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Abstract

Recent advancements in large language models (LLMs) have driven
interest in billion-scale retrieval models with strong generalization
across retrieval tasks and languages. Additionally, progress in large
vision-language models has created new opportunities for multi-
modal retrieval. In response, we have updated the Tevatron toolkit,
introducing a unified pipeline that enables researchers to explore
retriever models at different scales, across multiple languages, and
with various modalities. This demo paper highlights the toolkit’s
key features, bridging academia and industry by supporting effi-
cient training, inference, and evaluation of neural retrievers. We
showcase a unified dense retriever achieving strong multilingual
and multimodal effectiveness, and conduct a cross-modality zero-
shot study to demonstrate its research potential. Alongside, we
release OmniEmbed, to the best of our knowledge, the first em-
bedding model that unifies text, image document, video, and audio
retrieval, serving as a baseline for future research.
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1 Introduction

The Tevatron toolkit [5] is initially developed in 2021 during the
BERT era, a period marked by the rise of neural dense retrievers, rep-
resented by models like Dense Passage Retrieval (DPR) [8], which
became a focal point in information retrieval research. Tevatron is
designed to provide an efficient and flexible framework, enabling
researchers to easily modify or integrate new model architectures
and training strategies for their specific needs. Since the initial
release, dozens of previously published works have cited its usage.
These works span a wide range of topics, including diverse text
representation methods, multilingual and cross-lingual retrieval,
and retrieval-augmented generation (RAG) pipelines.

Recent advancements in large language models (LLMs) have
introduced new opportunities and challenges in the field of infor-
mation retrieval. Billion-scale retrieval models have demonstrated
superior generalizability across tasks and languages compared to
their BERT-era counterparts [16, 25]. Additionally, the emergence
of multimodal large language models [7, 23] has opened new possi-
bilities for multimodal retrieval, leveraging large vision-language
models to eliminate the need for document parsing and the cum-
bersome maintenance of disparate modalities [4, 14, 15]. These
developments point toward a promising direction: the creation of
unified retrieval systems capable of handling diverse tasks, lan-
guages, and modalities.

However, several challenges hinder the exploration of these ad-
vancements. First, training billion-scale retrieval models requires
significantly more GPU memory, posing a barrier to researchers
with limited computational resources. Second, while unified re-
trieval across modalities is an attractive goal, existing data formats
designed for text retrieval are often ill-suited for organizing multi-
modal data. Third, as dense retrievers increasingly serve as industry
solutions, there is a growing demand for more efficient inference
methods to meet real-world deployment requirements.

In this work, we present updates to the Tevatron toolkit that
address these challenges. Our contributions include a new data
organization to support unified multimodal retriever training, as
well as the integration of best practices from general LLM training
and inference to enhance memory and computational efficiency. To
facilitate further research, we have converted multiple open-source
datasets into a unified format and hosted them in the Tevatron
Hugging Face collection, which we will maintain and update con-
tinuously. We also demonstrate Tevatron’s capability to support
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future research by training a unified dense retriever capable of
multilingual and multimodal retrieval and providing analysis such
as cross-modality generalization.

2 Tevatron-v2 Overview
2.1 Unified Data Management

Data management is a critical aspect often overlooked in individual
research projects. As dense retrieval increasingly aims to handle
generalizable tasks, it becomes essential to efficiently explore mul-
tiple sets of training data and their combinations.

Tevatron-v1 is specifically designed for text retrieval models,
where training data for different text retrieval tasks could be unified
into the following format for contrastive learning:

{
"query_id": "<query id>",
"query": "<query text>",
"positive_passages": [
{"docid": "<passage id>", "title": "<passage title>",
"text": "<passage body>"}, ...],
"negative_passages": [
{"docid": "<passage id>", "title": "<passage title>",
"text": "<passage body>"3}, ...]
}

In this format, the raw document content for both positive and neg-
ative candidates is stored alongside each query instance. While this
provides transparency for users to explore and debug the training
data, it is not well-suited for multimodality data (where documents
or queries can be images) or mixed-modality data (where queries
and documents can contain both text and images).

As the number of queries expands, and each query is typically
associated with multiple hard negative documents, the document
lists across multiple queries often contain duplicate content. For
instance, if each document in a corpus is associated with a query,
and we aim to build training data with 20 hard negatives per query,
the storage requirement for the training data becomes 20 times
that of the corpus. This storage overhead becomes particularly
prohibitive for image data, which is significantly more costly to
store compared to text.

