Niklas Muennighoff, Defu Lian, and Jian-Yun Nie. C-pack:
Packed resources for general chinese embeddings. In Grace Hui Yang, Hongning Wang, Sam
Han, Claudia Hauff, Guido Zuccon, and Yi Zhang (eds.), Proceedings of the 47th International
ACM SIGIR Conference on Research and Development in Information Retrieval, SIGIR 2024,
Washington DC, USA, July 14-18, 2024, pp. 641-649. ACM, 2024. doi: 10.1145/3626772.3657878.
URL https://doi.org/10.1145/3626772.3657878.

Xiaohui Xie, Qian Dong, Bingning Wang, Feiyang Lv, Ting Yao, Weinan Gan, Zhijing Wu, Xi-
angsheng Li, Haitao Li, Yiqun Liu, and Jin Ma. T2ranking: A large-scale chinese benchmark
for passage ranking. In Hsin-Hsi Chen, Wei-Jou (Edward) Duh, Hen-Hsen Huang, Makoto P.
Kato, Josiane Mothe, and Barbara Poblete (eds.), Proceedings of the 46th International ACM
SIGIR Conference on Research and Development in Information Retrieval, SIGIR 2023, Taipei,
Taiwan, July 23-27, 2023, pp. 2681-2690. ACM, 2023. doi: 10.1145/3539618.3591874. URL
https://doi.org/10.1145/3539618.3591874.

Liang Xu, Hai Hu, Xuanwei Zhang, Lu Li, Chenjie Cao, Yudong Li, Yechen Xu, Kai Sun, Dian
Yu, Cong Yu, Yin Tian, Qiangian Dong, Weitang Liu, Bo Shi, Yiming Cui, Junyi Li, Jun Zeng,
Rongzhao Wang, Weijian Xie, Yanting Li, Yina Patterson, Zuoyu Tian, Yiwen Zhang, He Zhou,
Shaoweihua Liu, Zhe Zhao, Qipeng Zhao, Cong Yue, Xinrui Zhang, Zhengliang Yang, Kyle
Richardson, and Zhenzhong Lan. CLUE: A chinese language understanding evaluation benchmark.
In Donia Scott, Nuria Bel, and Chengqing Zong (eds.), Proceedings of the 28th International
Conference on Computational Linguistics, COLING 2020, Barcelona, Spain (Online), December
8-13, 2020, pp. 4762-4772. International Committee on Computational Linguistics, 2020. doi:
10.18653/V1/2020.COLING-MAIN.419. URL https://doi.org/10.18653/v1/2020.
coling-main.419.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Zhou, Chengpeng Li,
Chengyuan Li, Dayiheng Liu, Fei Huang, Guanting Dong, Haoran Wei, Huan Lin, Jialong
Tang, Jialin Wang, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin Ma, Jianxin Yang, Jin
Xu, Jingren Zhou, Jinze Bai, Jinzheng He, Junyang Lin, Kai Dang, Keming Lu, Keqin Chen,
Kexin Yang, Mei Li, Mingfeng Xue, Na Ni, Pei Zhang, Peng Wang, Ru Peng, Rui Men,
Ruize Gao, Runji Lin, Shijie Wang, Shuai Bai, Sinan Tan, Tianhang Zhu, Tianhao Li, Tianyu
Liu, Wenbin Ge, Xiaodong Deng, Xiaohuan Zhou, Xingzhang Ren, Xinyu Zhang, Xipin
Wei, Xuancheng Ren, Xuejing Liu, Yang Fan, Yang Yao, Yichang Zhang, Yu Wan, Yun-
fei Chu, Yuqiong Liu, Zeyu Cui, Zhenru Zhang, Zhifang Guo, and Zhihao Fan. Qwen2
technical report. CoRR, abs/2407.10671, 2024. doi: 10.48550/ARXIV.2407.10671. URL
https://doi.org/10.48550/arXiv.2407.10671.

Dongjie Yang, Ruifeng Yuan, Yuantao Fan, Yifei Yang, Zili Wang, Shusen Wang, and Hai Zhao.
Refgpt: Dialogue generation of gpt, by gpt, and for GPT. In Houda Bouamor, Juan Pino, and
Kalika Bali (eds.), Findings of the Association for Computational Linguistics: EMNLP 2023,
Singapore, December 6-10, 2023, pp. 2511-2535. Association for Computational Linguistics, 2023.
doi: 10.18653/V1/2023.FINDINGS-EMNLP.165. URL https://doi.org/10.18653/v1/
2023.findings—-emnlp.165.

Yinfei Yang, Yuan Zhang, Chris Tar, and Jason Baldridge. PAWS-X: A cross-lingual adversarial
dataset for paraphrase identification. In Kentaro Inui, Jing Jiang, Vincent Ng, and Xiaojun Wan
(eds.), Proceedings of the 2019 Conference on Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natural Language Processing, EMNLP-1IJCNLP
2019, Hong Kong, China, November 3-7, 2019, pp. 3685-3690. Association for Computational
Linguistics, 2019. doi: 10.18653/V1/D19-1382. URL https://doi.org/10.18653/v1/
D19-1382.

22


http://arxiv.org/abs/1911.08962
http://arxiv.org/abs/1911.08962
https://doi.org/10.1145/3626772.3657878
https://doi.org/10.1145/3539618.3591874
https://doi.org/10.18653/v1/2020.coling-main.419
https://doi.org/10.18653/v1/2020.coling-main.419
https://doi.org/10.48550/arXiv.2407.10671
https://doi.org/10.18653/v1/2023.findings-emnlp.165
https://doi.org/10.18653/v1/2023.findings-emnlp.165
https://doi.org/10.18653/v1/D19-1382
https://doi.org/10.18653/v1/D19-1382

Published as a conference paper at ICLR 2026

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio, William W. Cohen, Ruslan Salakhutdinov,
and Christopher D. Manning. Hotpotqa: A dataset for diverse, explainable multi-hop question an-
swering. In Ellen Riloff, David Chiang, Julia Hockenmaier, and Jun’ichi Tsujii (eds.), Proceedings
of the 2018 Conference on Empirical Methods in Natural Language Processing, Brussels, Belgium,
October 31 - November 4, 2018, pp. 2369-2380. Association for Computational Linguistics, 2018.
doi: 10.18653/V1/D18-1259. URL https://doi.org/10.18653/v1/d18-1259.

Sha Yuan, Hanyu Zhao, Zhengxiao Du, Ming Ding, Xiao Liu, Yukuo Cen, Xu Zou, Zhilin Yang, and
Jie Tang. Wudaocorpora: A super large-scale chinese corpora for pre-training language models.
Al Open, 2:65-68, 2021. doi: 10.1016/J.AIOPEN.2021.06.001. URL https://doi.org/10.
1016/j.aiopen.2021.06.001.

Dun Zhang, Jiacheng Li, Ziyang Zeng, and Fulong Wang. Jasper and stella: distillation of sota
embedding models, 2025a. URL https://arxiv.org/abs/2412.19048.

Meishan Zhang, Xin Zhang, Xinping Zhao, Shouzheng Huang, Baotian Hu, and Min Zhang. On
the role of pretrained language models in general-purpose text embeddings: A survey. CoRR,
abs/2507.20783, 2025b. URL https://doi.org/10.48550/arXiv.2507.20783.

Sheng Zhang, Xin Zhang, Hui Wang, Lixiang Guo, and Shanshan Liu. Multi-scale attentive interaction
networks for chinese medical question answer selection. IEEE Access, 6:74061-74071, 2018.
doi: 10.1109/ACCESS.2018.2883637. URL https://doi.org/10.1109/ACCESS.2018.
2883637.

Xin Zhang, Yanzhao Zhang, Dingkun Long, Wen Xie, Ziqi Dai, Jialong Tang, Huan Lin, Baosong
Yang, Pengjun Xie, Fei Huang, et al. mgte: Generalized long-context text representation and
reranking models for multilingual text retrieval. In Proceedings of the 2024 Conference on
Empirical Methods in Natural Language Processing: Industry Track, pp. 1393-1412, 2024. URL
https://doi.org/10.18653/v1/2024.emnlp-industry.103.

