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ABSTRACT

Large multimodal models (LMMs) have recently shown great progress in text-rich
image understanding, yet they still struggle with complex, multi-page visually-rich
documents. Traditional methods using document parsers for retrieval-augmented
generation suffer from performance and efficiency limitations, while directly pre-
senting all pages to LMMs leads to inefficiencies, especially with lengthy ones. In
this work, we present a novel framework named LoRA-Contextualizing Adaptation
of Large multimodal models (LoCAL), which can broaden horizons of any LMM
to support long-document understanding. We demonstrate that LMMs themselves
can be an effective multimodal retriever to fetch relevant pages and then answer
user questions based on these pages. LoCAL is implemented with two specific
LMM adapters, one for evidence page retrieval and the other for question answer-
ing. Empirical results show state-of-the-art performance on public benchmarks,
demonstrating the effectiveness of LoCAL.

1 INTRODUCTION

Documents serve as a critical medium for the preservation and dissemination of information, with
millions produced annually. These documents are not limited to simple text; they encompass
complex layouts and a variety of modalities such as text, tables, charts, and images. Visually-rich
document understanding (VDU) is thus an essential and challenging area of research. Recently,
Large Multimodal Models (LMMs) has emerged, showcasing remarkable abilities to process and
understand documents. These models span both proprietary and open-source domains, like GPT-4o
(OpenAI, 2023), Gemini-1.5 (Team et al., 2023), and Claude-3 among closed-source models, and
InternLM-XC2-4KHD (Dong et al., 2024), InternVL-Chat (Chen et al., 2023b), LLaVA-NeXT (Liu
et al., 2024a), Mini-CPM (Hu et al., 2024), mPLUG-DocOwl (Ye et al., 2023b), and TextMonkey (Liu
et al., 2024d) in open-source space. Their performance has been particularly notable in single-page
DU tasks demonstrated on datasets like DocVQA (Mathew et al., 2021), ChartQA (Masry et al.,
2022) and InfoVQA (Mathew et al., 2022).

In real-world applications, they often present documents that are much longer, containing dozens
or hundreds of pages(Ma et al., 2024c; Tanaka et al., 2023; Islam et al., 2023; Zhu et al., 2021).
Addressing the understanding of such lengthy documents presents LMMs with new challenges (Ma
et al., 2024c). One way is to utilize a classical document parser (Rausch et al., 2021) to extract
information and formulate a prompt for LLM (Wang et al., 2023; Lamott et al., 2024), which is
difficult to recover the layout in prompts and suffers performance degeneration from the document
parser. The other way is to exploit the long context windows of large models, allowing them to
take multiple pages at once. However, most of the input pages are not relevant to user requests, and
efficiency will be compromised when the document contains hundreds of pages Ma et al. (2024c);
Islam et al. (2023) or there is a document collection (Tito et al., 2021).

In this work, we first retrieve evidence pages to obtain relevant information within a vast and varied
landscape of content. Unlike using a classical document parser, we propose using LMMs as the
information encoder, which have shown great generalization ability as they have been trained on
a huge text corpus. After obtaining the embedding of each page, we further utilize contextualized
late interaction for relevance scoring (Khattab & Zaharia, 2020). This design shows significantly
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better efficiency and accuracy than using the classical document parser to extract information. Top-k
pages are then selected from hundreds of pages and provided to LMMs to answer user questions on
documents.

RELATIONSHIP 
BUILDING & PM
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Encoder

Figure 1: Overview of the LoCAL pipeline. The multi-page document and query are encoded by a
customized LMM (yellow). The most relevant page is retrieved through similarity-based matching,
and a fine-tuned LMM (blue) generates the final answer from the evidence.

Based on this design demonstrated in Figure 1, we introduce the LoCAL framework for multi-page
document understanding, which includes modules for evidence page retrieval and answer generation.
Our contributions can be summarized as follows.

• We propose a novel framework named LoCAL to broaden the horizons of LMMs, where we use
intermediate LMMs hidden embedding for efficient question-based evidence page retrieval.

• We finetune LMMs through dual LoRA adapters for evidence page retrieval and question answering,
respectively, enabling LoCAL to be edge-friendly with great memory efficiency.

• We collect a visually-rich document QA dataset, LoCAL-bench, comprising nine domains including
magazine, flyer, newsletter, product manual, and presentations, etc. This dataset is built upon
web-crawl documents, containing 226 documents and 471 question answer pairs.

• We empirically show that LoCAL, with only 4B parameters, achieves state-of-the-art performance
on LoCAL-bench and four public benchmarks, rivaling Gemini-1.5-pro on MMLongBench-Doc
and demonstrating its effectiveness.

2 RELATED WORK

Visually-rich Document Understanding Visual Document Understanding (VDU) is the field
focused on interpreting text-rich images such as tables (Zhong et al., 2019), charts (Masry et al.,
2022), and webpage screenshots (Liu et al., 2024c; Tanaka et al., 2021). These images are complex,
featuring a mix of text and visual elements that convey abundant information (Gu et al., 2024). To
evaluate multimodal document understanding, tasks range from low-level recognition tasks, such as
information extraction, to high-level cognitive tasks, such as visual question answering (Mathew et al.,
2020). Models in VDU are typically divided into two categories: OCR-dependent (Xu et al., 2020)
and OCR-free, based on their reliance on Optical Character Recognition (OCR). OCR-dependent
models are often trained to synchronize textual and visual data. For instance, UDoP (Tang et al., 2023)
is pre-trained to restore obscured textual and layout details using both image and partial text inputs.
OCR-free approaches must include text recognition training. Dount (Kim et al., 2022) is an example
of an OCR-free model that focuses on producing unbroken text sequences, disregarding structural
details. In contrast, Pix2Struct (Lee et al., 2023a), another OCR-free model, focuses on interpreting
the structure by creating HTML DOM trees from webpage screenshots. However, this technique
does not easily transfer to other image types. Our method focuses on the visual question-answering
task, specifically targeting questions over long documents consisting of multiple pages of multimodal
information.

Multimodal Retrieval-Augmented Generation Augmenting language models with information
from various knowledge sources has been found to boost their performance in different NLP tasks. The
Dense Passage Retriever (DPR) (Karpukhin et al., 2020) trains its retrieval mechanism with documents
from within the same batch, using contrastive learning with negatively sampled examples, which
enhances its capabilities in open-domain question answering. Document Screenshot Embedding
(DSE) (Ma et al., 2024b) uses large multimodal models (LMMs) as encoders for both document
screenshots and queries, training through contrastive learning to achieve enhanced multimodal
retrieval. Both REALM (Guu et al., 2020) and Retrieval-Augmented Generation (RAG) (Gao
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et al., 2023b) consider the passages they retrieve as hidden variables and train the retrieval and
generation components together, improving the efficiency of the retrieval-augmented generation
approach. Taking cues from textual RAG, the Plug-and-play (Chen et al., 2024d) approach uses
GradCAM (Selvaraju et al., 2020) to fetch pertinent image segments corresponding to a given query.
The MuRAG (Chen et al., 2022) model introduces a multimodal retrieval-augmented Transformer
that utilizes an external multimodal memory for language generation enhancement. Unlike other
approaches that retrieve information from various knowledge sources, LoCAL focuses on retrieving
relevant evidence pages from a given document. This helps LMMs generate accurate and explainable
answers based on the retrieved content.
Large Multimodal Models While Large Language Models (LLMs) excel at text-only question
answering (QA) (Dasigi et al., 2021; Lee et al., 2023b), they cannot process other modalities. To
enable multimodal tasks like Visual Question Answering (VQA), Large Multimodal Models (LMMs)
transform images and videos into visual tokens that LLMs can understand. To train these LMMs,
MiniGPT-4 (Zhu et al., 2023) leverages ChatGPT to produce data compliant with high-quality
instructions, while LLaVA (Liu et al., 2023b) prompts GPT-4 with image captions and bounding
boxes. Chen et al. (2023a; 2024a) have prompted OpenAI GPT-4V to generate more than 1M pieces
of quality data to train LMMs. LLaMA-Adapter (Zhang et al., 2023; Gao et al., 2023a) and mPLUG-
Owl (Ye et al., 2023b) align text and image features with large-scale image-text pairs. InstructBLIP
(Dai et al., 2023) has restructured 13 vision-language tasks to fit an instruction-based approach.
mPLUG-Owl (Ye et al., 2023a;b) implements multi-task instruction fine-tuning with public document
datasets. Recent research (Liu et al., 2023a; 2024a; Bai et al., 2023; Dong et al., 2024; Xu et al., 2024;
Luo et al., 2024) improves visual encoders by increasing resolution, leading to significant advances in
downstream applications but also raising memory costs, especially in multi-page tasks. TextMonkey
Liu et al. (2024d) compresses visual tokens using a token resampler. Our method extends LMMs to
handle multi-page documents by retrieving relevant pages, reducing computation and distractions
from long token sequences.

3 LOCAL METHOD

Multi-page document understanding aims to answer questions related to long and complex documents
containing both text and images from users. We denote a document of n-pages as a sequence of
images, X = {x1,x2, . . . ,xn}. Text token sequence of a question q is denoted as {q1, q2, . . . , qn}.
Traditional approaches that begin with a parsing step to extract content elements such as images,
tables, and forms from documents, then generate answers based on these contents using LLMs (Saad-
Falcon et al., 2023; Wang et al., 2023). Here, we first consider using LMMs to handle this task and
avoiding the heuristic document parsing process, where we directly convert each page into a single
image. It is not desired, as most pages in a document are irrelevant to user questions and performing
an evidence page retrieval can further enhance the efficiency.

We introduce LoCAL, a method that efficiently leverages the capabilities of pre-trained large multi-
modal models (LMMs) for long document question-answering (QA). LoCAL can broaden the horizon
of LMMs to answer questions over long documents or document collections with hundreds of pages.
This finding is based on the fact that hidden states of LMMs can be effective page representations for
question-based retrieval, as shown in Section 5.6. This representation ability can be further enhanced
with contrastive training using a LoRA adapter, demonstrating surprising retrieval performance of
LMMs. Furthermore, we can finetune a LoRA-adpter of QA to further enhance the performance of
LoCAL on specific domains. In summary, we first retrieve evidence pages to rank these images based
on their relevance score to a given question q, then select the most relevant images, which are then
fed into the LMM to generate the answer. In this section, we introduce the LoCAL architecture in
Section 3.1, retrieval training in Section 3.2 and dual-adapter designs in Section 3.3.

3.1 ARCHITECTURE

Figure 2 presents an overview of our model architecture, which comprises two LMM-based modules
for the retrieval of evidence pages and question answers.