To address these challenges, we introduce a new unified data
format for Tevatron-v2:
query:

{
"query_id": "<query id>",
"query_text": "<query text>",
"query_image": "<query image>",
"query_video": "<path to video>",
"query_audio": "<path to audio>"
"positive_document_ids": ["<document id>",
"negative_document_ids": ["<document id>",

3

corpus:

{
"docid": "<document id>",
"document_text": "<document text>",
"document_image": "<document image>",
"document_video": "<document video path>",
"document_audio": "<document audio path>",

.,
-1,
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Finetune ZeRO FlashAttn GPU Memory Training Time
Full-FT ZeROO No OOM -

Full-FT ZeRO3 No 63,146 MiB x4 27 hours
Full-FT ZeRO3 Yes 62,916 MiB x4 26 hours
Full-FT ZeRO3-off Yes 21,764 MiB x4 44 hours
LoRA ZeRO0 No 28,554 MiB x4 19 hours
LoRA ZeROO0 Yes 28,172 MiB x4 18 hours
LoRA ZeRO3 Yes 25,778 MiB x4 25 hours
LoRA ZeRO3 Yes 69,324 MiB x1 74 hours

Table 1: GPU memory and training time for fine-tuning
Llama3.1-8B as a dense retriever using Tevatron-v2 with Rep-
Llama [16] recipe on MS MARCO Passage.

In this new format, we decouple the training queries from the
corpus. For document candidates associated with each query, we
only store document IDs, dynamically loading the raw content
within the dataloader. This approach significantly reduces storage
requirements.

Additionally, this format efficiently organizes various data modal-
ity combinations without introducing complexity. It is compatible
with text-only retrieval data, image-only retrieval data, and mixed-
modality retrieval data. If a query or document contains more than
one piece of text or image, we assume they can be merged into a
single representation.

The dataloader and collator in Tevatron-v2 are designed to be
modality-agnostic, enabling seamless training across different data
combinations. For example, mixing text-only and image retrieval
datasets allows training queries to encounter documents from var-
ied modalities, helping to reduce modality bias. To support flexible
data integration, Tevatron-v2 also introduces a Multi-Dataset class,
allowing users to configure multiple training datasets.

2.2 GPU Memory Efficiency

The primary challenge in training billion-scale dense retrieval mod-
els lies in their substantial GPU memory requirements. Additionally,
retriever training benefits from larger batch sizes and a large set of
hard negative candidates for each update, further escalating these
memory demands. Tevatron-v2 integrates several best practices
from general large language model (LLM) training, including LoRA
(Low-Rank Adaptation) [6], DeepSpeed ZeRO optimization [19],
and FlashAttention [2], to address these challenges.

Table 1 demonstrates that each memory-efficient strategy signif-
icantly reduces GPU memory usage. For example, full fine-tuning
without optimization results in out-of-memory errors. Enabling
ZeRO stage 3 reduces memory usage to 63 GB per GPU on a 4-GPU
machine, with a training time of 27 hours. With CPU offloading
(zero3-off), memory usage drops to 22 GB per GPU, though training
time increases to 44 hours due to offloading overhead.

For LoRA-based fine-tuning, the memory usage is much lower
than full fine-tuning. Combining LoRA with ZeRO stage 3 and
FlashAttention further reduces memory needs. Notably, training
on a single GPU with LoRA, zero3, and FlashAttention is feasible,
consuming 69,324 MiB of memory in charge of longer training time,
but it makes things possible to explore on very limited compute
resources. FlashAttention generally provides greater benefits in
longer-context scenarios. However, in the MS MARCO Passage
dataset, where documents are short (averaging 60 words), its impact
on speed and memory cost is less pronounced.
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2.3 Inference Efficiency

Encoding Speed Comparison: Transformers vs vLLM
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Figure 1: Encoding speed comparison between Transformers
and vLLM implementation. For text, we used a retriever based
on Llama3.1-8B retriever; for Wiki-SS, we used a multimodal
retriever based on QWen2-VL-2B retriever with 784x784 im-
age inputs.

vLLM [12] is an optimized serving and inference library for LLMs,
designed to deliver high-throughput and low-latency inference.
Integrating vLLM into Tevatron-v2 offers two key advantages. First,
it significantly improves encoding speed, making the process more
efficient. Second, it simplifies the deployment of models trained with
the Tevatron codebase, enabling users to deploy them more easily
and effectively. Additionally, vVLLM majorly supports generation
models, allowing retrievers to work closely with generation models
in frameworks like retrieval augmented generation. This integration
makes such collaborative workflows more seamless and efficient.