Xinyu Zhang, Xueguang Ma, Peng Shi, and Jimmy Lin. Mr. tydi: A multi-lingual benchmark for dense
retrieval. CoRR, abs/2108.08787, 2021. URL https://arxiv.org/abs/2108.08787.

Xinyu Zhang, Nandan Thakur, Odunayo Ogundepo, Ehsan Kamalloo, David Alfonso-Hermelo,
Xiaoguang Li, Qun Liu, Mehdi Rezagholizadeh, and Jimmy Lin. MIRACL: A multilingual retrieval
dataset covering 18 diverse languages. Trans. Assoc. Comput. Linguistics, 11:1114-1131, 2023.
doi: 10.1162/TACL\_A\_00595. URL https://doi.org/10.1162/tacl_a_00595.

Yanzhao Zhang, Mingxin Li, Dingkun Long, Xin Zhang, Huan Lin, Baosong Yang, Pengjun Xie,
An Yang, Dayiheng Liu, Junyang Lin, Fei Huang, and Jingren Zhou. Qwen3 embedding: Advanc-
ing text embedding and reranking through foundation models. arXiv preprint arXiv:2506.05176,
2025c. URL https://doi.org/10.48550/arXiv.2506.05176.

Xinping Zhao, Dongfang Li, Yan Zhong, Boren Hu, Yibin Chen, Baotian Hu, and Min Zhang. SEER:
self-aligned evidence extraction for retrieval-augmented generation. In EMNLP, pp. 3027-3041.
Association for Computational Linguistics, 2024. URL https://doi.org/10.18653/v1/
2024 .emnlp-main.178.

Xinping Zhao, Yan Zhong, Zetian Sun, Xinshuo Hu, Zhenyu Liu, Dongfang Li, Baotian Hu, and
Min Zhang. Funnelrag: A coarse-to-fine progressive retrieval paradigm for RAG. In NAACL
(Findings), pp. 3029-3046. Association for Computational Linguistics, 2025. URL https:
//doi.org/10.18653/v1/2025.findings—naacl.165.

Zhen Zhao, Yuqiu Liu, Gang Zhang, Liang Tang, and Xiaolin Hu. The winning solution to the iflytek
challenge 2021 cultivated land extraction from high-resolution remote sensing image. CoRR,
abs/2202.10974, 2022. URL https://arxiv.org/abs/2202.10974.

Tianyu Zheng, Ge Zhang, Tianhao Shen, Xueling Liu, Bill Yuchen Lin, Jie Fu, Wenhu Chen, and

Xiang Yue. Opencodeinterpreter: Integrating code generation with execution and refinement. In
ACL (Findings), pp. 12834-12859. Association for Computational Linguistics, 2024.

23


https://doi.org/10.18653/v1/d18-1259
https://doi.org/10.1016/j.aiopen.2021.06.001
https://doi.org/10.1016/j.aiopen.2021.06.001
https://arxiv.org/abs/2412.19048
https://doi.org/10.48550/arXiv.2507.20783
https://doi.org/10.1109/ACCESS.2018.2883637
https://doi.org/10.1109/ACCESS.2018.2883637
https://doi.org/10.18653/v1/2024.emnlp-industry.103
https://arxiv.org/abs/2108.08787
https://doi.org/10.1162/tacl_a_00595
https://doi.org/10.48550/arXiv.2506.05176
https://doi.org/10.18653/v1/2024.emnlp-main.178
https://doi.org/10.18653/v1/2024.emnlp-main.178
https://doi.org/10.18653/v1/2025.findings-naacl.165
https://doi.org/10.18653/v1/2025.findings-naacl.165
https://arxiv.org/abs/2202.10974

Published as a conference paper at ICLR 2026

Chunting Zhou, Pengfei Liu, Puxin Xu, Srinivasan Iyer, Jiao Sun, Yuning Mao, Xuezhe
Ma, Avia Efrat, Ping Yu, Lili Yu, Susan Zhang, Gargi Ghosh, Mike Lewis, Luke Zettle-
moyer, and Omer Levy. LIMA: less is more for alignment. In Alice Oh, Tristan Nau-
mann, Amir Globerson, Kate Saenko, Moritz Hardt, and Sergey Levine (eds.), Advances
in Neural Information Processing Systems 36: Annual Conference on Neural Informa-
tion Processing Systems 2023, NeurIPS 2023, New Orleans, LA, USA, December 10 - 16,
2023, 2023. URL http://papers.nips.cc/paper_files/paper/2023/hash/
ac662d74829e4407celdl26477f4a03a-Abstract-Conference.html.

Wei Zhu. Chatmed-dataset: An gpt generated medical query-response datasets for medcial large
language models, 2023. URL https://github.com/michael-wzhu/ChatMed.

24


http://papers.nips.cc/paper_files/paper/2023/hash/ac662d74829e4407ce1d126477f4a03a-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/ac662d74829e4407ce1d126477f4a03a-Abstract-Conference.html
https://github.com/michael-wzhu/ChatMed

Published as a conference paper at ICLR 2026

A THE USE OF LARGE LANGUAGE MODELS

In this work, we utilized LLMs solely for the purpose of polishing writing. The LLMs were not used
for content generation, and all research, analysis, and conclusions presented are the result of our own
work and independent thought.

B EXPERIMENTAL DETAILS

Implementation Details. We adopt InfoNCE loss (Gutmann & Hyvirinen, 2010) and KL-divergence
loss (Hinton et al., 2015) as training objectives, with temperature coefficients 7 set to 0.01 and
0.05, respectively. Qwen2-0.5 (Yang et al., 2024) serves as the base decoder-only LLM backbone,
combined with a simple yet effective mean pooling. To enable fully bidirectional modeling, we
remove the causal attention mask from the decoder-only LLM. The embedding dimension is 8§96, with
a maximum input length of 512 tokens. The model is fully fine-tuned with all parameters updated,
using mixed precision with Bfloat16. Matryoshka Representation Learning (MRL) (Kusupati et al.,
2022) is applied to both InfoNCE and KL-divergence losses with embedding dimensions of 896, 512,
256, 128, and 64, weighted by 1.0, 0.3, 0.2, 0.1, and 0.1, respectively. The model is optimized by the
Adam optimizer (Kingma & Ba, 2015).

Based on the above common configurations, we detail the settings for each training stage. (1) Pre-
training: We exclusively use in-batch negatives for training efficiency. Pre-training is conducted on
6 nodes (8 GPUs each) for 1 epoch, corresponding to approximately 19k steps, with a per-GPU batch
size of 512 and a learning rate of 1e-4. (2) Fine-tuning: We incorporate hard negatives by sampling
M = T examples from ranks 50 to 100 within the candidate pool. Training is conducted for 1 epoch,
approximately 12k steps, with a per-GPU batch size of 120 and a learning rate of 2e-5. The focusing
parameter v in Equation 4 is set to 0.5. For each sample, a pair-wise and a list-wise hard negative is
mined. Fine-tuning is performed on 4 GPUs, requiring approximately 220 GPU hours for 1 epoch.
(3) Contrastive distillation: The model is jointly optimized with contrastive and KL-divergence
losses, weighted at 0.3 and 0.7, respectively. Qwen3-Embedding-8B (Zhang et al., 2025c¢) is used as
the teacher model, where teacher embeddings for all training samples are pre-computed and cached
to accelerate training. Training is run for 1 epoch, approximately 24k steps, with a per-GPU batch
size of 120 and a learning rate of le-5. Distillation is performed on just 2 GPUs, requiring about
280 GPU hours for 1 epoch. The detailed hyperparameter settings adopted in the experiments are
presented in Table 9.

Table 9: Hyperparameters used in the experiments. For batch size, training steps, learning rate, and so
on, the three values correspond to pre-training, fine-tuning, and contrastive distillation, respectively.

