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As the foundation of our system, we curated and digitized a comprehensive col-
lection of books and documents related to Yellow River heritage, constructing a
dedicated multimodal corpus. To effectively leverage this corpus, we introduce a
novel multi-modal Document Retrieval-Augmented Generation (RAG) framework
that enhances document retrieval through context-aware image-text alignment and
joint embedding. Experimental results demonstrate that our method achieves a large
improvement over existing state-of-the-art multi-modal RAG baselines, leading to
significant gains in downstream tasks.
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1. Introduction

Historical records from the Yellow River Basin document the millennia-long development of Chinese civiliza-
tion, forming a solid foundation for the region’s economic and cultural achievements [1]. However, the dissemination
of Yellow River culture to the general public remains limited. One of the primary challenges lies in the difficulty of
collecting and digitizing ancient materials, which are often fragmented, geographically dispersed, and stored in
various non-digital formats. Furthermore, the complexity of historical carriers and the interpretive challenges of
classical texts continue to hinder public accessibility and understanding. In addition to ancient literature, modern
publications and materials related to the Yellow River also convey a wealth of knowledge through multimodal
forms, offering inspiration across multiple domains. Therefore, it is urgent to leverage emerging technological
advancements to overcome these barriers and promote the widespread preservation and dissemination of this
cultural heritage.

Currently, Human-Computer Interaction (HCI) systems have been extensively implemented across various sec-
tors including healthcare, education, and legal systems [2—4], demonstrating significant enhancements in both social
productivity and operational efficiency while fundamentally transforming human-technology engagement. However,
research and technological applications in traditional cultural preservation remain substantially underdeveloped [5],
particularly regarding systematic conservation and innovative transmission approaches for the Yellow River culture.
As a paramount cultural symbol of the Chinese nation, the preservation and transmission of Yellow River culture
bear critical implications not merely for cultural continuity but more profoundly for sustaining national identity. In
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this context, the progressive evolution of HCI technology presents promising potential to offer innovative method-
ological frameworks and technical pathways for safeguarding this invaluable traditional heritage.

This work presents RiverEcho-2.0, a real-time interactive intelligent system for ancient Yellow River culture,
which integrates Automatic Speech Recognition (ASR), Multimodal Large Language Models (MLLM), Text-
to-Speech (TTS), and Talking-head generation. The system is capable of recognizing users’ spoken questions,
generating culturally and historically informed responses, and dynamically presenting these answers through a
talking-head virtual human. The entire system employs a streaming pipeline architecture, enabling low-latency
responses and ensuring real-time interaction and response coherence.

To enable the system to accurately address historical and cultural inquiries raised by users and to effectively
disseminate the historical and cultural knowledge related to the ancient Yellow River region, while also mitigating
the risk of hallucinated content from the LLM, this work constructs a dedicated high-quality knowledge dataset
for ancient Yellow River culture. Specifically, we collected over 100 ancient manuscripts from different Chinese
dynasties and disciplinary domains related to the Yellow River, along with authoritative works authored by leading
contemporary experts in Yellow River cultural studies. These materials were subjected to automated preprocessing
and hierarchical annotation, followed by manual sampling verification and supplementary labeling conducted by
history students. As a result, we obtained a curated text corpus containing over 20,000 fully annotated cultural and
historical segments.

To fully leverage the capabilities of the proposed corpus, we integrated an Enhanced Multimodal Document
Retrieval-Augmented Generation mechanism into the MLLM’s inference pipeline. Within this framework, we
introduce the Context-Aware Image-Text Matching and Embedding (CIME) module, which synthesizes visual
content with its corresponding document context. For non-textual elements such as diagrams and formulas,
we employ multimodal large language models to perform textual interpretation. These processed elements are
subsequently integrated with textual data to construct a comprehensive knowledge graph. Our retrieval methodology
employs a hybrid approach that combines graph-based and embedding-based retrieval techniques. The proposed
system demonstrates enhanced retrieval precision on document-based VQA datasets, consequently improving
the downstream MLLM’s question-answering capabilities. When implemented in our framework, this approach
significantly enhances the factual accuracy and cultural relevance of generated responses.

Meanwhile, considering Li Daoyuan’s remarkable contributions to ancient waterway systems, we used his
historical persona as an example to construct a digital human-driven system. This enhances the overall visual appeal
of the framework while also stimulating user engagement and meeting their visual expectations.