Col-Retrieval Module Building on the approach introduced in ColPali (Faysse et al., 2024),
we employ a modified large multimodal model for retrieval, comprising a vision encoder fv, a
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<latexit sha1_base64="EVv7y19awWsepTR6cva+R71gN3E=">AAAB8XicbVDJSgNBEK2JW4xb1KOXxiB4CjPidhAJevEYwSyYDKGn05M06ekZumvEMOQvvHhQxKt/482/sbMcNPqg4PFeFVX1gkQKg6775eQWFpeWV/KrhbX1jc2t4vZO3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuB77jQeujYjVHQ4T7ke0p0QoGEUr3V+0kT9iZkaXnWLJLbsTkL/Em5ESzFDtFD/b3ZilEVfIJDWm5bkJ+hnVKJjko0I7NTyhbEB7vGWpohE3fja5eEQOrNIlYaxtKSQT9edERiNjhlFgOyOKfTPvjcX/vFaK4bmfCZWkyBWbLgpTSTAm4/dJV2jOUA4toUwLeythfaopQxtSwYbgzb/8l9SPyt5p+eT2uFS5msWRhz3Yh0Pw4AwqcANVqAEDBU/wAq+OcZ6dN+d92ppzZjO78AvOxzeq6JDu</latexit>

< s >

<latexit sha1_base64="twI3W4tjaWZ8fnz2cyhVGLv39L0=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmQ2dllplcMSz7DiwdFvPo13vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqDg0ey1i3A2ZACgUNFCihnWhgUSChFYxup37rEbQRsXrAcQJ+xAZKhIIztFKni/CEWWvIcNIrV9yqOwNdJl5OKiRHvVf+6vZjnkagkEtmTMdzE/QzplFwCZNSNzWQMD5iA+hYqlgExs9mJ0/oiVX6NIy1LYV0pv6eyFhkzDgKbGfEcGgWvan4n9dJMbz2M6GSFEHx+aIwlRRjOv2f9oUGjnJsCeNa2FspHzLNONqUSjYEb/HlZdI8q3qX1Yv780rtJo+jSI7IMTklHrkiNXJH6qRBOInJM3klbw46L8678zFvLTj5zCH5A+fzB9KMkZ8=</latexit>

What

<latexit sha1_base64="I+2LEeQPpTXeNwinb/HPebgipig=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYhA8hV3xdQx68RjBPCRZwuykNxkyM7vM9IphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHeFieAGPe/bWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQZ3FItatkBoQXEEdOQpoJRqoDAU0w+HNxG8+gjY8Vvc4SiCQtK94xBlFKz10EJ4w42bcLZW9ijeFu0j8nJRJjlq39NXpxSyVoJAJakzb9xIMMqqRMwHjYic1kFA2pH1oW6qoBBNk04PH7rFVem4Ua1sK3an6eyKj0piRDG2npDgw895E/M9rpxhdBRlXSYqg2GxRlAoXY3fyvdvjGhiKkSWUaW5vddmAasrQZlS0IfjzLy+SxmnFv6ic352Vq9d5HAVySI7ICfHJJamSW1IjdcKIJM/klbw52nlx3p2PWeuSk88ckD9wPn8AafaQ0w==</latexit>

is

<latexit sha1_base64="3ooSDrDHwVeGjjrIGkXbYi3Z03U=">AAAB8XicbVDLSgNBEJz1GeMr6tHLYBA8hV3xdQx68RjBPDBZwuykNxkyO7vM9IphyV948aCIV//Gm3/jJNmDJhY0FFXddHcFiRQGXffbWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQ53HMtatgBmQQkEdBUpoJRpYFEhoBsObid98BG1ErO5xlIAfsb4SoeAMrfTQQXjCDAcw7pbKbsWdgi4SLydlkqPWLX11ejFPI1DIJTOm7bkJ+hnTKLiEcbGTGkgYH7I+tC1VLALjZ9OLx/TYKj0axtqWQjpVf09kLDJmFAW2M2I4MPPeRPzPa6cYXvmZUEmKoPhsUZhKijGdvE97QgNHObKEcS3srZQPmGYcbUhFG4I3//IiaZxWvIvK+d1ZuXqdx1Egh+SInBCPXJIquSU1UiecKPJMXsmbY5wX5935mLUuOfnMAfkD5/MHK/WRQg==</latexit>

the

<latexit sha1_base64="5azgHMz8DGWleStKM41elCgnYjE=">AAAB83icbVDLSsNAFL2pr1pfVZdugkVwVRLxtSy6cVnBPqAJZTKdtEMnkzBzI5bQ33DjQhG3/ow7/8ZpmoW2Hhg4nHPPzJ0TJIJrdJxvq7Syura+Ud6sbG3v7O5V9w/aOk4VZS0ai1h1A6KZ4JK1kKNg3UQxEgWCdYLx7czvPDKleSwfcJIwPyJDyUNOCRrJ85A9YZbnpv1qzak7Oexl4hakBgWa/eqXN4hpGjGJVBCte66ToJ8RhZya+ypeqllC6JgMWc9QSSKm/SzfeWqfGGVgh7EyR6Kdq78TGYm0nkSBmYwIjvSiNxP/83ophtd+xmWSIpN0/lCYChtje1aAPeCKURQTQwhV3Oxq0xFRhKKpqWJKcBe/vEzaZ3X3sn5xf15r3BR1lOEIjuEUXLiCBtxBE1pAIYFneIU3K7VerHfrYz5asorMIfyB9fkD1B6SNw==</latexit>

title

<latexit sha1_base64="ybqrtgMFxrLoI/EyuQxcdFhMi0o=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr5tBLx4TMA9IljA76SRjZmeXmVkhLPkCLx4U8eonefNvnCR70MSChqKqm+6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPR3dRvPqHSPJIPZhyjH9KB5H3OqLFS7aZbLLlldwayTLyMlCBDtVv86vQiloQoDRNU67bnxsZPqTKcCZwUOonGmLIRHWDbUklD1H46O3RCTqzSI/1I2ZKGzNTfEykNtR6Hge0MqRnqRW8q/ue1E9O/9lMu48SgZPNF/UQQE5Hp16THFTIjxpZQpri9lbAhVZQZm03BhuAtvrxMGmdl77J8UTsvVW6zOPJwBMdwCh5cQQXuoQp1YIDwDK/w5jw6L8678zFvzTnZzCH8gfP5A5MVjM0=</latexit>

?

Process Query

<latexit sha1_base64="2zJvF5XK8qgVxD+gejI8VbkWgPU=">AAAB8XicbVBNS8NAEN3Ur1q/qh69BIvgqSTi17HoxUOFCvYD21A220m7dLMJuxOxhP4LLx4U8eq/8ea/cdvmoK0PBh7vzTAzz48F1+g431ZuaXlldS2/XtjY3NreKe7uNXSUKAZ1FolItXyqQXAJdeQooBUroKEvoOkPryd+8xGU5pG8x1EMXkj7kgecUTTSQwfhCdNq9XbcLZacsjOFvUjcjJRIhlq3+NXpRSwJQSITVOu268TopVQhZwLGhU6iIaZsSPvQNlTSELSXTi8e20dG6dlBpExJtKfq74mUhlqPQt90hhQHet6biP957QSDSy/lMk4QJJstChJhY2RP3rd7XAFDMTKEMsXNrTYbUEUZmpAKJgR3/uVF0jgpu+fls7vTUuUqiyNPDsghOSYuuSAVckNqpE4YkeSZvJI3S1sv1rv1MWvNWdnMPvkD6/MHn66Q5g==</latexit>

L
L
M

<latexit sha1_base64="J5N8jeLA4oVlCz2b2Zb5MzCxd4M=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cKpi20tWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q0HGqGPosFrFqBVSj4BJ9w43AVqKQRoHAZjC6nfrNJ1Sax/LBjBPsRnQgecgZNVbyw0fVE71yxa26M5Bl4uWkAjnqvfJXpx+zNEJpmKBatz03Md2MKsOZwEmpk2pMKBvRAbYtlTRC3c1mx07IiVX6JIyVLWnITP09kdFI63EU2M6ImqFe9Kbif147NeF1N+MySQ1KNl8UpoKYmEw/J32ukBkxtoQyxe2thA2poszYfEo2BG/x5WXSOKt6l9WL+/NK7SaPowhHcAyn4MEV1OAO6uADAw7P8ApvjnRenHfnY95acPKZQ/gD5/MH1NuOtw==</latexit>

fr
l

<latexit sha1_base64="zSROQEpk5R2btvOJ+4eMqO7euBs=">AAAB/nicbVDLSgMxFM34rPVVFVdugkVwVWbE17IogssK9gHtUDLpbRuayQzJHbEMBX/FjQtF3Pod7vwb03YW2nogcDjnXO7NCWIpDLrut7OwuLS8sppby69vbG5tF3Z2ayZKNIcqj2SkGwEzIIWCKgqU0Ig1sDCQUA8G12O//gDaiEjd4zAGP2Q9JbqCM7RSu7DfQnjEtCbGCXqjeNQBPWoXim7JnYDOEy8jRZKh0i58tToRT0JQyCUzpum5Mfop0yi4hFG+lRiIGR+wHjQtVSwE46eT80f0yCod2o20fQrpRP09kbLQmGEY2GTIsG9mvbH4n9dMsHvpp0LFCYLi00XdRFKM6LgL2hEaOMqhJYxrYW+lvM8042gby9sSvNkvz5PaSck7L53dnRbLV1kdOXJADskx8cgFKZNbUiFVwklKnskreXOenBfn3fmYRhecbGaP/IHz+QOwiZX4</latexit>

Vision Encoder

<latexit sha1_base64="rnSmFxPsHuBUYE1ewCtgF6ATsN0=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoJVgETyURv45FPXisYD+gDWWznbRLN5uwOxFr6C/x4kERr/4Ub/4bt20OWn0w8Hhvhpl5QSK4Rtf9sgpLyyura8X10sbm1nbZ3tlt6jhVDBosFrFqB1SD4BIayFFAO1FAo0BAKxhdTf3WPSjNY3mH4wT8iA4kDzmjaKSeXe4iPGB2DZopHsCkZ1fcqjuD85d4OamQHPWe/dntxyyNQCITVOuO5yboZ1QhZwImpW6qIaFsRAfQMVTSCLSfzQ6fOIdG6TthrExJdGbqz4mMRlqPo8B0RhSHetGbiv95nRTDCz/jMkkRJJsvClPhYOxMU3D6XAFDMTaEmsfNrQ4bUkUZmqxKJgRv8eW/pHlc9c6qp7cnldplHkeR7JMDckQ8ck5q5IbUSYMwkpIn8kJerUfr2Xqz3uetBSuf2SO/YH18A0xzk4U=</latexit> D
es

cr
ib

e
<latexit sha1_base64="3ooSDrDHwVeGjjrIGkXbYi3Z03U=">AAAB8XicbVDLSgNBEJz1GeMr6tHLYBA8hV3xdQx68RjBPDBZwuykNxkyO7vM9IphyV948aCIV//Gm3/jJNmDJhY0FFXddHcFiRQGXffbWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQ53HMtatgBmQQkEdBUpoJRpYFEhoBsObid98BG1ErO5xlIAfsb4SoeAMrfTQQXjCDAcw7pbKbsWdgi4SLydlkqPWLX11ejFPI1DIJTOm7bkJ+hnTKLiEcbGTGkgYH7I+tC1VLALjZ9OLx/TYKj0axtqWQjpVf09kLDJmFAW2M2I4MPPeRPzPa6cYXvmZUEmKoPhsUZhKijGdvE97QgNHObKEcS3srZQPmGYcbUhFG4I3//IiaZxWvIvK+d1ZuXqdx1Egh+SInBCPXJIquSU1UiecKPJMXsmbY5wX5935mLUuOfnMAfkD5/MHK/WRQg==</latexit> th