Parameter Value
Batch size (per GPU) 512/120/120
GPU used 48/4/2
Training Steps 19k/12k/24k
Training Data Size 470M/6M/6M
Warm-up steps 10% /200 / 200

Learning Rate
Epochs
Base model
Pooling strategy
Embedding dimension
Maximum Input Length
MRL Dimensions
MRL Weights
Focusing Parameter
Hard negatives
Optimizer
Precision

Temperature Coefficients

Teacher model

le-4/2e-5/1e-5
1 (all stages)
Qwen2-0.5 (bidirectional)
Mean pooling
896
512
896, 512, 256, 128, 64
1.0,0.3,0.2,0.1, 0.1
0.5
M = 7, ranks 50-100
Adam
Bfloat16
Contrastive Learning - 0.01
Contrastive Distillation - 0.05
Qwen3-Embedding-8B
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Baselines. @~ We compare the KalM-Embedding-V2 series with the following compet-
itive general-purpose and multilingual open-source text embedding models and commer-
cial embedding API services. The open-source models include: paraphrase-multilingual
(ML)-mpnet-base-v2 (Reimers & Gurevych, 2019), jina-embeddings-v3 (Sturua et al.,
2024), Qwen3-Embedding-8B/Qwen3-Embedding-4B/Qwen3-Embedding-0.6B/gte-multilingual-
base/gte-Qwen2-7B-instruct/gte-Qwen2-1.5B-instruct (Zhang et al., 2025c; Li et al., 2023; Zhang
et al., 2024), bge-m3/bge-multilingual-gemma?2/bge-large-en-v1.5 (Chen et al., 2024; Xiao et al.,
2024), EmbeddingGemma-300M (Vera et al., 2025), multilingual-e5-large(-instruct)/e5-mistral-7b-
instruct (Wang et al., 2024b; 2022), GRITLM 8x7B (Muennighoff et al., 2024) (a sparse mixture-of-
experts embedding model with 13B active parameters during inference), NV-Embed-v2 (Lee et al.,
2025a), and KaLM-Embedding-V1 (Hu et al., 2025). The commercial embedding services include
text-embedding-3-large (OpenAl, 2024) from OpenAl and Cohere-embed-multilingual-v3.0 (Cohere,
2023).

Evaluation. We evaluate the KaLM-Embedding-V2 series and the competitive baseline embedding
models on MTEB (Muennighoff et al., 2023a; Xiao et al., 2024) for both Chinese (cmn) and English
(eng). For Chinese, we use MTEB (cmn v1), derived from C-MTEB (Xiao et al., 2024), which
comprises 35 tasks across 6 task types. For English, we adopt MTEB (eng v1) (Muennighoff
et al., 2023a), covering 56 tasks across 7 task types, providing a broader evaluation scope than
v2, which contains only 41 tasks across the same number of task types. Following the MTEB
(cmn, v1) leaderboard, we exclude AmazonReviewsClassification, MassivelntentClassification, and
MassiveScenarioClassification from the classification task, as well as STS22 from the STS task,
resulting in 31 tasks. This setup slightly differs from the original C-MTEB (Xiao et al., 2024). For
evaluation, we evaluate our KaLM-Embedding-V2 series using a maximum length of 512 tokens
to ensure fair comparison with previous works. For models without officially reported results on the
MTEB leaderboards, we evaluate them using the task instructions summarized in Table 18 to ensure
fair comparison. We also provide results on MTEB (eng, v2) (Enevoldsen et al., 2025) in Table 12.

Table 10: OOD Evaluation on real-world industrial scenarios. Recall@K measures whether the
positive item appears in the top-K retrieved items. MRR @K denotes mean reciprocal rank and further
measures the ranking quality. It reciprocally discounts the position.

Customer Service FAQ Retrieval

Model Size |MRR@1 MRR@5 MRR@10 | Recall@1 Recall@5 Recall@10
Qwen3-Embedding-8B 7.57B| 44.49 57.79 58.91 44.49 78.44 86.69
Qwen3-Embedding-0.6B 596M | 40.36 53.60 54.61 40.36 75.22 82.56
bge-m3 (Dense) 560M | 34.40 46.68 48.19 34.40 68.80 79.81

gte-multilingual-base (Dense) 305M | 39.90 50.44 51.47 39.90 67.43 75.68
KalLM-Embedding-V2.5 494M | 45.87 56.96 58.05 45.87 77.06 85.32
Game Documentation Search

Qwen3-Embedding-8B 7.57B| 23.61 35.64 37.52 23.61 56.55 70.45
Qwen3-Embedding-0.6B 596M | 20.70 31.40 33.14 20.70 50.23 63.28
bge-m3 (Dense) 560M | 20.02 30.62 32.47 20.02 49.04 62.70

gte-multilingual-base (Dense) 305M | 18.10 27.50 29.02 18.10 43.86 55.14
KaLM-Embedding-V2.5 494M | 23.82 36.36 38.24 23.82 58.23 72.22

C OUT-OF-DOMAIN GENERATION

To comprehensively assess robustness and generalization in real-world industrial applications, we
conducted out-of-domain (OOD) evaluations in two Chinese retrieval scenarios, with sizes ranging
from thousands to tens of thousands. The first involves customer service FAQ retrieval, where all
queries originate from real user interactions, with relevance labels manually annotated by human
experts. The second targets game documentation search in a vertical domain, utilizing real user-
generated queries; relevant documents were filtered and selected based on user click-through data.
None of the models has been trained on these datasets, ensuring genuine OOD evaluation. We
choose embedding models widely used in industries from GTE and BGE as baselines. From the
results shown in Table 10, KaLM-Embedding-V2.5 achieves SOTA performance compared to models
of comparable size. Furthermore, despite being 15 times smaller in size than Qwen3-Embedding-
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Table 11: Matryoshka embedding performance, where ‘Full’ denotes the maximum dimension,
specifically 896 for the KaLM-Embedding series.

