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Methods

SV-RAG consists of two stages: retrieval and answer generation.

QA Results

SV-RAG consistently outperforms InternVL2-8B (uses all
pages), primarily because long documents overload
LMMs with excessive visual tokens, causing high memory
usage and distracted attention.

Introduction
We present SV-RAG, a two-step framework that

empowers multimodal LLMs to understand long, Retrieval: We finetune the MLLM as an encoder using contrastive learning. Given an image and a query string, we
visually-rich documents. Existing approaches
suffer from high memory costs due to the long
token sequences required by self-attention, as
well as latency from OCR pipelines and the
limitations of text-only understanding. SV-RAG
addresses these by customizing the MLLM as

both a retriever and reader—first selecting

separately input them into the MLLM and extract hidden states as embedding sequences. Sequence-to-sequence similarity
Is computed as the matching score, and the model is trained to maximize similarity between relevant pages and queries.

Answer Generation: We apply LoRA-based finetuning on the MLLM, using the retrieved evidence page and query as
iInput, and the answer as output.
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Preliminary (MLLM)
An MLLM consists of a vision encoder and a Contextualized late interaction
language model. The vision encoder divides the Unlike single-vector encoders like CLIP, we uses a
. . . sequence interaction score to capture fine-grained
image into patches and encodes them as visual o .

| similarity between text and image feature segs.
tokens, which are prepended to the text prompt. Given Eq and Ev, the score is defined as:
The combined sequence Is processed by the LLM
transformer, producing hidden states at each
layer. The last hidden state is used for next-word -

Contrastive Loss Efficiency

prediction.
SV-RAG maintains time and memory efficiency in both the

retrieval and question answering phases.

The model is trained to maximize the score between a

Retrieval Results

We evaluated Col-retrieval on SlideVQA, MMLongBench-
Doc, SPDocVQA, and VisR-Bench, comparing it with OCR-
based text-only baselines and multimodal encoders.
Retrieval accuracy results on four datasets indicate that Col-
retrieval outperforms all baselines. achieving more than 98%
In top-5 retrieval accuracy on the SlideVQA dataset.
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question and its evidence image (positive pair), while

minimizing the score for the most similar yet unrelated

Image in the batch (hard negative). Since there is only

one negative pair per sample, the InfoCE loss can be

simplified to the Softplus form.
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