e
<latexit sha1_base64="g1bvyxKhqhjfL+NOnjlXlB1qCmM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUR8LYtuXFawD2hCmUwnduhkEmZuxBL6G25cKOLWn3Hn3zhts9DWAxcO59w7c+8JUykMuu63s7S8srq2Xtoob25t7+xW9vZbJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8PhzcRvP3JtRKLucZTyIKYPSkSCUbSS7yN/wlxYkY97lapbc6cgi8QrSBUKNHqVL7+fsCzmCpmkxnQ9N8UgpxoFk3xc9jPDU8qG9vGupYrG3AT5dOcxObZKn0SJtqWQTNXfEzmNjRnFoe2MKQ7MvDcR//O6GUZXQS5UmiFXbPZRlEmCCZkEQPpCc4ZyZAllWthdCRtQTRnamMo2BG/+5EXSOq15F7Xzu7Nq/bqIowSHcAQn4MEl1OEWGtAEBik8wyu8OZnz4rw7H7PWJaeYOYA/cD5/AKS4khg=</latexit> im

ag
e

<latexit sha1_base64="EVv7y19awWsepTR6cva+R71gN3E=">AAAB8XicbVDJSgNBEK2JW4xb1KOXxiB4CjPidhAJevEYwSyYDKGn05M06ekZumvEMOQvvHhQxKt/482/sbMcNPqg4PFeFVX1gkQKg6775eQWFpeWV/KrhbX1jc2t4vZO3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuB77jQeujYjVHQ4T7ke0p0QoGEUr3V+0kT9iZkaXnWLJLbsTkL/Em5ESzFDtFD/b3ZilEVfIJDWm5bkJ+hnVKJjko0I7NTyhbEB7vGWpohE3fja5eEQOrNIlYaxtKSQT9edERiNjhlFgOyOKfTPvjcX/vFaK4bmfCZWkyBWbLgpTSTAm4/dJV2jOUA4toUwLeythfaopQxtSwYbgzb/8l9SPyt5p+eT2uFS5msWRhz3Yh0Pw4AwqcANVqAEDBU/wAq+OcZ6dN+d92ppzZjO78AvOxzeq6JDu</latexit> <
s

>

<latexit sha1_base64="T1aalwi33hHj/ly1vYf+CDOFkTU=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBbBjSURX8uiG5cV7APaUCaTm3bsJBNmJmIJBTf+ihsXirj1J9z5N07bLLR6YOBwzrncucdPOFPacb6swtz8wuJScbm0srq2vmFvbjWUSCWFOhVcyJZPFHAWQ10zzaGVSCCRz6HpDy7HfvMOpGIivtHDBLyI9GIWMkq0kbr2TkfDvc5M8DCR4hboWMZ9IMGoa5edijMB/kvcnJRRjlrX/uwEgqYRxJpyolTbdRLtZURqRjmMSp1UQULogPSgbWhMIlBeNrlhhPeNEuBQSPNijSfqz4mMREoNI98kI6L7atYbi/957VSH517G4iTVENPpojDlWAs8LgQHTJqr+dAQQiUzf8W0TySh2tRWMiW4syf/JY2jintaObk+Llcv8jqKaBftoQPkojNURVeohuqIogf0hF7Qq/VoPVtv1vs0WrDymW30C9bHN3KDmAw=</latexit>

Col-projection head
<latexit sha1_base64="WtRiDlvGZHI7LrCETiwqQa8Chrk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ9hLeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AFTAI3X</latexit>

fp

Process Image

<latexit sha1_base64="2zJvF5XK8qgVxD+gejI8VbkWgPU=">AAAB8XicbVBNS8NAEN3Ur1q/qh69BIvgqSTi17HoxUOFCvYD21A220m7dLMJuxOxhP4LLx4U8eq/8ea/cdvmoK0PBh7vzTAzz48F1+g431ZuaXlldS2/XtjY3NreKe7uNXSUKAZ1FolItXyqQXAJdeQooBUroKEvoOkPryd+8xGU5pG8x1EMXkj7kgecUTTSQwfhCdNq9XbcLZacsjOFvUjcjJRIhlq3+NXpRSwJQSITVOu268TopVQhZwLGhU6iIaZsSPvQNlTSELSXTi8e20dG6dlBpExJtKfq74mUhlqPQt90hhQHet6biP957QSDSy/lMk4QJJstChJhY2RP3rd7XAFDMTKEMsXNrTYbUEUZmpAKJgR3/uVF0jgpu+fls7vTUuUqiyNPDsghOSYuuSAVckNqpE4YkeSZvJI3S1sv1rv1MWvNWdnMPvkD6/MHn66Q5g==</latexit>

LLM
<latexit sha1_base64="J5N8jeLA4oVlCz2b2Zb5MzCxd4M=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cKpi20tWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q0HGqGPosFrFqBVSj4BJ9w43AVqKQRoHAZjC6nfrNJ1Sax/LBjBPsRnQgecgZNVbyw0fVE71yxa26M5Bl4uWkAjnqvfJXpx+zNEJpmKBatz03Md2MKsOZwEmpk2pMKBvRAbYtlTRC3c1mx07IiVX6JIyVLWnITP09kdFI63EU2M6ImqFe9Kbif147NeF1N+MySQ1KNl8UpoKYmEw/J32ukBkxtoQyxe2thA2poszYfEo2BG/x5WXSOKt6l9WL+/NK7SaPowhHcAyn4MEV1OAO6uADAw7P8ApvjnRenHfnY95acPKZQ/gD5/MH1NuOtw==</latexit>

fr
l

<latexit sha1_base64="WtRiDlvGZHI7LrCETiwqQa8Chrk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ9hLeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AFTAI3X</latexit>

fp

<latexit sha1_base64="aXA+8i6H5NN9VuZF2pEWWv1lmpo=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUnE17KoC5cV7AOaECbTSTt08mBmIoRQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHTziTyrK+jcrK6tr6RnWztrW9s7tn7h90ZZwKQjsk5rHo+1hSziLaUUxx2k8ExaHPac+f3BR+75EKyeLoQWUJdUM8iljACFZa8sy6c0u5wsgJsRr7Qd6besIzG1bTmgEtE7skDSjR9swvZxiTNKSRIhxLObCtRLk5FooRTqc1J5U0wWSCR3SgaYRDKt18Fn6KjrUyREEs9IsUmqm/N3IcSpmFvp4sMspFrxD/8wapCq7cnEVJqmhE5oeClCMVo6IJNGSCEsUzTTARTGdFZIwFJkr3VdMl2ItfXibd06Z90Ty/P2u0rss6qnAIR3ACNlxCC+6gDR0gkMEzvMKb8WS8GO/Gx3y0YpQ7dfgD4/MHoDaUxw==</latexit>

�
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r

<latexit sha1_base64="aXA+8i6H5NN9VuZF2pEWWv1lmpo=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUnE17KoC5cV7AOaECbTSTt08mBmIoRQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHTziTyrK+jcrK6tr6RnWztrW9s7tn7h90ZZwKQjsk5rHo+1hSziLaUUxx2k8ExaHPac+f3BR+75EKyeLoQWUJdUM8iljACFZa8sy6c0u5wsgJsRr7Qd6besIzG1bTmgEtE7skDSjR9swvZxiTNKSRIhxLObCtRLk5FooRTqc1J5U0wWSCR3SgaYRDKt18Fn6KjrUyREEs9IsUmqm/N3IcSpmFvp4sMspFrxD/8wapCq7cnEVJqmhE5oeClCMVo6IJNGSCEsUzTTARTGdFZIwFJkr3VdMl2ItfXibd06Z90Ty/P2u0rss6qnAIR3ACNlxCC+6gDR0gkMEzvMKb8WS8GO/Gx3y0YpQ7dfgD4/MHoDaUxw==</latexit>

�Wr

Rank-based retrieval

<latexit sha1_base64="zSROQEpk5R2btvOJ+4eMqO7euBs=">AAAB/nicbVDLSgMxFM34rPVVFVdugkVwVWbE17IogssK9gHtUDLpbRuayQzJHbEMBX/FjQtF3Pod7vwb03YW2nogcDjnXO7NCWIpDLrut7OwuLS8sppby69vbG5tF3Z2ayZKNIcqj2SkGwEzIIWCKgqU0Ig1sDCQUA8G12O//gDaiEjd4zAGP2Q9JbqCM7RSu7DfQnjEtCbGCXqjeNQBPWoXim7JnYDOEy8jRZKh0i58tToRT0JQyCUzpum5Mfop0yi4hFG+lRiIGR+wHjQtVSwE46eT80f0yCod2o20fQrpRP09kbLQmGEY2GTIsG9mvbH4n9dMsHvpp0LFCYLi00XdRFKM6LgL2hEaOMqhJYxrYW+lvM8042gby9sSvNkvz5PaSck7L53dnRbLV1kdOXJADskx8cgFKZNbUiFVwklKnskreXOenBfn3fmYRhecbGaP/IHz+QOwiZX4</latexit>

Vision Encoder

Answer generation

<latexit sha1_base64="sNuEk6maho32TWy0BWRErT7XZH8=">AAAB9XicbVDJSgNBEO2JW4xb1KOXxiB4CjPidgx68aAQwSyQjKGnpyZp0rPQXaOGIf/hxYMiXv0Xb/6NneWgiQ8KHu9VUVXPS6TQaNvfVm5hcWl5Jb9aWFvf2Nwqbu/UdZwqDjUey1g1PaZBighqKFBCM1HAQk9Cw+tfjvzGAygt4ugOBwm4IetGIhCcoZHu2whPmF3f0B4wf9gpluyyPQadJ86UlMgU1U7xq+3HPA0hQi6Z1i3HTtDNmELBJQwL7VRDwnifdaFlaMRC0G42vnpID4zi0yBWpiKkY/X3RMZCrQehZzpDhj09643E/7xWisG5m4koSREiPlkUpJJiTEcRUF8o4CgHhjCuhLmV8h5TjKMJqmBCcGZfnif1o7JzWj65PS5VLqZx5Mke2SeHxCFnpEKuSJXUCCeKPJNX8mY9Wi/Wu/Uxac1Z05ld8gfW5w9jdZJ0</latexit>

LM head

<latexit sha1_base64="EVv7y19awWsepTR6cva+R71gN3E=">AAAB8XicbVDJSgNBEK2JW4xb1KOXxiB4CjPidhAJevEYwSyYDKGn05M06ekZumvEMOQvvHhQxKt/482/sbMcNPqg4PFeFVX1gkQKg6775eQWFpeWV/KrhbX1jc2t4vZO3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuB77jQeujYjVHQ4T7ke0p0QoGEUr3V+0kT9iZkaXnWLJLbsTkL/Em5ESzFDtFD/b3ZilEVfIJDWm5bkJ+hnVKJjko0I7NTyhbEB7vGWpohE3fja5eEQOrNIlYaxtKSQT9edERiNjhlFgOyOKfTPvjcX/vFaK4bmfCZWkyBWbLgpTSTAm4/dJV2jOUA4toUwLeythfaopQxtSwYbgzb/8l9SPyt5p+eT2uFS5msWRhz3Yh0Pw4AwqcANVqAEDBU/wAq+OcZ6dN+d92ppzZjO78AvOxzeq6JDu</latexit> <
s