MTEB (eng, v1)
Model Dim MTK MTY |Class. Clust. PairCl. Reran. Retri. STS Summ.
Full {69.33 65.83|88.34 56.59 86.60 57.84 55.00 85.27 31.18
512 169.13 (-0.288%) 65.65|88.35 56.52 86.53 57.76 54.44 85.32 30.65
KaLLM-Embedding-V2.5 256 |68.80 (-0.764%) 65.43|88.29 56.37 86.35 57.45 53.47 85.12 30.95
128 |68.05 (-1.846%) 64.95|88.14 56.29 85.83 56.64 51.25 84.95 31.57
64 |66.44 (-4.168%) 63.63|87.87 56.06 84.96 56.04 46.63 84.13 29.71
Full |69.36 65.86| 88.55 56.18 86.86 57.86 55.14 85.36 31.07
512 169.02 (-0.490%) 65.71|88.71 56.66 86.92 58.13 53.67 84.77 31.11
256 [68.40 (-1.384%) 65.34|88.69 56.63 86.58 57.64 52.10 83.93 31.80
128 |67.36 (-2.884%) 64.40| 88.61 56.45 85.59 56.61 49.40 83.29 30.84
64 165.36 (-5.767%) 63.01|88.36 56.00 84.39 55.84 43.76 82.05 30.68
Full |67.47 64.14| 87.19 56.05 86.18 56.74 51.67 82.61 28.51
512 167.23 (-0.356%) 63.98|87.14 56.04 86.11 56.49 50.90 82.62 28.57
KalLM-Embedding-V2 256 |66.76 (-1.052%) 63.76| 87.18 56.03 85.83 56.09 49.55 82.19 29.43
128 |65.65 (-2.697%) 62.83|86.98 55.80 84.94 55.09 46.39 81.92 28.67
64 |63.73 (-5.543%) 61.56|86.72 55.53 83.63 54.21 40.83 80.79 29.19
Full |64.94 61.49|84.74 47.82 83.26 5541 51.65 82.24 25.23
512 [64.48 (-0.708%) 61.14|84.60 47.49 8292 5472 50.74 8190 25.61
KalLM-Embedding-V1 256 |63.85 (-1.678%) 60.85|84.29 47.21 82.74 53.94 49.01 81.90 26.89
128 |62.13 (-4.327%) 59.35|83.71 46.44 81.09 52.05 44.83 81.40 25.96
64 159.69 (-8.084%) 57.71|82.68 4549 78.54 50.41 38.61 80.60 27.64
MTEB (cmn, v1)
Full {70.93 7246|7748 73.09 84.09 6690 73.42 59.80 -
512 70.80 (-0.183%) 72.36|77.48 73.07 84.05 66.83 72.96 59.79 -
KalLM-Embedding-V2.5 256 |70.43 (-0.705%) 72.09|77.38 73.06 84.21 66.20 71.94 59.73 -
128 {69.76 (-1.650%) 71.62|77.38 73.37 84.05 65.68 69.60 59.61 -
64 [68.10 (-3.990%) 70.32|76.98 73.17 83.95 63.60 65.06 59.13 -
Full {7091 7246|7744 7280 84.53 66.74 73.45 59.79 -
512 |70.45 (-0.649%) 71.84|77.73 7226 8238 66.59 72.96 59.12 -
256 169.89 (-1.438%) 71.38|77.67 72.25 8221 65.80 71.65 58.67 -
128 [68.75 (-3.046%) 70.36|77.50 72.03 81.25 64.30 68.98 58.08 -
64 [66.89 (-5.669%) 6891|77.17 71.83 80.48 63.01 63.80 57.14 -
Full {68.15 69.28|75.14 69.76 7791 65.16 72.15 55.58 -
512 |167.85 (-0.440%) 69.01]75.04 69.35 77.64 65.09 71.46 55.50 -
KaLM-Embedding-V2 256 |67.37 (-1.145%) 68.64|74.96 69.32 77.77 64.80 69.65 55.31 -
128 [66.38 (-2.597%) 67.88|74.85 69.41 7693 64.15 66.92 55.02 -
64 [64.13 (-5.899%) 66.14|74.62 69.35 76.33 61.99 60.43 54.12 -
Full [63.78 64.56|73.89 57.54 7294 64.48 70.12 48.41 -
512 163.39 (-0.611%) 64.18|73.58 5726 72.54 63.98 69.39 48.35 -
KalLM-Embedding-V1 256 |62.82 (-1.505%) 63.77|73.71 57.20 72.56 63.50 67.50 48.17 -
128 [61.59 (-3.434%) 62.75|73.51 57.52 71.62 62.08 63.97 47.82 -
64 |58.98 (-7.526%) 60.74|72.85 56.58 71.27 60.22 56.72 46.82 -

KalLLM-Embedding-V2.5
(w/o MKL)

KalLM-Embedding-V2.5
(w/o MKL)

8B, KaLM-Embedding-V2.5 still outperforms it in 8/12 cases. These results demonstrate that our
KaLM-Embedding-V2 models not only achieve state-of-the-art performance on MTEB, but also
exhibit strong generalization and robustness in real-world industrial applications.

D MATRYOSHKA EMBEDDING

To enable flexible-dimensional embeddings, we incorporate MRL into both contrastive and KL
loss. Unlike previous works, we also optimize matryoshka embeddings using the matryoshka KL
objective, referred to as MKL'. To verify the effectiveness of matryoshka embeddings and MKL,

"Note that the teacher model still computes soft signals using the full dimension.
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(c) Qwen3-Embedding-0.6B.

Figure 5: Comparison of discriminative capacity between positive and hard negatives. Cases are
randomly sampled from the HotpotQA dataset, where the task instruction is “Instruct: Given a query,
retrieve documents that answer the query. \n Query: {query }”.

we conduct dimensionality reduction experiments along with MKL ablation studies, as shown in
Table 11. From the results, we mainly have the following observations. Firstly, for tasks such as
Class., Clust., PairCl., STS, and Summ., performance degrades only slightly when using matryoshka
embeddings of smaller sizes, whereas tasks like Reran. and Retri. exhibit more substantial drops.
This indicates that semantic matching tasks (e.g., Class., Clust., and PairCl.) can be effectively
handled even with low-dimensional matryoshka embeddings, whereas retrieval and reranking tasks
demand higher-dimensional embeddings to preserve performance. Secondly, compared with KaLM-
Embedding-V2.5 (w/o MKL), V2, and V1, KaLM-Embedding-V2.5 demonstrates consistently
smaller performance degradation as embedding dimensionality decreases. For example, on MTEB
(cmn, v1), the performance drop from full dimension to 64 dimensions is only -3.99% for KaLM-
Embedding-V2.5, compared to -5.67% for its counterpart without MKL. We find that the superior
robustness of KaLM-Embedding-V2.5 using matryoshka embeddings of smaller sizes mainly stems
from its relatively smaller performance degradation on Reran. and Retri. tasks compared to others.
These results show that MKL makes KalLM-Embedding-V2.5 more robust, with smaller drops
under small embedding dimensions. Thirdly, retrieval tasks exhibit the largest performance drops as
embedding dimensions decrease, showing they rely heavily on high-dimensional embedding. This
also explains why small, low-dimensional embedding models lag behind larger, high-dimensional
ones on retrieval tasks, as illustrated in Table 4. Overall, these results indicate that matryoshka
embeddings provide flexible, compact representations that maintain strong performance on semantic
matching tasks, while retrieval and reranking tasks benefit from higher-dimensional embeddings.

E CASE STUDY

To provide a more intuitive and qualitative understanding of our model’s discriminative capacity,
we conduct a case study on randomly sampled examples from the HotpotQA, a representative
retrieval dataset. For each case, we compute similarity scores between a query, its ground-truth
positive, and 7 hard negatives. To visualize the results, the score between the query and the positive
is plotted as a single point, i.e., the red star. The seven scores between the query and the hard
negatives are used to generate a box plot. An ideal embedding model should assign a significantly
higher score to the positive compared to all hard negatives, placing the red star well above the
corresponding box plot. This visualization provides a clear comparison of how effectively each model
can distinguish the positive passages from hard negative ones. From the results shown in Figure 5,
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Table 12: Detailed embedding model performance on MTEB (eng, v2) (Enevoldsen et al., 2025).
MTEB (eng, v2)

Model Size NITK MTY |Class. Clust, PairClL. Reran, Retri, STS Summ.
Qwen3-Embedding-8B 8B [75.22 68.70|90.43 5857 87.52 5156 69.44 8858 3483
NV-Embed-v2 7B |69.81 65.00|87.19 47.66 88.69 49.61 62.84 83.82 3521
Qwen3-Embedding-4B 4B |74.60 68.09|89.84 57.51 87.01 50.76 68.46 88.72 34.39

gte-Qwen2-1.5B-instruct 1.5B |67.20 63.26|85.84 53.54 87.52 49.25 50.25 82.51 33.94
Qwen3-Embedding-0.6B 596M|70.70 64.88|85.76 54.05 84.37 48.18 61.83 86.57 33.43
multilingual-e5-large-instruct 560M | 65.53 61.21 | 75.54 49.89 86.24 48.74 53.47 84.72 29.89
bge-large-en-v1.5 335M|65.89 61.87|78.34 48.01 87.13 48.26 55.44 82.79 33.13
EmbeddingGemma-300M  307M|69.67 65.11|87.55 56.55 87.29 47.43 55.69 83.61 37.64
KaLM-Embedding-V2.5 494M | 71.29 65.31|90.50 58.12 86.63 47.42 58.45 84.82 31.21

Table 13: Detailed AIR-Bench QA results (NDCG@ 10 scores) on AIR benchmark 24.05. across
seven languages.