To quantitatively evaluate the benefits of vLLM, we compared
the encoding speed of vLLM and the standard Transformers im-
plementation in two settings: text encoding on the MS MARCO
passage ranking corpus and document image encoding on the Wiki-
SS (Wikipedia screenshot corpus). For text encoding, we used an 8B
LLM retriever based on the Llama3.1-8B architecture. For Wiki-SS
encoding, we employed a multimodal retriever based on the QWenz2-
VL-2B backbone, with images input at a resolution of 784x784. As
shown in Figure 1, vLLM outperforms the Transformers implemen-
tation in both text and image encoding tasks by around 3 times of
encoding speed.

Besides encoding latency, as the size of hidden states in large
language models (LLMs) continues to grow, the increasing dimen-
sionality of text embeddings raises concerns about storage costs
for corpus indexes and search latency. To address this challenge,
we integrate Matryoshka Representation Learning (MRL) [11] into
Tevatron-v2. This approach enables the model to learn nested, scal-
able representations, where embeddings can be truncated to smaller
dimensionalities without significant effectiveness degradation. Dur-
ing training, users can specify the target dimensionalities they wish
to optimize for, allowing the model to adapt to diverse requirements.
At inference time, this flexibility empowers users to dynamically
adjust the text embedding dimensionality based on specific storage
or computational constraints.
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2.4 Comparison with Other Toolkits

The IR community has developed a number of outstanding toolk-
its that have greatly advanced research and experimentation. For
example, Pyserini enables reproducible information retrieval exper-
iments with robust integration of sparse and dense retrievers [13].
MTEB provides a comprehensive benchmark suite for evaluating
embedding models across a wide range of retrieval and general
embedding tasks [17]. Toolkits like sentence-transformers [20],
BGE [1] and RAG-Retrieval [28] offer flexible and performant im-
plementations of state-of-the-art retrievers and rerankers, making
them widely adopted in both academia and industry. There are also
specialized toolkits designed for LLM-based reranking [21, 22, 27].
Tevatron aims to offer an extensible framework that supports
rapid prototyping and scalable training, with modular components
for data processing, model training, and evaluation. It is designed
with flexibility in mind, making it easy to incorporate new training
paradigms, languages, and modalities. This enables researchers to
explore new scenarios within a single, cohesive framework, paving
the way for more generalizable and powerful retrieval systems.

3 Experiment: Unified Dense Retriever

To demonstrate the capabilities of our toolkit, we present the train-
ing of a dense retrieval model using a set of Tevatron self-contained
data (available on Hugging Face) to develop a unified multimodal
and multilingual dense retriever. We further explore in-modality
zero-shot and cross-modality zero-shot settings to highlight the
potential of Tevatron-v2 for future research.

3.1 Setup

3.1.1 Training data.

e BGE-Training Data [1]: A set of text retrieval training data,
such as web search (MS MARCO Passage), Wikipedia-based
QA and Fact verification (NQ, FEVER), scientific document
retrieval (SCIDOCS), etc. 1.84 million in total derived from
bge-full-training data.

e WikiSS [15]: This dataset, released as part of the DSE work,
is based on natural question query sets and the Wikipedia
screenshot corpus. It includes 29.3k training samples.

e PixMo-docs: PixMo-Docs [3] is originally a collection of

synthetic question-answer pairs about computer-generated

images (e.g., charts, tables, diagrams, and documents), we
converted PixMo-Docs into retrieval training data through
filtering and hard negative mining. We removed questions
that were too specific and unsuitable for open-domain ques-
tion answering (e.g., “What is the summary of the text?”).

This was done by leveraging DSE as a retriever to search

for each query. If the corresponding paired document did

not appear in the top-100 retrieval results, the query was

deemed unsuitable and removed. We identified challenging
negative examples for each question by randomly sampling
non-positive documents from the top-100 retrieval results.

After processing, we obtained 1.75 million training samples.

ColPali-training-data [4]: This dataset is the training data

for the ColPali model, a multi-vector document screenshot

retriever. It includes 127k query-image pairs. The original
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Method | Base Model | BEIR | ViDoRe | MIRACL
BGE-M3 [1] X-RoBERTa | 50.0 | 66.1* 69.2
MistralE5 [25] Mistral0.1-7B | 59.0 - 62.2
DSE-QWen2 [15] | Qwen2vl-2B - 85.8 -
GME-2B [30] Qwen2vl-2B | 554 | 87.8 -
Tevatron-WikiSS | Qwen2.5vl-3B | 40.8 73.3 30.6
Tevatron-BGE Qwen2.5vl-3B | 57.0 76.4 67.5
Tevatron-VL Qwen2.5vl-3B | 54.3 85.3 66.5
Tevatron-Omni Qwen2.50mni | 58.2 85.8 69.1

Table 2: Multimodal and multilingual retrieval results. “The
result of BGE-M3 on ViDoRe is based on OCR.

release did not contain hard negatives, so we followed a
similar approach as above to mine hard negative candidates.

e MSR-VTT [26] and AudioCaps [9] are video and audio re-
trieval datasets, respectively. We include them to support
training the Omni variants of our model. See additional de-
tails below.