>

<latexit sha1_base64="twI3W4tjaWZ8fnz2cyhVGLv39L0=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmQ2dllplcMSz7DiwdFvPo13vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqDg0ey1i3A2ZACgUNFCihnWhgUSChFYxup37rEbQRsXrAcQJ+xAZKhIIztFKni/CEWWvIcNIrV9yqOwNdJl5OKiRHvVf+6vZjnkagkEtmTMdzE/QzplFwCZNSNzWQMD5iA+hYqlgExs9mJ0/oiVX6NIy1LYV0pv6eyFhkzDgKbGfEcGgWvan4n9dJMbz2M6GSFEHx+aIwlRRjOv2f9oUGjnJsCeNa2FspHzLNONqUSjYEb/HlZdI8q3qX1Yv780rtJo+jSI7IMTklHrkiNXJH6qRBOInJM3klbw46L8678zFvLTj5zCH5A+fzB9KMkZ8=</latexit> W
h
at <latexit sha1_base64="I+2LEeQPpTXeNwinb/HPebgipig=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYhA8hV3xdQx68RjBPCRZwuykNxkyM7vM9IphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHeFieAGPe/bWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQZ3FItatkBoQXEEdOQpoJRqoDAU0w+HNxG8+gjY8Vvc4SiCQtK94xBlFKz10EJ4w42bcLZW9ijeFu0j8nJRJjlq39NXpxSyVoJAJakzb9xIMMqqRMwHjYic1kFA2pH1oW6qoBBNk04PH7rFVem4Ua1sK3an6eyKj0piRDG2npDgw895E/M9rpxhdBRlXSYqg2GxRlAoXY3fyvdvjGhiKkSWUaW5vddmAasrQZlS0IfjzLy+SxmnFv6ic352Vq9d5HAVySI7ICfHJJamSW1IjdcKIJM/klbw52nlx3p2PWeuSk88ckD9wPn8AafaQ0w==</latexit> is

<latexit sha1_base64="3ooSDrDHwVeGjjrIGkXbYi3Z03U=">AAAB8XicbVDLSgNBEJz1GeMr6tHLYBA8hV3xdQx68RjBPDBZwuykNxkyO7vM9IphyV948aCIV//Gm3/jJNmDJhY0FFXddHcFiRQGXffbWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQ53HMtatgBmQQkEdBUpoJRpYFEhoBsObid98BG1ErO5xlIAfsb4SoeAMrfTQQXjCDAcw7pbKbsWdgi4SLydlkqPWLX11ejFPI1DIJTOm7bkJ+hnTKLiEcbGTGkgYH7I+tC1VLALjZ9OLx/TYKj0axtqWQjpVf09kLDJmFAW2M2I4MPPeRPzPa6cYXvmZUEmKoPhsUZhKijGdvE97QgNHObKEcS3srZQPmGYcbUhFG4I3//IiaZxWvIvK+d1ZuXqdx1Egh+SInBCPXJIquSU1UiecKPJMXsmbY5wX5935mLUuOfnMAfkD5/MHK/WRQg==</latexit> th
e

<latexit sha1_base64="5azgHMz8DGWleStKM41elCgnYjE=">AAAB83icbVDLSsNAFL2pr1pfVZdugkVwVRLxtSy6cVnBPqAJZTKdtEMnkzBzI5bQ33DjQhG3/ow7/8ZpmoW2Hhg4nHPPzJ0TJIJrdJxvq7Syura+Ud6sbG3v7O5V9w/aOk4VZS0ai1h1A6KZ4JK1kKNg3UQxEgWCdYLx7czvPDKleSwfcJIwPyJDyUNOCRrJ85A9YZbnpv1qzak7Oexl4hakBgWa/eqXN4hpGjGJVBCte66ToJ8RhZya+ypeqllC6JgMWc9QSSKm/SzfeWqfGGVgh7EyR6Kdq78TGYm0nkSBmYwIjvSiNxP/83ophtd+xmWSIpN0/lCYChtje1aAPeCKURQTQwhV3Oxq0xFRhKKpqWJKcBe/vEzaZ3X3sn5xf15r3BR1lOEIjuEUXLiCBtxBE1pAIYFneIU3K7VerHfrYz5asorMIfyB9fkD1B6SNw==</latexit> ti
tl

e <latexit sha1_base64="ybqrtgMFxrLoI/EyuQxcdFhMi0o=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr5tBLx4TMA9IljA76SRjZmeXmVkhLPkCLx4U8eonefNvnCR70MSChqKqm+6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPR3dRvPqHSPJIPZhyjH9KB5H3OqLFS7aZbLLlldwayTLyMlCBDtVv86vQiloQoDRNU67bnxsZPqTKcCZwUOonGmLIRHWDbUklD1H46O3RCTqzSI/1I2ZKGzNTfEykNtR6Hge0MqRnqRW8q/ue1E9O/9lMu48SgZPNF/UQQE5Hp16THFTIjxpZQpri9lbAhVZQZm03BhuAtvrxMGmdl77J8UTsvVW6zOPJwBMdwCh5cQQXuoQp1YIDwDK/w5jw6L8678zFvzTnZzCH8gfP5A5MVjM0=</latexit> ?

<latexit sha1_base64="9IFigYT/GjsxCDNC2wVTq9kwiVQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cKpi20tWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q0HGqGPosFrFqBVSj4BJ9w43AVqKQRoHAZjC6nfrNJ1Sax/LBjBPsRnQgecgZNVbyw0faE71yxa26M5Bl4uWkAjnqvfJXpx+zNEJpmKBatz03Md2MKsOZwEmpk2pMKBvRAbYtlTRC3c1mx07IiVX6JIyVLWnITP09kdFI63EU2M6ImqFe9Kbif147NeF1N+MySQ1KNl8UpoKYmEw/J32ukBkxtoQyxe2thA2poszYfEo2BG/x5WXSOKt6l9WL+/NK7SaPowhHcAyn4MEV1OAO6uADAw7P8ApvjnRenHfnY95acPKZQ/gD5/MHuvWOpg==</latexit>

fa
l

<latexit sha1_base64="2zJvF5XK8qgVxD+gejI8VbkWgPU=">AAAB8XicbVBNS8NAEN3Ur1q/qh69BIvgqSTi17HoxUOFCvYD21A220m7dLMJuxOxhP4LLx4U8eq/8ea/cdvmoK0PBh7vzTAzz48F1+g431ZuaXlldS2/XtjY3NreKe7uNXSUKAZ1FolItXyqQXAJdeQooBUroKEvoOkPryd+8xGU5pG8x1EMXkj7kgecUTTSQwfhCdNq9XbcLZacsjOFvUjcjJRIhlq3+NXpRSwJQSITVOu268TopVQhZwLGhU6iIaZsSPvQNlTSELSXTi8e20dG6dlBpExJtKfq74mUhlqPQt90hhQHet6biP957QSDSy/lMk4QJJstChJhY2RP3rd7XAFDMTKEMsXNrTYbUEUZmpAKJgR3/uVF0jgpu+fls7vTUuUqiyNPDsghOSYuuSAVckNqpE4YkeSZvJI3S1sv1rv1MWvNWdnMPvkD6/MHn66Q5g==</latexit>

LLM
<latexit sha1_base64="gfEnqBgZ9JUjlYZ0gMTNfPlflvM=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovgqiTia1nUhcsK9gFNCDfTSTt08mBmIoRQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHTziTyrK+jcrK6tr6RnWztrW9s7tn7h90ZZwKQjsk5rHo+yApZxHtKKY47SeCQuhz2vMnN4Xfe6RCsjh6UFlC3RBGEQsYAaUlz6w7t5QrwE4IauwHeW/qgWc2rKY1A14mdkkaqETbM7+cYUzSkEaKcJByYFuJcnMQihFOpzUnlTQBMoERHWgaQUilm8/CT/GxVoY4iIV+kcIz9fdGDqGUWejrySKjXPQK8T9vkKrgys1ZlKSKRmR+KEg5VjEumsBDJihRPNMEiGA6KyZjEECU7qumS7AXv7xMuqdN+6J5fn/WaF2XdVTRITpCJ8hGl6iF7lAbdRBBGXpGr+jNeDJejHfjYz5aMcqdOvoD4/MHhnKUtg==</latexit>

�Wa

<latexit sha1_base64="1mxeJ8dexKv6Q5S1Xa79SwoZn2U=">AAACBXicbVDLSgMxFM3UV62vqktdBIvgqsyIr2XRjSupYB/QlpJJb9vQTGZI7ohl6MaNv+LGhSJu/Qd3/o1pOwttvZBwOOceknP8SAqDrvvtZBYWl5ZXsqu5tfWNza389k7VhLHmUOGhDHXdZwakUFBBgRLqkQYW+BJq/uBqrNfuQRsRqjscRtAKWE+JruAMLdXO7zcRHjC5sRfFcACKWntH8LE6aucLbtGdDJ0HXgoKJJ1yO//V7IQ8DkAhl8yYhudG2EqYRsEljHLN2EDE+ID1oGGhYgGYVjJJMaKHlunQbqjtUUgn7G9HwgJjhoFvNwOGfTOrjcn/tEaM3YtWIlQUIyg+fagbS5uXjiuhHaGBoxxawLgW9q+U95lmHG1xOVuCNxt5HlSPi95Z8fT2pFC6TOvIkj1yQI6IR85JiVyTMqkQTh7JM3klb86T8+K8Ox/T1YyTenbJn3E+fwBIdJkX</latexit>

Next token prediction

<latexit sha1_base64="yCaTA9xu1JwBAPYTlts7WbBkq2A=">AAAB8XicbVDLSgNBEJz1GeMr6tHLYBA8hV3xdQx68RjBPDBZwuykNxkyO7vM9IphyV948aCIV//Gm3/jJNmDJhY0FFXddHcFiRQGXffbWVpeWV1bL2wUN7e2d3ZLe/sNE6eaQ53HMtatgBmQQkEdBUpoJRpYFEhoBsObid98BG1ErO5xlIAfsb4SoeAMrfTgdRCeMDM47pbKbsWdgi4SLydlkqPWLX11ejFPI1DIJTOm7bkJ+hnTKLiEcbGTGkgYH7I+tC1VLALjZ9OLx/TYKj0axtqWQjpVf09kLDJmFAW2M2I4MPPeRPzPa6cYXvmZUEmKoPhsUZhKijGdvE97QgNHObKEcS3srZQPmGYcbUhFG4I3//IiaZxWvIvK+d1ZuXqdx1Egh+SInBCPXJIquSU1UiecKPJMXsmbY5wX5935mLUuOfnMAfkD5/MH66iRGQ==</latexit>