. AIR-Bench QA

Model Size MTK | en zh es fr ja de ru

bge-multilingual-gemma2 9B | 51.77 | 46.25 49.34 60.76 49.69 60.02 49.77 54.97
gte-Qwen2-7B-instruct 7B | 49.33 | 51.87 47.12 55.18 43.04 5476 4491 52.65
gte-Qwen2-1.5B-instruct 1.5B | 45.72 | 48.03 43.13 50.26 40.37 50.04 41.25 50.73
jina-embeddings-v3 (Multi-LoRA) 572M | 45.97 | 45.07 44.76 52.19 39.94 50.11 43.62 51.70
multilingual-e5-large 560M | 44.54 | 4391 43.60 50.84 3594 52.84 4193 5044
bge-m3 (Dense) 560M | 49.30 | 48.78 47.45 53.73 44.66 54.23 46.71 54.55
KalLM-Embedding-V2.5 494M | 49.02 | 49.86 48.69 54.43 43.05 52.80 46.00 52.43

we observe that KaLM-Embedding-V2.5 demonstrates the superior discriminative capacity in all
cases, while KaLM-Embedding-V1 and Qwen3-Embedding-0.6B perform poorly in the 1st and 3rd
cases. Besides, the distance between the red star and the median (the green line) of the box plot
for KaLM-Embedding-V2.5 is consistently larger than the corresponding distance for both KalLM-
Embedding-V1 and Qwen3-Embedding-0.6B in most cases. This indicates that the distribution of
their hard negative scores is too close to the positive, meaning their limited ability to distinguish
subtle yet critical differences. The large and consistent margin maintained by KaLM-Embedding-
V2.5 demonstrates the effectiveness of its improved training techniques, especially the Focal-style
Reweighting Mechanism, which focuses on learning hard samples and leads to the large margin
observed in the visualization. In conclusion, the qualitative results provide intuitive evidence that
aligns with high quantitative benchmark performance, solidifying the model’s effectiveness.

F VISUALIZATION ANALYSIS

To better understand the relationship between embedding quality and downstream task performance,
we conduct a visualization analysis of different models on clustering and classification datasets,
covering intent recognition, category identification, and topic classification, with both English and
Chinese data included. As shown in Figure 6, we project embeddings into 2D by UMAP (Uniform
Manifold Approximation and Projection), with colors indicating the corresponding labels of the
data points. From the results, the embeddings produced by KaLM-Embedding-V2.5 exhibit more
compact and separated clusters compared to KalLM-Embedding-V1 and Qwen3-Embedding-0.6B.
In the RedditClustering and CLSClusteringP2P, semantically similar samples are tightly grouped
under V2.5, while inter-class boundaries become more distinct, aligning with its superior clustering
performance. In contrast, Qwen3-Embedding-0.6B displays overlapping regions between categories,
suggesting a weaker capability in modeling fine-grained semantic distinctions. The results of the
Banking77Classification further confirm this conclusion. KaLM-Embedding-V?2.5 forms separated
clusters, whereas V1 and Qwen3-Embedding-0.6B embeddings remain entangled. Overall, the
improved intra-class compactness and inter-class separability of KaLM-Embedding-V2.5 provide
strong support for its superior results on these tasks.
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G MULTILINGUAL EVALUATION

To evaluate multilingual and OOD generalization, we adopt AIR-Bench QA (Chen et al., 2025b)
(version of 24.05), which provides a more comprehensive test than static benchmarks. AIR-Bench
is automatically generated to avoid data leakage, spans diverse tasks, domains, and languages.
Table 13 shows the evaluation results on AIR-Bench QA, including seven languages: en (English), zh
(Chinese), es (Spanish), fr (French), ja (Japanese), de (German), and ru (Russian). KalLM-Embedding-
V2.5 is evaluated using a general retrieval instruction: “Instruct: Given a query, retrieve documents
that answer the query. \n Query: {query}” Despite not being trained on large-scale multilingual
corpora, KalLM-Embedding-V2.5 demonstrates competitive performance across all seven languages.
It performs on par with or close to substantially larger 7B-9B models. For example, its average
score (49.02) is nearly identical to that of the much larger gte-Qwen2-7B-instruct model (49.33). In
lower-resource languages, its performance is comparable to strong multilingual embedding baselines,
such as bge-m3. These results demonstrate that KaLM-Embedding-V2.5 generalizes well beyond its
primary English-Chinese training focus, exhibiting robust retrieval performance across a wide range
of multilingual and low-resource language settings.

H FuLL MTEB RESULTS

Table 14 and Table 15 show the full METB results for each dataset.

I DATASETS AND INSTRUCTIONS

Table 16 and Table 17 show the detailed dataset list used for pre-training, and fine-tuning as well as
distillation, respectively. Table 18 presents the task instructions used in the MTEB evaluation.
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(a) RedditClustering, where the task instruction is “Instruct: Identify the topic or theme of Reddit posts based on
the titles Query: {query }”.
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(c) Banking77Classification, where the task instruction is “Instruct: Given a online banking query, find the
corresponding intents Query: {query}”.

Figure 6: Embedding distribution comparisons between KaLM-Embedding-V1, KaLM-Embedding-
V2.5, and Qwen3-Embedding-0.6B.
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Table 14: Results for each dataset on MTEB (eng, v1). ‘Emb’ is the abbreviation of ‘Embedding’

Dataset KaLM-Emb-V1 KaLM-Emb-V2 KaLM-Emb-V2.5
AmazonCounterfactualClassification 91.73 95.25 94.75
AmazonPolarityClassification 96.56 96.67 97.03
AmazonReviewsClassification 61.42 57.89 64.15
Banking77Classification 84.54 89.48 90.31
EmotionClassification 86.90 92.50 83.80
Classification ImdbClassification 94.93 95.16 95.91
MassivelntentClassification 72.52 77.80 83.24
MassiveScenarioClassification 79.32 86.00 89.35
MTOPDomainClassification 97.54 98.86 98.69
MTOPIntentClassification 85.76 88.77 91.10
ToxicConversationsClassification 89.28 89.34 91.70
TweetSentimentExtractionClassification 76.35 78.60 80.08
ArxivClusteringP2P 49.68 51.16 52.11
ArxivClusteringS2S 42.21 43.70 45.10
BiorxivClusteringP2P 43.84 47.69 48.51
BiorxivClusteringS2S 37.31 41.93 42.75
MedrxivClusteringP2P 39.91 43.72 43.09
Clustering MedrxivClusteringS2S 36.79 40.56 40.43
RedditClustering 55.47 76.52 76.89
RedditClusteringP2P 65.96 73.05 72.84
StackExchangeClustering 66.38 78.40 80.22
StackExchangeClusteringP2P 39.19 45.41 47.26
TwentyNewsgroupsClustering 49.33 74.44 73.26
Pair SprintDuplicateQuestions 92.65 95.88 96.00
Classification TwitterSemEval2015 71.44 76.72 77.15
TwittertURLCorpus 85.69 85.95 86.66
AskUbuntuDupQuestions 60.35 62.13 62.39
Reranking MipdSmallRerankin g 31.92 32.04 32.45
SciDocsRR 80.99 82.25 84.68
StackOverflowDupQuestions 48.38 50.54 51.82
ArguAna 58.63 57.42 60.15
ClimateFEVER 25.85 25.07 34.50
CQADupstack 41.83 44.19 47.20
DBPedia 38.94 40.26 42.62
FEVER 86.54 83.00 87.89
FiQA2018 44,74 45.23 47.10
HotpotQA 67.58 70.14 71.76
Retrieval MSMARCO 34.59 36.20 40.62
NFCorpus 35.33 35.17 37.11
NQ 47.50 48.10 58.61
QuoraRetrieval 87.47 89.81 89.57
SCIDOCS 19.97 20.81 21.62
SciFact 72.89 71.98 74.38
TRECCOVID 83.72 79.27 82.98
Touche2020 29.15 28.43 28.93
BIOSSES 86.14 84.16 84.02
SICK-R 79.73 79.85 83.20
STS12 80.17 82.27 81.90
STS13 83.86 85.96 89.52
STS STS14 80.57 83.50 85.99
STS15 87.34 86.44 90.33
STS16 84.83 85.70 87.74
STS17 86.43 86.16 92.34
STS22 69.21 66.95 68.76
STSBenchmark 84.12 85.07 88.88
Summarization SummEval 25.23 28.51 31.18
Mean (Task) 64.94 67.47 69.33
Mean (Type) 61.49 64.14 65.83
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Table 15: Results for each dataset on MTEB (cmn, v1).

