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ABSTRACT

Retrieval-augmented generation (RAG) is an effective technique that enables large
language models (LLMs) to utilize external knowledge sources for generation.
However, current RAG systems are solely based on text, rendering it impossible
to utilize vision information like layout and images that play crucial roles in real-
world multi-modality documents. In this paper, we introduce VisRAG, which
tackles this issue by establishing a vision-language model (VLM)-based RAG
pipeline. In this pipeline, instead of first parsing the document to obtain text,
the document is directly embedded using a VLM as an image and then retrieved
to enhance the generation of a VLM. Compared to traditional text-based RAG,
VisRAG maximizes the retention and utilization of the data information in the
original documents, eliminating the information loss introduced during the pars-
ing process. We collect both open-source and synthetic data to train the retriever in
VisRAG and explore a variety of generation methods. Experiments demonstrate
that VisRAG outperforms traditional RAG in both the retrieval and generation
stages, achieving a 20–40% end-to-end performance gain over traditional text-
based RAG pipeline. Further analysis reveals that VisRAG is efficient in utilizing
training data and demonstrates strong generalization capability, positioning it as a
promising solution for RAG on multi-modality documents. Our code and data are
available at https://github.com/openbmb/visrag.

1 INTRODUCTION

Trained on massive data, large language models (LLMs) have shown strong abilities in common
NLP tasks using their parametric knowledge (Wei et al., 2022; Zhao et al., 2023; Achiam et al.,
2023). However, the issue of hallucination (Ji et al., 2023; Bang et al., 2023) and the challenge of
updating the parametric knowledge limit their real-world application in specific domains. Retrieval-
augmented generation (RAG) alleviates this problem by supplying the LLM with information re-
trieved from a custom outer knowledge base (Guu et al., 2020; Lewis et al., 2020; Yu et al., 2023).
Open-source RAG frameworks like llamaindex (Liu, 2022) have been developed to facilitate the
research and deployment of RAG.

Typical retrieval-augmented generation (RAG) pipelines are text-based, operating on segmented
texts as retrieval units (Yu et al., 2023; Asai et al., 2024; Yan et al., 2024), which we refer to as
TextRAG. In real-world scenarios, knowledge is often presented in multi-modality documents such
as textbooks and manuals, which may have texts and figures intersected together. To acquire texts
from such data sources, a parsing stage is required, which typically involves a cascade of processes,
including layout recognition, optical character recognition (OCR), and post-processing steps like
text joining (Zhang et al., 2024; Liu, 2022). While effective in most scenarios, the parsing process
inevitably introduces errors, which can negatively impact the retrieval and generation phases. More-
over, TextRAG utilizes only textual information, overlooking potential information present in other
modalities like images. Although research has been conducted on image retrieval and multi-modal
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RAG, these approaches primarily focus on prede�ned scenarios wherein images and descriptive
texts are properly extracted and paired (Wei et al., 2023; Sharifymoghaddam et al., 2024; Zhou
et al., 2024), differing from real-world scenarios where texts and images (including �gures) are
often interleaved within a single document page.

The recent development of vision-language models (VLMs) has introduced a promising approach
to understanding complex visual cues in images and documents (OpenBMB, 2024b; Wang et al.,
2024). By integrating a language model with a vision encoder, VLMs demonstrate superior abil-
ities in applications such as describing pictures (Alayrac et al., 2022), explaining �gures (Bavishi
et al., 2023), and transcribing (printed and handwritten) text from document images (Laurençon
et al., 2024). Given the robust capabilities of VLMs in capturing multi-modal information present in
images, an intriguing question arises: can the basic language model in the retrieval and generation
components of TextRAG be substituted with a VLM, thus the parsing stage is bypassed and all the
information of the document is preserved?

In this paper, we presentVision-basedRetrieval-augmentedGeneration (VisRAG), to study the fea-
sibility of building a pure-vision RAG pipeline using VLMs. VisRAG is built with a VLM-based
retriever VisRAG-Ret and generator VisRAG-Gen. Inherited the bi-encoder of text-based dense re-
triever (Karpukhin et al., 2020), VisRAG-Ret maps the query and the document into an embedding
space, but utilizing the document's image directly instead of relying on extracted textual content.
The embedding is obtained by applying weighted mean pooling on the �nal hidden states of the in-
put text or vision tokens. After retrieving top-k document images, VisRAG processes these images
to generate the answer. While it is straightforward to use a VLM that supports multi-image input for
generation, for VLMs that can only accept one single image, we propose page concatenation and
weighted selection techniques to enable the handling of multiple documents. Throughout the pro-
cess, VisRAG preserves all information in its original visual format, thereby preventing the potential
information loss or distortion that might occur in traditional RAG pipelines.

Figure 1: TextRAG vs. VisRAG on �nal gen-
eration accuracy. In TextRAG, parsed text
serves as the basis for both retrieval and gen-
eration processes. In contrast, VisRAG lever-
ages the original document image directly by
using a VLM-based retriever and generator.
Details can be found in Sec. 5.1.