3.1.2  Hyperparameters. The Tevatron-VL model, based on Qwen2.5-
VL-3B-Instruct [23], is trained on the combined text and visual
datasets for one epoch. The Tevatron-Omni model, based on Qwen2.5-
Omni-7B [7], additionally incorporates video and audio data. Train-
ing is performed on a machine with 8xNVIDIA H100 GPUs using
a batch size of 128 queries. Each query is paired with one positive
and three hard negative documents. We adopt LoRA for memory-
efficient training.

3.1.3  Evaluation. To assess the model’s effectiveness on retrieval
tasks across languages and modalities, we evaluate it on the follow-
ing widely used retrieval evaluation datasets:

o BEIR [24]: A diverse collection of English retrieval tasks. We
evaluate on its 13 publicly available datasets, with effective-
ness reported in nDCG@10.

e MIRACL [29]: A multilingual retrieval evaluation bench-
mark covering 18 languages, with effectiveness reported in
nDCG@10.

e ViDoRe [4]: A multimodal evaluation benchmark that in-
cludes table, chart, and document screenshot retrieval tasks.
Effectiveness is reported in nDCG@5.

Note that Tevatron-v2 also self-contains evaluation scripts for above
evaluation.

3.1.4  Model Variants. To further investigate the effectiveness of in-
modality and cross-modality zero-shot generalization, we trained
two additional variants:

o Tevatron-WikiSS, which is trained exclusively on Wikipedia
screenshot-based document image retrieval data. This vari-
ant is evaluated using the ViDoRe benchmark for in-modality
zero-shot effectiveness.

e Tevatron-BGE, which is trained solely on text retrieval data
to adapt the multimodal backbone as a retriever. This variant
is evaluated using the ViDoRe benchmark for cross-modality
zero-shot effectiveness.
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Method | MSR-VTT | AudioCaps
CLIP [18] 31.2 -

CE [10] - 23.1
Tevatron-Omni 51.3 34.0

Table 3: Recall@1 of video and audio retrieval tasks of
Tevatron-Omni compared to baselines.

3.2 Results

Table 2 presents a comparison of retrieval effectiveness across
various models, highlighting the effectiveness of our unified re-
triever model, Tevatron-VL and Tevatron-Omni, against other ex-
isting representative models. The results demonstrate that our uni-
fied retriever achieves competitive effectiveness across multiple
dimensions of retrieval tasks, including English multi-task retrieval,
multilingual retrieval, and multimodal retrieval. In addition, our
Tevatron-Omni also effectively supports video and audio embed-
ding as illustrated in Table 3. Existing retrieval models are typically
optimized for one or two specific dimensions. For instance, BGE-
M3 [1] and MistralE5 [25] are primarily focused on text retrieval
tasks. In contrast, Tevatron is designed to easily handle all these
optimizations across retrieval tasks, languages, and modalities. Be-
sides, our training data and training pipeline are fully open-sourced.

Zero-Shot Generalization. An exciting finding from the Tevatron-
BGE model variants, which trains a large vision-language model
backbone using only text retrieval data, demonstrates strong cross-
modal zero-shot effectiveness on ViDoRe. The effectiveness score is
even higher than that of in-modality zero-shot when using WikiSS
as training data. Since the BGE data encompasses a more diverse
range of retrieval tasks, this suggests that the backbone model ex-
cels in aligning textual and visual inputs. Furthermore, it highlights
that fine-tuning the model to learn relevancy is more critical than fo-
cusing on modality alignment. This implies that even in the absence
of multimodal retrieval training data, training on diverse text-only
retrieval tasks can potentially yield effective multimodal retrieval.
This approach may prove more effective than relying on text-based
retrieval combined with OCR, as seen in models like BGE-M3 on
ViDoRe. This showcases the flexibility and research-friendly design
of Tevatron-v2, empowering researchers to experiment with diverse
training data and tasks while exploring new research questions.

4 Conclusion

In this paper, we introduce Tevatron-v2, a unified and efficient
toolkit for advancing large-scale, multimodal, and multilingual re-
trieval research. By demonstrating the training of a unified dense
retriever capable of handling both multilingual text and image doc-
ument retrieval, Tevatron-v2 showcases its versatility and potential
to drive future research in retrieval, making it a valuable tool for
both academia and industry. Tevatron-v2 is fully open-sourced at
https://github.com/texttron/tevatron.
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