Dataset KaLM-Emb-V1 KaLM-Emb-V2 KaLM-Emb-V2.5
IFlyTek 48.54 51.01 56.59
JDReview 83.02 86.87 88.82
Classification Mul_tilingualSentiment 78.25 79.16 81.26
OnlineShopping 93.08 94.40 95.02
TNews 51.59 50.75 53.27
Waimai 88.85 88.67 89.91
CLSClusteringP2P 46.92 62.95 66.25
Clustering CLSClusteringS2S 44.67 59.44 62.73
ThuNewsClusteringP2P 72.87 80.79 84.64
ThuNewsClusteringS2S 65.68 75.87 78.75
. . . Cmnli 76.67 78.08 86.07
Pair Classification ¢, 69.22 7773 82.12
CMedQAv1-reranking 82.34 83.65 84.58
Reranking CMedQAv2-reranking 83.12 84.25 85.78
MMarcoReranking 25.75 26.04 29.64
T2Reranking 66.73 66.69 67.60
CmedqaRetrieval 42.12 4481 45.87
CovidRetrieval 82.40 83.30 83.57
DuRetrieval 82.19 83.17 86.14
Retrieval Ecor{lRetrie\{al 62.56 65.10 66.68
MedicalRetrieval 56.89 59.81 60.46
MMarcoRetrieval 78.96 80.59 82.23
T2Retrieval 84.06 84.88 85.97
VideoRetrieval 71.82 75.51 76.44
AFQMC 38.02 44.18 48.78
ATEC 46.19 49.75 52.45
BQ 54.48 61.22 69.74
STS LCQMC 70.81 73.83 77.50
PAWSX 16.32 43.38 47.90
QBQTC 35.28 37.61 39.83
STSB 77.80 79.10 82.38
Mean (Task) 63.78 68.15 70.93
Mean (Type) 64.56 69.28 72.46
Table 16: Pre-training data list.
Source Language Pairs
Amazon-Reviews (Hou et al., 2024) multilingual 23M
CC-News (Hamborg et al., 2017) multilingual 100M
NLLB (Costa-jussa et al., 2022; Heffernan et al., 2022; Schwenk et al., 2021) multilingual 2M
Wikipedia (Foundation, 2024) multilingual 100M
xP3 (Muennighoff et al., 2023b) multilingual 19M
XL-Sum (Hasan et al., 2021) multilingual M
SWIM-IR (Monolingual) (Thakur et al., 2024) multilingual 3M
SWIM-IR (Cross-lingual) (Thakur et al., 2024) multilingual 15M
CSL (Li et al., 2022) zh 0.4M
Wudao (Yuan et al., 2021) zh 44M
THUCNews (Sun et al., 2016) zh 0.8M
Zhihu-KOL zh 0.8M
CodeSearchNet (Husain et al., 2019) en 1M
PAQ (Lewis et al., 2021) en IM
Reddit en 100M
StackExchange en 14M
S20RC en 41M
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https://huggingface.co/datasets/teven/stackexchange
https://huggingface.co/datasets/sentence-transformers/s2orc
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Table 17: Fine-tuning data list.