1st
<latexit sha1_base64="aWgmpyvQDeOloz1gbn2CPWRuXSA=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69BIvgqSTFr2PRi8cK9gPbUDabTbt0swm7E7GE/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDPPTwTX6DjfVmFldW19o7hZ2tre2d0r7x+0dJwqypo0FrHq+EQzwSVrIkfBOoliJPIFa/ujm6nffmRK81je4zhhXkQGkoecEjTSQ62H7AkzGUz65YpTdWawl4mbkwrkaPTLX70gpmnEJFJBtO66ToJeRhRyKtik1Es1SwgdkQHrGipJxLSXzS6e2CdGCewwVqYk2jP190RGIq3HkW86I4JDvehNxf+8borhlZdxmaTIJJ0vClNhY2xP37cDrhhFMTaEUMXNrTYdEkUompBKJgR38eVl0qpV3Yvq+d1ZpX6dx1GEIziGU3DhEupwCw1oAgUJz/AKb5a2Xqx362PeWrDymUP4A+vzB81HkQU=</latexit>

2nd
<latexit sha1_base64="ypTYfc22CbSoPaJNFajh1la2jtc=">AAAB8XicbVBNS8NAEN3Ur1q/qh69BIvgqSR+H4tePFawH9iGstlM2qWbTdidiCX0X3jxoIhX/403/43bNgdtfTDweG+GmXl+IrhGx/m2CkvLK6trxfXSxubW9k55d6+p41QxaLBYxKrtUw2CS2ggRwHtRAGNfAEtf3gz8VuPoDSP5T2OEvAi2pc85IyikR5OuwhPmKlg3CtXnKozhb1I3JxUSI56r/zVDWKWRiCRCap1x3US9DKqkDMB41I31ZBQNqR96BgqaQTay6YXj+0jowR2GCtTEu2p+nsio5HWo8g3nRHFgZ73JuJ/XifF8MrLuExSBMlmi8JU2Bjbk/ftgCtgKEaGUKa4udVmA6ooQxNSyYTgzr+8SJonVfeien53Vqld53EUyQE5JMfEJZekRm5JnTQII5I8k1fyZmnrxXq3PmatBSuf2Sd/YH3+ANTskQo=</latexit>

3rd
<latexit sha1_base64="Xr0oTLZNGcLB8+gBmKukJVPI+T0=">AAAB8XicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xkUeEDZkdBpgwO7uZ6TWSDX/hxYPGePVvvPk3DrAHBSvppFLVne6uIJbCoOt+O7mV1bX1jfxmYWt7Z3evuH/QMFGiGa+zSEa6FVDDpVC8jgIlb8Wa0zCQvBmMbqZ+85FrIyJ1j+OY+yEdKNEXjKKVHiod5E+Y4nDSLZbcsjsDWSZeRkqQodYtfnV6EUtCrpBJakzbc2P0U6pRMMknhU5ieEzZiA5421JFQ278dHbxhJxYpUf6kbalkMzU3xMpDY0Zh4HtDCkOzaI3Ff/z2gn2r/xUqDhBrth8UT+RBCMyfZ/0hOYM5dgSyrSwtxI2pJoytCEVbAje4svLpHFW9i7K53eVUvU6iyMPR3AMp+DBJVThFmpQBwYKnuEV3hzjvDjvzse8NedkM4fwB87nD9+ZkRE=</latexit>

4th

<latexit sha1_base64="qTIhAcb3FzyXs4eWCEQVSfsVx5Q=">AAACBHicbVDJTgJBEO3BDXFDPXLpSEy8SGaM25HIxYNGNLIkQEhPU0CHniXdNUQy4eDFX/HiQWO8+hHe/Bub5aDgSyp5ea+qu+q5oRQabfvbSiwsLi2vJFdTa+sbm1vp7Z2yDiLFocQDGaiqyzRI4UMJBUqohgqY50qouL3CyK/0QWkR+Pc4CKHhsY4v2oIzNFIznakjPGBcuLk6vANUAvpM0uugFUkYNtNZO2ePQeeJMyVZMkWxmf6qtwIeeeAjl0zrmmOH2IiZQsHNe6l6pCFkvMc6UDPUZx7oRjw+Ykj3jdKi7UCZ8pGO1d8TMfO0Hniu6fQYdvWsNxL/82oRts8bsfDDCMHnk4/akaQY0FEitCUUcJQDQxhXwuxKeZcpxtHkljIhOLMnz5PyUc45zZ3cHmfzF9M4kiRD9sgBccgZyZNLUiQlwskjeSav5M16sl6sd+tj0pqwpjO75A+szx+iQ5gb</latexit>

COL-Retrieval Module
<latexit sha1_base64="QkWqO3JaX7cTZ+CdzGZ+G+78kqo=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRLxtay6cSO0YB/QhjKZTNqhk0yYuSmW0D9x40IRt/6JO//GaZuFth64cDjn3pl7j58IrsFxvq3Cyura+kZxs7S1vbO7Z+8fNLVMFWUNKoVUbZ9oJnjMGsBBsHaiGIl8wVr+8G7qt0ZMaS7jRxgnzItIP+YhpwSM1LPtLrAnyOo3+EEGqWCTnl12Ks4MeJm4OSmjHLWe/dUNJE0jFgMVROuO6yTgZUQBp+a9UjfVLCF0SPqsY2hMIqa9bLb5BJ8YJcChVKZiwDP190RGIq3HkW86IwIDvehNxf+8TgrhtZfxOEmBxXT+UZgKDBJPY8ABV4yCGBtCqOJmV0wHRBEKJqySCcFdPHmZNM8q7mXlon5ert7mcRTRETpGp8hFV6iK7lENNRBFI/SMXtGblVkv1rv1MW8tWPnMIfoD6/MHZsCThg==</latexit>

QA Module

<latexit sha1_base64="hMqCKxiErSomYOXb0jp1OAMaCa0=">AAACDnicbVDJSgNBEO1xjXEb9eilMQiewoy44SnoRcFDBLNAMoSeTkUbe3qG7ppgGOYLvPgrXjwo4tWzN//GznJwe1DweK+KqnphIoVBz/t0pqZnZufmCwvFxaXllVV3bb1u4lRzqPFYxroZMgNSKKihQAnNRAOLQgmN8PZ06Df6oI2I1RUOEggidq1ET3CGVuq4222EO8w0SOgzxYEaHms4prnpZGPr4jzPO27JK3sj0L/En5ASmaDacT/a3ZinESjkkhnT8r0Eg4xpFFxCXmynBhLGb9k1tCxVLAITZKN3crptlS7txdqWQjpSv09kLDJmEIW2M2J4Y357Q/E/r5Vi7yjIhEpSBMXHi3qppBjTYTa0KzRwlANLGNfC3kr5DdOMo02waEPwf7/8l9R3y/5Bef9yr1Q5mcRRIJtki+wQnxySCjkjVVIjnNyTR/JMXpwH58l5dd7GrVPOZGaD/IDz/gV2w50D</latexit>

relevance score: sLI

Figure 2: Model overview of LoCAL. It contains two modules, which are finetuned using LoRA (Hu
et al., 2021), sharing the same pretrained LLM backbone. The retrieval module selects evidence
pages for the other QA module, which provides responses to user questions.

large language model (LLM) fr
l , and a Col-projection layer fp. For an input image X, the vision

encoder computes a sequence of visual embeddings fv(X), which are then concatenated with
token embeddings yv derived from a fixed text prompt: “\nDescribe the image.” This combined
input is fed into the LLM. The projection layer fp then transforms the LLM’s last hidden states
into a low-dimensional feature space, resulting in feature sequences that can be represented as
Ev = fp(f

r
l (fv(X),yv)). Similarly, for an input question q, the question is first augmented into

yq using a prompt template. Then, its token embedding yq is processed without visual input as
Eq = fp(f

r
l (yq)). Finally, a late-interaction score sLI(Eq,Ev) is computed between the feature

sequences, measuring the relevance of a page image to the question text. More details about scoring
method is provided in section 3.2.

Question-Answering Module The QA module uses a classic LLaVA-like architecture (Liu et al.,
2024b), utilizing a vision encoder fv to compute visual embeddings, which are combined with token
embeddings and processed by an LLM fa

l . The LLM then generates text answers autoregressively
through next-word prediction.

3.2 CONTEXTUALIZED LATE INTERACTION

We utilize the contextualized late interaction (Col) technique (Khattab & Zaharia, 2020) to compute
relevance scores for evidence retrieval. Unlike traditional single-vector encoders, such as CLIP
(Radford et al., 2021), the Col technique introduces an inter-sequence similarity metric called the
late-interaction score, which captures more fine-grained question-image relevance. Formally, the
late-interaction score between a text feature sequence Eq = {eq1 , . . . , eqn} of length n and a visual
feature sequence Ev = {ev1 , . . . , evm} of length m is defined as:

sLI(Eq,Ev) =

n∑
i=1

max
j∈{1,..,m}

eqi · eTvj . (1)

We use it as a similarity score in contrastive learning to facilitate ranked retrieval. Specifically,
we train our retrieval module to maximize the late-interaction score between a question and its
corresponding evidence image, considering these as positive pairs. We then identify the most similar,
but unassociated, image within the batch to form the hardest negative pair and minimize the score for
this pair. Figure A.1 shows a training pair example. The loss function is defined as:

L = log(1 + exp(sLI(Eq,E
−
v )− sLI(Eq,E

+
v ))). (2)

The training process of the Col-retrieval module is summarized in Algorithm 1.
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Algorithm 1 Col-retrieval training

Require: Pre-trained LMM {fv, fr
l }, training batch of evidence image and question pairs

{(X1,y1), · · · , (Xb,yb)}.
1: Initialize the Col-projection layer fp.
2: while not converged do
3: Get Ei

v = fp(f
r
l (fv(Xi),yi)), i ∈ {1, ..., b}.

4: Get Ei
q = fp(f

r
l (yi)), i ∈ {1, ..., b}.

5: Compute Si,j = sLI(E
i
q,E

j
v).

6: Get negative image index î for each yi: î = argmaxj∈{1,...,b},j ̸=i(Si,j)
7: Gradient update using loss function Eq.(2),

where Ej−
v = Eî.

8: end while

3.3 PARAMETER SHARING VIA DUAL-ADAPTER

To reduce memory usage, we optimize the model by sharing a single LMM that includes both
the vision encoder fv and the language model fl across both the retrieval and QA modules. To
accommodate the different tasks required by each module, we insert two sets of adapters into the fl
using the LoRA method (Hu et al., 2021). In the retrieval module, we use a set of adapters ∆Wr to
create the retrieval-LLM, fr

l . For the QA module, a different set of adapters ∆Wa is added to the fl,
creating the QA-LLM, fr

l . In this way, we support both tasks using a single LLM and vision encoder,
adding only ∼2% additional parameters.

4 LOCAL-BENCH

Visually-rich Document Selection About 4,000 PDF documents are crawled from the Web and
contents of these documents are extracted via the a document parser1. We keep the document with
figures and throw away text-only or scan documents. To select documents with specific types of
figures, we build a figure scheme that includes 19 figure types after reviewing different documents.
We find some types of figures are not informative, such as logo and banner. We use the pretrained
CLIP model ViT-L/14-336 (Radford et al., 2021) to perform a figure classification on the extracted
figures and keep 6 out of 19 types of figures, including tables, maps, diagrams, infographics, data
charts, workflows, and screenshots. After that, we also annotate the document types for all selected
documents.