To evaluate VisRAG on real-world multi-modal doc-
uments, we construct datasets from open-source vi-
sual question answering (VQA) datasets and syn-
thetic query-document pairs derived from web-
crawled PDFs. In terms of retrieval, VisRAG-
Ret outperforms state-of-the-art text- and vision-
centric retrievers and achieves better results than
solely relying on its constituent vision encoder
or language model under identical training con-
ditions. For generation, VisRAG-Gen surpasses
traditional text-based generators with open-source
VLMs. With VLMs capable of handling mul-
tiple images, VisRAG shows increasing perfor-
mance gains with more retrieved documents, indi-
cating the potential for multi-page reasoning. As
depicted in Figure 1, in a direct comparison of
pipeline performances, VisRAG achieves a 40% rel-
ative improvement over TextRAG using MiniCPM-
V 2.6 (OpenBMB, 2024b) as the generator and a
20% relative improvement with GPT-4o (OpenAI,
2024) as the generator, attributed to the cascade ef-
fect. Further analysis reveals that VisRAG possesses
better training data ef�ciency and generalization ability than baseline models, and demonstrates ro-
bustness across both text-centric and vision-centric documents. VisRAG shows great promise in
replacing TextRAG as the next-generation standard for RAG pipelines.

2 RELATED WORK

Retrieval-augmented Generation (RAG). RAG enhances large language models (LLMs) by
incorporating retrieved information from external knowledge bases, which assists in addressing
knowledge-intensive tasks (Guu et al., 2020), reducing hallucinations (Semnani et al., 2023), and

2



Published as a conference paper at ICLR 2025

acquiring new knowledge (Vu et al., 2023). An RAG pipeline typically comprises a text-based
retriever that fetches relevant information from the knowledge base given the user query, and an
LLM-based generator that reads the query along with the retrieved information to generate an an-
swer (Shi et al., 2024b; Yu et al., 2023). Prior research on RAG primarily focuses on: a) improving
the retriever, which is typically a text encoder producing text embeddings, through generator feed-
back (Yu et al., 2023; Shi et al., 2024b); b) enhancing the generator via supervised �ne-tuning (Lin
et al., 2024; Xu et al., 2024a), in-context pre-training (Shi et al., 2024a), or advanced prompting (Xu
et al., 2024c); and c) developing advanced RAG pipelines to handle long-form or multi-hop ques-
tion answering (Jiang et al., 2023; Asai et al., 2024). However, research on RAG has predominantly
targeted cleaned text corpora like Wikipedia from an academic standpoint. Building effective RAG
pipelines for real-world, multi-modal documents remains a challenge.

Vision-language Models. Recent advancements in vision-language models (VLMs) have greatly
improved �ne-grained multi-modal understanding. Since CLIP (Radford et al., 2021) pioneered
contrastive visual-text alignment, models like Flamingo (Alayrac et al., 2022), LLaVA (Liu et al.,
2023b), and BLIP (Li et al., 2022) have expanded LLMs to process visual inputs by connecting
languages models with a CLIP-style vision encoder. Research has then shifted towards more ad-
vanced multi-task and multi-stage pre-training paradigms, enabling models to generalize across a
wide range of vision-language tasks (Liu et al., 2024a; Bai et al., 2023; Wang et al., 2023; Dai et al.,
2023). This is followed by notable advancements in high-resolution visual understanding (Xu et al.,
2024b; Bavishi et al., 2023; Lin et al., 2023) and OCR capabilities (Kim et al., 2022; Lee et al., 2023;
Hong et al., 2024; Chen et al., 2024b). Speci�cally, VLMs like the DocOwl series (Ye et al., 2023a;
Hu et al., 2024b;a), UReader (Ye et al., 2023b), and TextMonkey (Liu et al., 2024b) are purpose-
built to tackle OCR-free document understanding. More recently, breakthroughs have been made
in multi-image understanding (Li et al., 2024a; Wang et al., 2024). Recent open-source VLMs like
the MiniCPM-V (Yao et al., 2024) and Qwen2-VL (Wang et al., 2024) series combine the merits of
recent techniques, achieving state-of-the-art performance. Those features of VLMs provide a foun-
dation for our vision-based RAG pipeline, which requires multi-modal document understanding.

Multi-modality Retrieval and RAG. Multi-modal retrieval encompasses a wide range of tasks,
such as retrieving a matching image given the text (Han et al., 2017), retrieving a text-image pair
to answer a question (Chang et al., 2022), and retrieving texts that answer the given query about a
provided image (Hu et al., 2023a; Luo et al., 2023), etc. Wei et al. (2023) propose UniIR, a universal
multi-modal retrieval model capable of addressing the aforementioned multiple tasks. The retrieved
information is then employed for incorporating knowledge (Hu et al., 2023b; Luo et al., 2021) or
in-context learning (Tan et al., 2024; Liu et al., 2023a), with the aim of generating answers or im-
ages (Sharifymoghaddam et al., 2024). Prior research mentioned above is conducted on academic
datasets, where texts and images are meticulously extracted from raw data and paired (e.g., images
with their captions), to make it feasible to do separate encoding of data in different modalities. This
hinders their applicability in real-world RAG scenarios, as real-world multi-modal documents are of-
ten presented in mixed modalities, and information may be distributed across various combinations
of modalities. Concurrent works DSE (Ma et al., 2024) and ColPali (Faysse et al., 2024) address this
issue by directly encoding the image of a document for retrieval. However, as these studies focus
on retrieval, they lack a comprehensive comparison of their approaches with text-based retrieval in
both in-domain and out-of-domain settings, and do not conduct an end-to-end RAG evaluation.

3 METHODOLOGY

In this section, we �rst recap the typical RAG pipeline (Sec. 3.1), then present our VisRAG frame-
work (Sec. 3.2) and the construction of our training and evaluation data (Sec. 3.3).

3.1 PRELIMINARY : RETRIEVAL-AUGMENTED GENERATION

A typical retrieval-augmented generation (RAG) pipeline consists of a retriever and a generator,
both built on large language models (LLMs)1. This pipeline operates on a knowledge corpusD,

1In many cases, the retriever uses language models smaller than 1B parameters, which may not be consid-
ered “large”, but we use the term LLM for simplicity.
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