Source Type Categ. Language Pairs Pairs(filtered)
CodeFeedback (Zheng et al., 2024) Retrieval s2p en 50000 49090
ELI5 (Fan et al., 2019) Retrieval s2p en 100000 76408
ExpertQA (Malaviya et al., 2024) Retrieval s2p en 1261 1252
GooAQ (Khashabi et al., 2021) Retrieval s2p en 50000 49833
MEDI2BGE (Muennighoff et al., 2024; Su et al., 2023) Retrieval s2p en 100000 71790
OpenOrca (Mukherjee et al., 2023) Retrieval s2p en 40000 38623
PAQ (Lewis et al., 2021) Retrieval s2p en 50000 49849
PubMedQA (Jin et al., 2019) Retrieval s2p en 80000 79954
SearchQA (Dunn et al., 2017) Retrieval s2p en 10000 9988
arxiv_ga Retrieval s2p en 23397 17927
CC-News (Hamborg et al., 2017) Retrieval s2p en 30000 28246
TREC-COVID (Voorhees et al., 2020; Wang et al., 2020) Retrieval s2p en 50000 48517
DBpedia-Entity (Thakur et al., 2021) Retrieval s2p en 100000 96792
ESCI (Reddy et al., 2022) Retrieval s2p en 30000 26043
FEVER (Thorne et al., 2018) Retrieval s2p en 87855 87216
FiQA (Maia et al., 2018) Retrieval s2p en 5490 4689
HotpotQA (Yang et al., 2018) Retrieval s2p en 184057 150153
MLDR (Chen et al., 2024) Retrieval s2p en 41434 31097
MSMARCO (Nguyen et al., 2016) Retrieval s2p en 175133 174190
MSMARCO-v2 (Nguyen et al., 2016) Retrieval s2p en 277144 258617
NFCorpus (Boteva et al., 2016) Retrieval s2p en 10824 10471
rag-dataset-12000 Retrieval s2p en 9590 9272
SciFact (Wadden et al., 2020) Retrieval s2p en 809 794
SQuAD 2.0 (Rajpurkar et al., 2018; 2016) Retrieval s2p en 130217 125816
TriviaQA (Joshi et al., 2017) Retrieval s2p en 52886 44442
WebGPT Comparisons (Nakano et al., 2021) Retrieval s2p en 19242 18924
Natural Questions (Kwiatkowski et al., 2019) Retrieval s2p en 58622 56377
Yahoo Answers Retrieval s2p en 30000 21724
CQADupStack (Hoogeveen et al., 2015) Retrieval s2p en 24045 7356
ContractNLI (Koreeda & Manning, 2021) STS s2s en 3195 628
MultiNLI (Williams et al., 2018) STS s2s en 64674 63701
NLLB (Costa-jussa et al., 2022; Heffernan et al., 2022) STS s2s en 36000 26504
Quora (DataCanary et al., 2017) STS s2s en 92674 89558
WikiAnswers (Fader et al., 2014) STS $2s en 50000 47686
SimCSE NLI (Gao et al., 2021) STS 52 en 252397 217099
SNLI (Bowman et al., 2015) STS s2s en 24686 16480
arXiv Classfication 525, p2s en 15000 14529
Biorxiv Classfication 525, p2s en 6862 6787
Medrxiv Classfication s2s, p2s en 2012 1999
Reddit-Clustering (Geigle et al., 2021) Classfication s2s en 128000 25600
Reddit-Clustering-P2P (Reimers, 2021) Classfication p2s en 12704958 42480
Stackexchange-Clustering (Geigle et al., 2021) Classfication s2s en 1014826 50530
Stackexchange-Clustering-P2P (Stack Exchange, 2021) Classfication p2s en 25333327 48800
TwentyNewsgroups-Clustering (Lang, 1995) Classfication s2s en 11314 6233
AmazonPolarity (McAuley & Leskovec, 2013) Classfication s2s en 10000 9007
IMDB (Maas et al., 2011) Classfication s2s en 10000 8575
banking77 (Casanueva et al., 2020) Classfication s2s en 10000 9937
EmotionClassification (Saravia et al., 2018) Classfication s2s en 10000 10000
TweetSentimentExtraction Classfication s2s en 10000 10000
ToxicConversations Classfication 525 en 7916 7800
AdvertiseGen (Shao et al., 2019) Retrieval s2p zh 20000 17526
CHEF (Hu et al., 2022) Retrieval s2p zh 4952 4824
ChatMed-Dataset (Zhu, 2023) Retrieval s2p zh 20000 18608
CMRC 2018 (Cui et al., 2019) Retrieval s2p zh 10000 9753
DRCD (Shao et al., 2018) Retrieval s2p zh 5000 4714
LCSTS (Hu et al., 2015) Retrieval s2p zh 20000 19535
LIMA (Zhou et al., 2023) Retrieval s2p zh 2058 1991
Multi-CPR (Long et al., 2022) Retrieval s2p zh 287881 234587
PAWS-X (zh) (Yang et al., 2019) Retrieval s2p zh 49401 19289
RefGPT (Yang et al., 2023) Retrieval s2p zh 50000 49896
T2Ranking (Xie et al., 2023) Retrieval s2p zh 199412 188606
THUCNews (Sun et al., 2016) Retrieval s2p zh 20000 19288
UMETRIP-QA Retrieval s2p zh 2647 2537
‘WebCPM (Qin et al., 2023) Retrieval s2p zh 1605 1602
cCOVID-News Retrieval s2p zh 5000 4727
cMedQA-V2.0 (Zhang et al., 2018) Retrieval s2p zh 223851 88109
CSL (Li et al., 2022) Retrieval s2p zh 20000 19945
DuReader (He et al., 2018) Retrieval s2p zh 80416 79229
DuReadercneckiist (Tang et al., 2021) Retrieval s2p zh 99992 97764
law-gpt (Liu et al., 2023) Retrieval s2p zh 500 500
lawzhidao (Ustinian, 2020) Retrieval s2p zh 8000 6784
mMARCO (zh) (Bonifacio et al., 2021) Retrieval s2p zh 400000 379870
retrieval_data_llm Retrieval s2p zh 32768 32551
webqa Retrieval s2p zh 5000 4988
AFQMC s2s zh 4041 3876
ATEC STS s2s zh 62477 11387
BQ STS s2s zh 100000 10000
CAIL2019-SCM (Xiao et al., 2019) STS s2s zh 5102 648
CINLID STS s2s zh 5000 2883
ChineseSTS (Tang et al., 2016) STS s2s zh 2500 2497
CMNLI (Xu et al., 2020) STS s2s zh 125356 119029
nli_zh (Chen et al., 2018; Liu et al., 2018a; Yang et al., 2019) STS s2s zh 218887 185787
OCNLI (Hu et al., 2020) STS s2s zh 13464 11937
QBQTC STS s2s zh 51620 47223
SimCLUE STS s2s zh 344038 290699
XNLI (zh) (Conneau et al., 2018) STS s2s zh 80000 74252
CSL (Li et al., 2022) Classfication s2s, p2s zh 15000 12249
THUCNews (Sun et al., 2016) Classfication s2s zh 10000 9690
TNews Classfication s2s zh 10000 6762
JDReview Classfication s2s zh 1232 1232
IFlyTek (Zhao et al., 2022) Classfication s2s zh 10000 8221
OnlineShopping Classfication s2s zh 7852 7600
Waimai Classfication s2s zh 7384 7376
Aya Dataset (Singh et al., 2024) Retrieval s2p multilingual 30000 26292
MIRACL (Zhang et al., 2023) Retrieval s2p multilingual 40151 39946
Mr. TyDi (Zhang et al., 2021) Retrieval s2p multilingual 48729 46997
PAWS-X (Yang et al., 2019) STS s2s multilingual 128435 128398
AmazonReviews (Ni et al., 2019) Classfication s2s multilingual 10000 7721
AmazonCounterfactual (O’Neill et al., 2021) Classfication s2s multilingual 10000 8323
MultilingualSentiment (Mollanorozy et al., 2023) Classfication s2s multilingual 10000 9804
Amazon Massive Intent (FitzGerald et al., 2023) Classfication s2s multilingual 10000 7832
AmazonMassiveScenario (FitzGerald et al., 2023) Classfication s2s multilingual 10000 7078
MTOPDomain (Li et al., 2021) Classfication s2s multilingual 10000 9610
MTOPIntent (Li et al., 2021) Classfication s2s multilingual 10000 7952
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https://huggingface.co/datasets/m-a-p/CodeFeedback-Filtered-Instruction
https://huggingface.co/datasets/rusano/ELI5_custom
https://github.com/chaitanyamalaviya/ExpertQA
https://github.com/allenai/gooaq
https://hf.co/datasets/GritLM/MEDI2BGE
https://huggingface.co/datasets/Open-Orca/OpenOrca
https://huggingface.co/datasets/sentence-transformers/paq
https://huggingface.co/datasets/qiaojin/PubMedQA
https://huggingface.co/datasets/kyunghyuncho/search_qa
https://huggingface.co/datasets/TitanMLData/arxiv_qa
https://huggingface.co/datasets/intfloat/multilingual_cc_news
https://huggingface.co/datasets/irds/cord19_trec-covid
https://huggingface.co/datasets/BeIR/dbpedia-entity-generated-queries
https://huggingface.co/datasets/tasksource/esci
https://huggingface.co/datasets/maxzoech/fever
https://huggingface.co/datasets/irds/beir_fiqa_train
https://huggingface.co/datasets/hotpotqa/hotpot_qa
https://huggingface.co/datasets/Shitao/MLDR
https://huggingface.co/datasets/Tevatron/msmarco-passage
https://huggingface.co/datasets/mteb/msmarco-v2
https://huggingface.co/datasets/BeIR/nfcorpus-generated-queries
https://huggingface.co/datasets/neural-bridge/rag-dataset-12000
https://huggingface.co/datasets/Tevatron/scifact
https://huggingface.co/datasets/rajpurkar/squad_v2
https://huggingface.co/datasets/multi-train/emb-triviaqa-train
https://huggingface.co/datasets/openai/webgpt_comparisons
https://huggingface.co/datasets/Tevatron/wikipedia-nq
https://huggingface.co/datasets/sentence-transformers/yahoo-answers
http://nlp.cis.unimelb.edu.au/resources/cqadupstack/
https://huggingface.co/datasets/kiddothe2b/contract-nli
https://huggingface.co/datasets/SetFit/mnli
https://huggingface.co/datasets/breakend/nllb-multi-domain
https://huggingface.co/datasets/sentence-transformers/embedding-training-data
https://huggingface.co/datasets/multi-train/WikiAnswers_1107
https://huggingface.co/datasets/JeremiahZ/simcse_sup_nli
https://huggingface.co/datasets/stanfordnlp/snli
https://huggingface.co/datasets/mteb/raw_arxiv
https://huggingface.co/datasets/mteb/raw_biorxiv
https://huggingface.co/datasets/mteb/raw_medrxiv
https://github.com/UKPLab/TWEAC-qa-agent-selection/tree/master/data/reddit/train
https://huggingface.co/datasets/sentence-transformers/reddit-title-body
https://github.com/UKPLab/TWEAC-qa-agent-selection/tree/master/data/stackexchange/train
https://huggingface.co/datasets/flax-sentence-embeddings/stackexchange_title_body_jsonl
https://scikit-learn.org/0.19/datasets/twenty_newsgroups.html
https://huggingface.co/datasets/mteb/amazon_polarity
https://huggingface.co/datasets/mteb/imdb
https://huggingface.co/datasets/mteb/banking77
https://huggingface.co/datasets/mteb/emotion
https://huggingface.co/datasets/mteb/tweet_sentiment_extraction
https://huggingface.co/datasets/mteb/toxic_conversations_50k
https://huggingface.co/datasets/shibing624/AdvertiseGen
https://www.luge.ai/#/luge/dataDetail?id=44
https://huggingface.co/datasets/michaelwzhu/ChatMed_Consult_Dataset
https://huggingface.co/datasets/erhwenkuo/squad-cmrc2018-zhtw
https://huggingface.co/datasets/voidful/DRCD
https://huggingface.co/datasets/hugcyp/LCSTS
https://huggingface.co/datasets/paralym/lima-chinese
https://github.com/Alibaba-NLP/Multi-CPR
https://huggingface.co/datasets/C-MTEB/PAWSX
https://github.com/sufengniu/RefGPT/blob/main/README_EN.md
https://huggingface.co/datasets/THUIR/T2Ranking
https://huggingface.co/datasets/SirlyDreamer/THUCNews
https://www.luge.ai/#/luge/dataDetail?id=62
https://github.com/thunlp/WebCPM
https://www.datafountain.cn/competitions/424/datasets
https://huggingface.co/datasets/wangrongsheng/cMedQA-V2.0
https://huggingface.co/datasets/neuclir/csl
https://huggingface.co/datasets/sentence-transformers/dureader
https://huggingface.co/datasets/luozhouyang/dureader
https://huggingface.co/datasets/sentence-transformers/law-gpt
https://www.heywhale.com/mw/dataset/5e953ca8e7ec38002d02fca7/content
https://huggingface.co/datasets/unicamp-dl/mmarco
https://huggingface.co/datasets/infgrad/retrieval_data_llm
https://huggingface.co/datasets/suolyer/webqa
https://huggingface.co/datasets/C-MTEB/AFQMC
https://huggingface.co/datasets/C-MTEB/ATEC
https://huggingface.co/datasets/C-MTEB/BQ
https://github.com/china-ai-law-challenge/CAIL2019/tree/master/scm
https://www.luge.ai/#/luge/dataDetail?id=39
https://github.com/IAdmireu/ChineseSTS
https://huggingface.co/datasets/fenffef/cmnli
https://huggingface.co/datasets/shibing624/nli_zh
https://huggingface.co/datasets/Fred666/ocnli
https://github.com/CLUEbenchmark/QBQTC/tree/main
https://github.com/CLUEbenchmark/SimCLUE
https://huggingface.co/datasets/xnli
https://huggingface.co/datasets/neuclir/csl
https://huggingface.co/datasets/SirlyDreamer/THUCNews
https://huggingface.co/datasets/fenffef/tnews
https://huggingface.co/datasets/C-MTEB/JDReview-classification
https://huggingface.co/datasets/fenffef/iflytek
https://huggingface.co/datasets/C-MTEB/OnlineShopping-classification
https://huggingface.co/datasets/C-MTEB/waimai-classification
https://huggingface.co/datasets/CohereForAI/aya_dataset
https://huggingface.co/datasets/sentence-transformers/miracl
https://huggingface.co/datasets/castorini/mr-tydi
https://huggingface.co/datasets/maximedb/paws-x-all
https://huggingface.co/datasets/mteb/amazon_reviews_multi
https://huggingface.co/datasets/mteb/amazon_counterfactual
https://huggingface.co/datasets/mteb/multilingual-sentiment-classification
https://huggingface.co/datasets/mteb/amazon_massive_intent
https://huggingface.co/datasets/mteb/amazon_massive_scenario
https://huggingface.co/datasets/mteb/mtop_domain
https://huggingface.co/datasets/mteb/mtop_intent
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Table 18: Detailed task instruction list for MTEB evaluation. Pair Classification*, Reranking®,
Retrieval*, and STS* indicate we use the same instructions for all the respective remaining tasks.