Question-Answer Collection Document parser returns all document elements in JSON format
and the figures are saved separately as image files. We retrieve the JSON file for the document to
obtain the contexts of each figure. Then we combine the figures with their contexts and use GPT-4o
(API version 2024-02-15-preview) to generate QA pairs. For the GPT-4o prompts, we provide two
demonstrations and ask GPT-4o to generate a QA pair. In addition, we perform automatic verification
using GPT-4o to ensure the quality of the generation. Specifically, we only provide the figure to
GPT-4o and ask it with the generated question; if GPT-4o can answer it correctly, we will keep that
QA pair in the LoCAL Bench. This heuristic filter ensures that the answers are from document figures
and double-checks the correctness of generated answers.

Dataset Statistics LoCAL-Bench contains 226 documents and 471 human-verified question-answer
pairs. Figure 3 shows the distributions of the document types and the length distribution by document
type. LoCAL-Bench has a great diversity of documents compared to previous work (Tanaka et al.,
2023; Islam et al., 2023; Ma et al., 2024c).

5 EXPERIMENTS

We assess the performance of LoCAL in evidence page retrieval and visual question answering
capabilities. We first evaluate the retrieval accuracy of the Col-retrieval module within LoCAL

1Adobe Extract API: https://developer.adobe.com/document-services/apis/pdf-extract/
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Figure 3: Distribution of document types (left) and average document lengths in each types (right).

and compare it with several baselines on SlideVQA (Tanaka et al., 2023), MM-LongBench (Ma
et al., 2024c), DUDE (Van Landeghem et al., 2023), DocVQA (Mathew et al., 2020; 2021) and
LoCAL-Bench. We then conduct experiments on question answering using LoCAL and compare
the results with other LMM baselines, inlcuding single-page and cross-page VQA. All experiments
are implemented with PyTorch and conducted on Nvidia A100 GPUs. The Col-retrieval modules
are fine-tuned for 4 epochs with a batch size of 32 and a learning rate of 5e-5, using the AdamW
optimizer and LoRA adapters on all linear layers in the LLM. The LoRA rank is set to 32.

5.1 DATASETS

Finetuning Dataset We train our Col-retrieval modules using the original training data of ColPali
(Faysse et al., 2024), which includes 39,463, 10,074, 13,251, 10,000, and 45,940 question-page
pairs filtered from DocVQA, InfoVQA (Mathew et al., 2022), TATDQA (Zhu et al., 2024), arXivQA
(Li et al., 2024), and synthetic data across various topics, including government reports, healthcare,
artificial intelligence, and energy. We also combined DocMatix-IR (Ma et al., 2024a) and PFL-
DocVQA (Tito et al., 2023b) for training. We fine-tuned our QA modules using the training split
of the SlideVQA dataset (Tanaka et al., 2023). The SlideVQA dataset contains 1,919 slides in the
training set, 400 in the test set, and 300 in the development set, with each slide consisting of 20
pages. The training split includes 10,290 samples, each annotated with questions, answers, and
corresponding evidence.

Evaluation Dataset We evaluated our method’s performance on four public datasets—SlideVQA,
MMLongBench-Doc (Ma et al., 2024c), DocVQA (Mathew et al., 2021), and DUDE (Van Landeghem
et al., 2023)—along with our proposed LoCAL-Bench dataset. The evaluation was conducted in both
single-evidence (SP) and cross-evidence (MP) settings, where questions require information from
either a single page or multiple pages within a long document. For DocVQA, we used 5,349 SP
and 5,187 MP QA pairs from the validation split. Similarly, we combined the test and dev splits of
SlideVQA to form 2,995 SP and 763 MP QA pairs for evaluation. For DUDE, we evaluated 6,307
QA pairs from the validation split.

MMLongBench-Doc, which consists of 135 PDF documents averaging 50.4 pages (ranging from 9 to
468 pages), contains 1,081 QAs in total. From these, we extracted 488 single-evidence QAs to assess
the performance of large multimodal models (LMMs) designed for single-image tasks. Additionally,
we report the results of our best-performing model across all categories in MMLongBench-Doc,
providing a comprehensive comparison against state-of-the-art LMMs.

5.2 EVALUATION METRICS

We evaluate our model’s performance on evidence retrieval and question-answering using several key
metrics: Top-k Accuracy, Exact Match (EM) (Tanaka et al., 2023), Generalized Accuracy (G-Acc)
(Ma et al., 2024c), Average Normalized Levenshtein Similarity (ANLS) (Biten et al., 2019), and
Partial Normalized Levenshtein Similarity (PNLS) (Chen et al., 2024b). A detailed explanation of
each metric can be found in Appendix B.
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5.3 COMPARATIVE RETRIEVAL ACCURACY ANALYSIS

We evaluated the accuracy of the Col-retrieval module in SlideVQA, MMLongBench-Doc, SP-
DocVQA, and LoCAL-Bench, comparing it with the baseline methods including CLIP (ViT-L/14)
(Radford et al., 2021), SigLip (so400m-patch14-384) Zhai et al. (2023), BM25 (Robertson et al.,
2009), SBERT (Reimers & Gurevych, 2019), BGE-M3 Chen et al. (2024c), BGE-large Xiao et al.
(2023), and NV-Embed-v2 Lee et al. (2024). For encoder models, we used their text and image
encoders to compute the cosine similarity between the feature of the question and the page. For
text-based methods, the text content in the MMLongBench-Doc and LoCAL Bench datasets is
extracted using a document parser to ensure higher accuracy. For SlideVQA and SP-DocVQA, where
only scanned images are available, the text is extracted using Paddle-OCR2.

SlideVQA MMLong LoCAL-B SP-DocVQA
accuracy top1 top5 top1 top5 top1 top5 top1 top5

Text-based Methods

BM25 69.3 91.1 25.3 47.6 32.2 57.5 30.9 61.7
SBERT 73.0 91.0 44.7 70.2 38.8 72.1 47.4 74.0
BGE-M3 74.3 92.0 42.7 66.6 47.7 78.1 47.8 77.5
Bge-large 81.3 93.3 47.4 71.5 53.7 80.3 56.7 81.5
NV-Embed-v2 82.2 94.3 47.4 69.0 55.2 82.7 51.7 80.2
Encoder Models

CLIP 58.4 86.9 32.4 63.4 33.4 62.1 37.1 69.4
SigLip 66.2 90.1 44.9 69.4 53.2 81.3 39.3 71.9
Col-Retrieval Modules

Col-Paligemma 89.0 98.7 60.7 82.0 67.9 90.8 62.3 85.9
Col-InternVL2 88.5 98.3 61.3 83.0 69.3 90.7 63.2 85.9
Col-Phi-3-V 90.6 98.8 64.8 84.8 71.9 91.8 65.1 87.0

Table 1: Retrieval accuracy results on four datasets, where MMLong refers to MMLongBench-Doc,
LoCAL-B refers to LoCAL-Bench. Bold font indicates the best model.

The results indicate that Col-retrieval outperforms all baselines, achieving more than 98% in top-
5 retrieval accuracy on the SlideVQA dataset, where each slide consists of 20 pages. However,
performance decreases on other datasets as the data become more complex and document lengths
increase significantly.

5.4 MAIN RESULTS

We compared the performance of our method with popular lightweight LMMs on document question
answering tasks, using PaliGemma (Beyer et al., 2024), Phi-3-v (Abdin et al., 2024), and InternVL2-
4B (Chen et al., 2023b) as the backbone LMMs for both retrieval and QA modules, following
the dual adapter design from Section 3.3. We fine-tuned the retrieval module using the 118,695
training question-page pairs used in ColPali (Faysse et al., 2024). The QA module is fine-tuned using
SlideVQA’s training split. We reported the original evaluation metrics used in prior works, including
EM, G-Acc, and ANLS, and additionally reported PNLS, which better evaluates LLM-generated
responses.

Table 2 presents the comparison results. We first evaluate LoCAL on single-evidence questions
from SP-SlideVQA, MMLongBench-Doc, and SP-DocVQA, where the required information is
on a single page. To demonstrate the question-answering capabilities of LMMs, we include four
“cheating” baselines where models are given the ground truth evidence page. Next, we test LoCAL on
cross-evidence questions from MP-SlideVQA, MP-DocVQA, and DUDE, where information spans
multiple pages. We only test LoCAL with InternVL2-4B backbone, since the other two LMM are pre-
trained for single-page understanding. LoCAL’s performance is compared with classical encoder-only
and encoder-decoder models, including BERT (Kenton & Toutanova, 2019), Longformer (Beltagy
et al., 2020), Big Bird (Zaheer et al., 2020), T5 (Raffel et al., 2020), Hi-VT5 (Tito et al., 2023a),
and LayoutLMv3 (Huang et al., 2022), with results taken from the best settings in the original
papers. InternVL2-8B and GPT-4o, processing all pages, serve as the state-of-the-art baselines for

2PaddleOCR: https://github.com/PaddlePaddle/PaddleOCR
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open-source and proprietary multipage LMMs, respectively. We demonstrate how the limitations of
the retrieval and QA modules can impact overall performance through challenging examples from
the SlideVQA dataset, as shown in Appendix C. Additional comparisons with text-only baselines
utilizing a document parser are provided in Appendix G.1.

Table 2: Quantitative Results in Multi-Page QA: "#Param" refers to number of parameters.
"Evidence" reports evidence setting: T (true evidence page), A (all pages), and Rk (top-k retrieved).
Reported metrics include PNLS, Exact Match, Generalized Accuracy, and ANLS. † indicates models
with LoRA adapter on QA module. Results for all encoder/decoder models are taken from their
respective papers, with “-” indicating missing or not applicable results. Bold font indicates the best
open-source model, excluding cheating baselines.