Task Name Instruction
Classification
AmazonCounterfactualClassification Instruct: Given an Amazon review, judge whether it is counterfactual. \n Query: {query}
AmazonPolarityClassification Instruct: Classifying Amazon reviews into positive or negative sentiment \n Query: {query}
AmazonReviewsClassification Instruct: Classifying the given Amazon review into its appropriate rating category \n Query: {query}
Banking77Classification Instruct: Given a online banking query, find the corresponding intents \n Query: {query}
EmotionClassification Instruct: Classifying the emotion expressed in the given Twitter message into one of the six emotions: anger, fear,
joy, love, sadness, and surprise \n Query: {query}
ImdbClassification Instruct: Classifying the sentiment expressed in the given movie review text from the IMDB dataset \n Query:
{query}
MassivelntentClassification Instruct: Given a user utterance as query, find the user intents \n Query: {query}

MassiveScenarioClassification

Instruct:

Given a user utterance as query, find the user scenarios \n Query: {query}

MTOPDomainClassification

Instruct:

Classifying the intent domain of the given utterance in task-oriented conversation \n Query: {query}

MTOPIntentClassification

Instruct:

Classifying the intent of the given utterance in task-oriented conversation \n Query: {query}

ToxicConversationsClassification

Instruct:

Classifying the given comments as either toxic or not toxic \n Query: {query}

TweetSentimentExtractionClassification

Instruct:

Classifying the sentiment of a given tweet as either positive, negative, or neutral \n Query: {query}

TNews

Instruct:

Categorizing the given news title \n Query: {query}

IFlyTek

Instruct:

Given an App description text, find the appropriate fine-grained category \n Query: {query}

MultilingualSentiment

Instruct:

Classifying sentiment of the customer review into positive, neutral, or negative \n Query: {query}

JDReview Instruct: Classifying sentiment of the customer review for iPhone into positive or negative \n Query: {query}

OnlineShopping Instruct: Classifying sentiment of the customer review into positive or negative \n Query: {query}

‘Waimai Instruct: Classify the customer review from a food takeaway platform into positive or negative \n Query: {query}
Clustering

ArxivClusteringP2P Instruct: Identify the main and secondary category of Arxiv papers based on the titles and abstracts \n Query: {query}

ArxivClusteringS2S Instruct: Identify the main and secondary category of Arxiv papers based on the titles \n Query: {query}

BiorxivClusteringP2P Instruct: Identify the main category of Biorxiv papers based on the titles and abstracts \n Query: {query}

BiorxivClusteringS2S Instruct: Identify the main category of Biorxiv papers based on the titles \n Query: {query}

MedrxivClusteringP2P Instruct: Identify the main category of Medrxiv papers based on the titles and abstracts \n Query: {query}

MedrxivClusteringS2S

Instruct:

Identify the main category of Medrxiv papers based on the titles \n Query: {query}

RedditClustering

Instruct:

Identify the topic or theme of Reddit posts based on the titles \n Query: {query}

RedditClusteringP2P

Instruct:

Identify the topic or theme of Reddit posts based on the titles and posts \n Query: {query}

StackExchangeClustering

Instruct:

Identify the topic or theme of StackExchange posts based on the titles \n Query: {query}

StackExchangeClusteringP2P

Instruct:

Identify the topic or theme of StackExchange posts based on the given paragraphs \n Query: {query}

TwentyNewsgroupsClustering

Instruct:

Identify the topic or theme of the given news articles \n Query: {query}

CLSClusteringS2S Instruct: Identify the main category of scholar papers based on the titles \n Query: {query}

CLSClusteringP2P Instruct: Identify the main category of scholar papers based on the titles and abstracts \n Query: {query}
ThuNewsClusteringS2S Instruct: Identify the topic or theme of the given news articles based on the titles \n Query: {query}
ThuNewsClusteringP2P Instruct: Identify the topic or theme of the given news articles based on the titles and contents \n Query: {query}

Pair Classification

Pair Classification™

Instruct:

Retrieve semantically similar text. \n Query: {query}

SprintDuplicateQuestions

Instruct:

Retrieve semantically similar questions. \n Query: {query}

Reranking

Reranking *

Instruct:

Given a query, retrieve documents that answer the query. \n Query: {query}

AskUbuntuDupQuestions

Instruct:

Retrieve semantically similar questions. \n Query: {query}

StackOverflowDupQuestions

Instruct:

Retrieve semantically similar questions. \n Query: {query}

SciDocsRR Instruct: Retrieve relevant paper titles \n Query: {query}
Retrieval
Retrieval Instruct: Given a query, retrieve documents that answer the query. \n Query: {query}

QuoraRetrieval

Instruct:

Retrieve semantically similar questions. \n Query: {query}

CQADupstack Instruct: Given a question, retrieve detailed question descriptions from Stackexchange that are duplicates to the given
question \n Query: {query}
STS
STS™* Instruct: Retrieve semantically similar text. \n Query: {query}
Summarization
SummEval Instruct: Retrieve semantically similar summaries. \n Query: {query}
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