Method #Param Evidence
SP-SlideVQA MMLongBench SP-DocVQA
EM PNLS G-Acc PNLS ANLS PNLS

Single-Page Evidence
Cheating Baselines

PaliGemma 3B T 37.30 0.63 23.9 0.38 0.65 0.79
Phi-3-v 4B T 13.72 0.80 33.7 0.52 0.65 0.85
InternVL2 4B T 15.03 0.58 40.4 0.55 0.84 0.88
GPT-4o - T 30.59 0.84 56.8 0.62 0.87 0.94
Multi-image LMMs

InternVL2 8B A 12.62 0.65 14.1 0.22 0.50 0.55
GPT-4o - A 27.28 0.81 54.5 0.57 0.69 0.80
LoCAL Models (Proposed)

LoCAL-PaliGemma 3B R1 35.03 0.60 23.9 0.35 0.56 0.69
LoCAL-PaliGemma† 3B R1 49.75 0.65 23.1 0.38 0.56 0.68
LoCAL-Phi-3-V 4B R1 12.85 0.78 30.7 0.50 0.55 0.75
LoCAL-Phi-3-V† 4B R1 58.13 0.77 28.4 0.44 0.68 0.73
LoCAL-InternVL2 4B R5 16.40 0.58 33.2 0.48 0.70 0.76
LoCAL-InternVL2† 4B R5 45.07 0.77 34.0 0.49 0.71 0.75

Cross-Page Evidence

Method #Param Evidence
MP-SlideVQA MP-DocVQA DUDE
EM PNLS ANLS PNLS ANLS PNLS

Encoder/Decoder models

BERT-Large 334M - - - 0.53 - 0.25 -
Longformer 148M - - - 0.55 - 0.27 -
Big Bird 131M - - - 0.58 - 0.26 -
T5-Base 223M - - - 0.51 - 0.42 -
LayoutLMv3 125M - - - 0.55 - 0.20 -
Hi-VT5 316M - - - 0.62 - 0.23 -
Multi-image LMMs

InternVL2 8B A 17.04 0.53 0.68 0.75 0.37 0.56
GPT-4o - A 16.09 0.73 0.67 0.79 0.54 0.70
LoCAL Models (Proposed)

LoCAL-InternVL2 4B R5 24.25 0.61 0.70 0.76 0.36 0.57
LoCAL-InternVL2† 4B R5 31.98 0.59 0.71 0.76 0.45 0.54

Retrieval vs Multipage We observe LoCAL consistently outperforms InternVL2-8B, across various
settings. The primary issue with LMMs is that long documents are transformed into excessively long
visual token sequences, leading to significant memory burdens, as reported later in section 5.5. In
datasets like MMLongBench-Doc and DocVQA, some documents exceed hundreds of pages, causing
out-of-memory errors, even on servers with 8 × A100 (80GB) GPUs. In such cases, we assigned a
zero score in our experiments. In contrast, GPT-4o exhibits strong multi-page reasoning capabilities.
However, the accuracy of the cheating baseline slightly surpasses that of using all pages, as providing
only the evidence pages helps GPT-4o avoid distractions from irrelevant information in the longer
context. Moreover, LoCAL with InternVL2-4B backbone perform slightly better than the one with
Phi-3-V backbone on MMLongBench-Doc and SP-DocVQA, possibly due to the improvement in
retrieval accuracy by using top-5 pages, which is more crucial for longer documents.

8
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Impact of Fine-tuning We observe that LoCAL QA modules with PaliGemma and InternVL2-4B
backbones show a significant increase in EM on the SlideVQA dataset, surpassing their cheating
baselines after fine-tuning on SlideVQA. The model with the Phi-3-V backbone shows notable
improvements in Exact Match (EM) scores without gains in PNLS, suggesting that fine-tuning
primarily enhanced the model’s attention and answer formatting. This could be because the pre-
trained model was already optimized for these question types. Nevertheless, as shown in Figure D.1,
we empirically find that fine-tuning still improves answering performance. However, we notice a
performance drop for fine-tuned LoCAL-Phi-3-V on MMLongBench-Doc, indicating that fine-tuning
can harm LLM generalization. A similar trend is seen with the InternVL2-4B backbone on the DUDE
dataset.

Comparison with SOTA LMMs Finally, we present the complete results of LoCAL-InternVL2-4B
on the MMLongBench-Doc dataset to highlight the advantages of our method. As shown in Table
3, our model, with only 4 billion parameters, outperforms all open-source LMMs and achieves
performance comparable to proprietary models such as Claude-3 Opus and Gemini-1.5-Pro.

Method #Param
Evidence Source Evidence Page

ACC F1
TXT LAY CHA TAB FIG SIN MUL UNA

Open-source Models

DeepSeek-VL-Chat 7.3B 7.2 6.5 1.6 5.2 7.6 5.2 7.0 12.8 7.4 5.4
Idefics2 8B 9.0 10.6 4.8 4.1 8.7 7.7 7.2 5.0 7.0 6.8
MiniCPM-Llama3-V2.5 8B 11.9 10.8 5.1 5.9 12.2 9.5 9.5 4.5 8.5 8.6
InternLM-XC2-4KHD 8B 9.9 14.3 7.7 6.3 13.0 12.6 7.6 9.6 10.3 9.8
mPLUG-DocOwl 1.5 8.1B 8.2 8.4 2.0 3.4 9.9 7.4 6.4 6.2 6.9 6.3
Qwen-VL-Chat 9.6B 5.5 9.0 5.4 2.2 6.9 5.2 7.1 6.2 6.1 5.4
Monkey-Chat 9.8B 6.8 7.2 3.6 6.7 9.4 6.6 6.2 6.2 6.2 5.6
CogVLM2-LLaMA3-Chat 19B 3.7 2.7 6.0 3.2 6.9 3.9 5.3 3.7 4.4 4.0
InternVL-Chat-v1.5 26B 14.0 16.2 7.1 10.1 16.6 14.9 12.2 17.5 14.6 13.0
EMU2-Chat 37B 6.1 9.7 2.6 3.8 7.7 5.7 6.1 16.5 8.3 5.5
LoCAL Models (Proposed)

LoCAL-InternVL2 (R5) 4B 26.5 18.8 22.3 19.6 23.6 33.2 13.1 12.4 22.2 22.8
LoCAL-InternVL2† (R5) 4B 26.3 22.1 25.0 20.7 25.2 34.0 10.6 15.7 23.0 24.2
Proprietary Models

Claude-3 Opus - 24.9 24.7 14.8 13.0 17.1 25.6 13.8 7.6 17.4 18.1
Gemini-1.5-Pro - 21.0 17.6 6.9 14.5 15.2 21.1 11.1 69.2 28.2 20.6
GPT-4V - 34.4 28.3 28.2 32.4 26.8 36.4 27.0 31.2 32.4 31.2
GPT-4o - 46.3 46.0 45.3 50.0 44.1 54.5 41.5 20.2 42.8 44.9

Table 3: Performance of various models on MMLongBench-Doc. Questions are categorized in
two ways: (1) by evidence source type—text (TXT), layout (LAY), chart (CHA), table (TAB), and
image (IMG); and (2) by evidence pages—single-page (SIN), cross-page (MUL), and unanswerable
(UNA). Models using LoRA adapters fine-tuned on SlideVQA for the QA module are marked with †.
Bold font indicates the best open-source model. The results of baseline models are adopted from the
original MMLongBench-Doc paper Ma et al. (2024c).

5.5 EFFICIENCY OF DIFFERENT MODELS

To evaluate the efficiency of LoCAL, we conducted experiments on the SlideVQA dataset, which has
20 pages per question with a resolution of 1024x768. We recorded peak GPU memory usage and
time costs for retrieval and QA modules separately. The GPU memory is manually recorded using the
nvidia-smi command, which tends to report higher numbers than the actual memory required by
the application due to overhead and memory management processes. We tested backbones including
PaliGemma, Phi-3-v, and InternVL2-4B, all equipped with LoRA adapters. Since PaliGemma and
Phi-3-v are single-page models, we used top-1 retrieved image as input. InternVL2-4B, however,
supports multi-image input, allowing us to test with the top-1, 5, and 12 retrieved images.

As shown in Table 4, the QA module’s memory consumption increases with the number of evidence
pages, with 13 images (1024x768) exceeding the 80GB limit on an A100 GPU resulting in out-of-
memory error. In contrast, the retrieval module maintains low memory usage, as LoCAL processes
pages independently, with costs equivalent to single-page reasoning. Although multi-evidence QA
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LoCAL-Backbone Page
Retrieval QA

Time Mem Time Mem
Paligemma R1 2.3 9.2 1.0 12.4
Phi-3-v R1 4.1 11.6 0.9 12.9
InternVL2-4B R1 9.2 14.2 1.4 14.6
InternVL2-4B R5 9.2 14.2 2.8 40.8
InternVL2-4B R12 9.2 14.2 4.1 76.4

Table 4: Time (s) cost and Peak GPU memory (GB) cost of LoCAL models with different backbones.

requires more memory, LoCAL remains efficient and compact, making it well-suited for answering
questions from fewer evidence pages in resource-constrained environments. This demonstrates
LoCAL’s ability to balance performance and resource usage, ensuring scalability across diverse
deployment scenarios. Additional results on the retrieval efficiency are presented in Table F.1.

5.6 ABLATION

In our experiment, we use the hidden states from the last transformer layer (index 31) as the feature
sequence. However, LLMs consist of multiple transformer layers, each encoding different types of
information. To assess the impact of layer selection, we conduct an ablation study on the hidden states
used to compute the late interaction score in Eq.(1). Given the high computational cost of training the
col-retrieval module across all layers, we instead evaluate top-1 accuracy on the MMLongBench-Doc
dataset using hidden states from different layers of the Phi-3-Vision model with pre-trained weights.
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Figure 4: Top-1 retrieval accuracy on MMLongBench-Doc using different hidden states across all
layers of Phi-3-Vision.

Figure 4 shows that the hidden states of the 21th layer yield the highest accuracy. After fine-tuning a
model with hidden states from this layer, we observed improved accuracy compared to using hidden
states of the final layer. In particular, using hidden states from earlier layers can significantly reduce
computational costs, enabling faster retrieval during inference.

6 CONCLUSIONS

In this paper, we propose LoCAL, a lightweight LMMs for visually-rich document understanding.
LoCAL has a unique design to facilitate multi-page document understanding using dual LoRA
adapters. The research highlights that small open-source models are great at processing multipage
documents and underscored the importance of efficient retrieval mechanisms in filtering irrelevant
pages. Furthermore, we collect the LoCAL-bench dataset for document understanding, and empirical
results on benchmarks demonstrated the effectiveness of LoCAL. We hope these findings provide
valuable insights for optimizing lightweight LMMs, aiming to improve accuracy and efficiency in
visually-rich document understanding.
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7 LIMITATIONS

LoCAL is the first LMM that can perform retrieval and question answering simultaneously. However,
it still requires computational resources for training and inference, which may limit its practical
applicability in resource-constrained environments. LoCAL should be mobile friendly, as it only
requires a single base model. This base model can be Phi-3-Silica within MS operating systems or
an Apple on-device model within IOS 18. A routing mechanism in Apple Intelligence can better
balance computational cost and performance. However, our experiments are not performed on these
real-world cases, which are useful for pushing forward document intelligence.
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A EXAMPLE OF TRAINING PAIRS FOR RETRIEVAL MODULE

Whose are the finalists of 
the best grad program?

What follows content 
creation in the flow chart?

What does a social 
customer demands in 

today's age?
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When was there a lack of 
commercial vendor 

support?
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Pairwise
<latexit sha1_base64="hFS3wwm24kf9KnWgOKMPp/no0mA=">AAAB9HicbVDJSgNBEO2JW4xb1KOXxiB4CjPidgx6UfAQ0SyQDKGnU0ma9Cx21wTDMN/hxYMiXv0Yb/6NnWQOGn1Q8Hiviqp6XiSFRtv+snILi0vLK/nVwtr6xuZWcXunrsNYcajxUIaq6TENUgRQQ4ESmpEC5nsSGt7wcuI3RqC0CIN7HEfg+qwfiJ7gDI3k3nWSNsIjJjfXadopluyyPQX9S5yMlEiGaqf42e6GPPYhQC6Z1i3HjtBNmELBJaSFdqwhYnzI+tAyNGA+aDeZHp3SA6N0aS9UpgKkU/XnRMJ8rce+Zzp9hgM9703E/7xWjL1zNxFBFCMEfLaoF0uKIZ0kQLtCAUc5NoRxJcytlA+YYhxNTgUTgjP/8l9SPyo7p+WT2+NS5SKLI0/2yD45JA45IxVyRaqkRjh5IE/khbxaI+vZerPeZ605K5vZJb9gfXwDKBySXg==</latexit>

SLI

Figure A.1: Example of training pairs within a batch (batch size: 4) for contrastive training, using
samples from the SlideVQA dataset.

B EVALUATION METRICS

We evaluate the model’s performance on evidence retrieval and question-answering using five metrics
explained as follows:

Top-k Accuracy In our experiment, we focus on questions that have evidence from a single page.
We use top-k accuracy to evaluate retrieval methods, which measures the percentage of times the
evidence image appears within the top k most similar images.

Exact Match Following (Tanaka et al., 2023), we report exact match (EM) frequency between
generated answers and the ground truth, allowing for case insensitivity and extra spaces. While
effective for fine-tuned models, this metric is less suited for LLM responses, which often include full
sentences. Correct answers with extra context may thus be unfairly penalized.

Generalized Accuracy We report generalized accuracy (G-Acc) from MMLongBench-Doc (Ma
et al., 2024c), a GPT-dependent, rule-based evaluation protocol . Model responses are simplified
using GPT-4o and scored based on answer-type-specific rules. However, G-Acc has two limitations: it
introduces randomness from GPT’s stochastic outputs and relies on answer-type annotations, limiting
its applicability across datasets.

ANLS Average Normalized Levenshtein Similarity (ANLS) (Biten et al., 2019) measures the
similarity between predicted and ground truth text using the Levenshtein distance, normalized by
the longer string’s length. It outputs a similarity score between 0 and 1. ANLS allows mismatches,
insertions, and deletions making it useful for OCR and document understanding tasks when exact
matches are not required.

16



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Under review as a conference paper at ICLR 2025

PNLS The partial normalized Levenshtein similarity (PNLS) (Chen et al., 2024b) generalizes
ANLS by not penalizing extra prefixes or suffixes while allowing mismatches, insertions, and
deletions within the matched region. This makes it more suitable for evaluating LLM responses,
which are often verbose to improve user experience.

The PNLS metric is formally defined as follows: String T1,m = t1 . . . tm represents the true answer
and S1,n = s1 . . . sn is a model generated string. We first use using the approximate string matching
algorithm (Sellers, 1980) to identify the sub-string of S that has the minimum edit distance to T .
Specifically, we first construct a scoring matrix F of size (m+ 1)× (n+ 1), where Fi,j stores the
smallest edit distance between the i-prefix T1,i and any sub-string Sx,j , ∀x ∈ {1, . . . , j − 1} that
ends at position j. The scoring matrix can be computed recursively

Fi,j =


0 if i = 0
m if j = 0

min

 Fi−1,j−1 + c(ti, sj)
Fi−1,j + 1
Fi,j−1 + 1

 otherwise,

where c is the substitution cost that takes a value of 0 if ti = sj and 1 otherwise. Once F is computed,
the minimum value in the last row is the optimal edit distance and the end index of the matched sub-
string j′ = argminj(Fm+1,j). The start index i′ can be found by tracing back the the computation
of Eq.(B) using argmin operation. Finally, the PNLS is computed as: m/(m+ j′ − i′ + 1). In our
experiments we use binary cost function: c(ti, sj) = 0 if ti = sj else c(ti, sj) = 1

C EXAMPLE OF INFERENCE FAILURE SCENARIO

Question: Which country was a TRUSTER in 2011 and NEUTRAL in 2012 and 2013? Answer: Brazil
LoCAL-Paligemma:  
Top-1 Evidence: 6 
Answer: s. korea,  
Answer (LoRA): India

LoCAL-Phi-3-V:  
Top-1 evidence: 5 
Answer: Sweden 
Answer (LoRA): Sweden

LoCAL-InternVL2-4B: 
Top-5 evidence: 6, 5, 3, 7, 14 
Answer: Japan 
Answer (LoRA): Brazil

True Evidence False Evidence

Figure C.1: Inference example of a challenging case in the SlideVQA dataset. LoCAL-Paligemma
retrieved the wrong evidence page due to limitations in its retrieval module, leading to an incorrect
answer. LoCAL-Phi-3-V retrieved the correct page but provided a wrong answer due to limitations in
its QA module. Meanwhile, LoCAL-InternVL2-4B also assigned the highest relevance score to an
incorrect page. However, since it processes multiple pages (top 5), the correct evidence page was
included in the input, allowing its fine-tuned QA module to deliver the correct answer.
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C.1 ADDITIONAL EXAMPLES OF RETRIEVAL FAILURES

Question: What types of data about your market should be researched? 
Answer: volume, profile, behavior, pain, needs, expectations

Question: In which country is the GWP smallest? Answer: Denmark

Question: What are three types of chemical damage to concrete? 
Answer: AAR/ASR, Chemical Exposure, Bacterial action

True Evidence Retrieved Top 1 Evidence

Figure C.2: Failure cases from the SlideVQA dataset, highlighting retrieval module errors. In the
first two examples, some of the relevant information (highlighted in red boxes) on the true evidence
pages is difficult even for human eyes to detect. In the third example, the retrieved page has a high
similarity to the true evidence page, making it challenging to rank correctly. Additionally, answering
the question accurately requires a deep understanding of the concept of chemical damage and related
topics.
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D QAULITATIVE RESULTS IN QUESTION-ANSWERING

Question: What is Indonesia's GDP in billions of dollars? Answer: 868.3
GPT-4o: $868.3 billion 
Phi-3-V: Indonesia's GDP is $868.3 billion. 
InternVL2-4B: Indonesia's GDP is $868.3 billion.

Paligemma: \n868.3 
Phi-3-V (LoRA): 868.3 \n  
InternVL2-4B (LoRA): $868.3 billion

Question: What are five audience targeting methods?  
Answer: Contextual, Behavioral, Demographic, Geographic, Retargeted

GPT-4o: 1. Contextual\n2. Behavioral\n3. Demographic\n4. Geographic\n5. 
Retargeted 
Paligemma: \ncontextual, behavioral, demographic, geographic, retargeting 
Phi-3-V: \n1. Traffic\n2. Phone Calls\n3. Branded Search\n4. Brand Recall\n5. 
Consumer Trust 
Phi-3-V (LoRA): Contextual, Behavioral, Demographic, Geographic, Retargeted \n 
InternVL2-4B: The five audience targeting methods are:\n1. Demographic\n2. 
Geographic\n3. Behavioral\n4. Psychographic\n5. Geographic 
InternVL2-4B (LoRA): Contenxtual, Behavioral, Demographic, Geographic, 
Retargeted

True Evidence Page

True Evidence Page

Figure D.1: Question answering examples on the SlideVQA dataset using different QA modules.
Models without fine-tuning, such as Phi-3-V and InternVL2-4B, tend to produce verbose and error-
prone responses. However, in the second example, fine-tuning with the LoRA adapter significantly
improves the accuracy of Phi-3-V and InternVL2-4B.
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E EXAMPLES FROM THE LOCAL-BENCH DATASET

Question: What are the four listed advantages of the 
"High-Energy Blood Phosphates" procedure as 
presented at the convention in November 1965? 
True Answer: The four advantages are: 1. Simple, 2. 
Sensitive, 3. Accurate, 4. Reproducible. 
Text only answer: The four advantages are: 1. Requires 
no expensive equipment, 2. Saves hours in laboratory 
diagnosis, 3. Requires only 0.5 ml. of blood, 4. 
Consumes less than ten minutes. Hallucination

Figure E.1: Example question-and-answer pair from the LoCAL Bench dataset, highlighting the
reliance on both image and surrounding text for accurate responses.
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Question: In the provided communications model, what 
enables the communication between the workstation and the 
server or remote workstation? 
True Answer: The communication between the workstation 
and the server or remote workstation is enabled by SSH. 
Text only answer: In the provided communications model, 
communication between the workstation and the server or 
remote workstation is enabled by IO-stream based 
communications.

Figure E.2: Example question-and-answer pair from the LoCAL Bench dataset, highlighting the
reliance on both image and surrounding text for accurate responses.
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F COMPARISON OF RETRIEVAL METHOD EFFICIENCY

Text Extraction Text Encoding Multimodal Encoding

PaddleOCR 0.275
BM25 0.0001 CLIP 0.022
BGE-m3 0.131 SigLip 0.109

PDF Parser 0.762
BGE-large 0.137 Col-Paligemma 0.140
NV-embed-v2 0.117 Col-Phi-3-V 0.230

Col-InternVL2 0.581

Table F.1: Per-page time cost of retrieval methods: The left table presents time cost (seconds) of
text-based methods that rely on text extraction techniques, such as OCR models, followed by text
encoders to compute page embeddings. The right table presents time cost (seconds) of multi-modal
methods that encode the entire page as an image.

G ADDITIONAL EXPERIMENT RESULTS

We compare our method with text-only baselines using a document parser3 to highlight the advan-
tages of LMMs in multi-modal understanding. QA results are reported for the LoCAL-Bench and
MMLongBench-Doc datasets, where PDF files are available.

Table G.1 presents QA results on LoCAL-Bench and MMLongBench-Doc datasets. To evaluate
answer quality for LoCAL Bench, where true answers are long and detailed, we introduce the Mean
GPT Score (MGS), as string-matching methods often penalize variations in wording for lengthy
answers. Instead, we prompt GPT-4o to compare a model’s answer with the ground truth and assign a
binary score based on detail alignment.

QA Module Retrieval Module Evidence LoCAL-B MMLong
MGS G-Acc

Text only QA methods

Phi-3 + parser Col-Phi-3-V R5 14.1 29.2
GPT-4o + parser Col-Phi-3-V R5 24.9 43.2
GPT-4o + parser - A 27.6 42.4
LMM QA models

PaliGemma Col-PaliGemma R1 12.2 23.9
Phi-3-V Col-Phi-3-V R1 24.2 30.7
LoCAL-InternVL2 Col-InternVL2 R5 25.2 33.2
GPT-4o Col-Phi-3-V R5 47.2 55.1
GPT-4o - A 43.2 54.5

Table G.1: parser results

Our results indicate that using image evidence consistently outperforms text-only evidence. On
LoCAL-Bench, text-only baselines showed a significant performance drop, emphasizing the depen-
dency of questions on both image and text. However, the MGS of text-only baselines is not zero,
likely because the model leverages text from a broader context rather than relying solely on the
surrounding text, enabling it to extract relevant information even in the absence of visual input.

Additionally, reducing input pages with the retrieval module improved GPT-4o’s performance with
image evidence, aligning with the findings in Table 2. In contrast, retrieval did not enhance GPT-4o’s
performance on LoCAL-Bench in the text-only setting, likely because the evidence pages lacked
sufficient information to fully address the questions. Including additional context in such cases might
yield better results.

3Adobe Extract API: https://developer.adobe.com/document-services/apis/pdf-extract/
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