Opverall, our contributions are summarized as follows:

e  We developed RiverEcho-2.0, a digital system capable of real-time interaction with users, which is driven by
digital human images and can provide real-time and accurate answers to user-inputted questions, especially
those related to the Yellow River.

e  We have established a specialized knowledge corpus focusing on Yellow River culture, collecting historical
documents and contemporary publications under the guidance of historical experts. This initiative has
significantly advanced the digitization of Yellow River-related literature while establishing a foundational
resource for addressing pertinent cultural inquiries, thereby facilitating the preservation and transmission of
this cultural heritage.

e  We propose a novel multimodal document RAG approach that leverages a Context-aware Image-Text Matching
and Embedding (CIME) module to align and fuse images with their corresponding textual context within
documents. To handle non-textual elements such as charts and mathematical formulas, we employ a multimodal
large language model to convert them into textual representations. These outputs are then integrated with textual
data to construct a unified knowledge graph. For the retrieval stage, we introduce an innovative hybrid retrieval
strategy that combines graph-based and embedding-based methods. Experiments on document VQA datasets
demonstrate improved retrieval efficiency and question-answering performance. When deployed in our system,
this technique significantly enhances the factual accuracy and cultural relevance of the generated responses.

Building upon our previous work (RiverEcho) presented at the ICME AIART workshop, RiverEcho-2.0
introduces a Multimodal Document RAG framework that significantly extends the original text-based retrieval
approach to incorporate the rich visual and tabular information found in contemporary Yellow River literature. These
architectural improvements enable more comprehensive responses to user queries about Yellow River culture by
effectively leveraging multimodal document contents. Additionally, we have expanded the experimental evaluation
in response to reviewer feedback from our prior publication, providing further empirical validation of the system’s
capabilities in supporting cultural preservation efforts through advanced human-computer interaction technology.
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2. Related Works
2.1. Large Language Model

Nowadays, Large Language Models (LLMs) [6—10] are emerging rapidly. They have demonstrated remarkable
capabilities across a wide range of natural language processing (NLP) tasks. Through instruction tuning and RAG,
contemporary LLMs have achieved not only impressive general intelligence but also notable expertise in specialized
domains [1 1-14]. This has spurred growing interest in the development of domain-specific LLMs, a rapidly evolving
area of research that continues to drive innovation and exploration within the field.

The rapid development of LLMs has contributed to some extent to the dissemination and preservation of
Chinese traditional culture. Recent research has focused on Classical Chinese Understanding (CCU), aiming to
enhance the comprehension and generation of classical texts. Early CCU systems were primarily designed for
specific tasks, such as translation [15, 16], punctuation restoration [17], and named entity recognition (NER) [18,19].
Recent advancements, such as GujiBERT [20], have utilized large-scale unlabeled classical Chinese corpora for
masked pre-training, providing task-specific models with embeddings enriched with classical Chinese knowledge.
Similarly, SikuGPT [21] has demonstrated the potential of generative pre-training for classical poetry and prose
creation. Additionally, models like Bloom-7b-Chunhua [22] and Xunzi-Qwen-7B-CHAT [23] have combined open-
source base models with extensive classical Chinese corpora, offering preliminary insights into the capabilities of
LLMs in understanding and generating classical Chinese texts. Notably, TongGu [24], in the same work, proposed
a two-stage fine-tuning approach, enabling the model to perform multiple tasks such as classical text reading
comprehension, classical-to-modern Chinese translation, and classical poetry generation. These developments
highlight the growing potential of LLMs in the preservation and inheritance of cultural heritage.

Nevertheless, integrating ancient Yellow River culture with LLMs is far from straightforward. The main
challenge is the absence of a structured dataset specifically built around Yellow River classics and scholarly texts,
making it difficult for LLMs to accurately capture and interpret the rich historical content embedded in this tradition.
This gap underscores the necessity of developing dedicated datasets and tailored methods to facilitate a deeper
understanding of this vital component of Chinese cultural heritage.

2.2. Multimodal Document RAG

LLMs suffer from hallucinations and outdated knowledge due to their reliance on static training data [25-27].
RAG mitigates these issues by dynamically integrating external knowledge bases, thereby enhancing factual
grounding in generated outputs. Furthermore, RAG’s flexible data repository enables efficient knowledge updates,
accommodates long-tail knowledge, and reduces privacy leakage risks. Additionally, RAG optimizes compu-
tational efficiency through model size reduction [28], long-context handling [29], and eliminating redundant
generation steps [30].

In practical implementations, RAG systems typically adopt a two-stage retrieve-then-generate workflow [31].
First, the retriever component utilizes dense embedding models [32,33] to identify relevant documents from external
knowledge sources, often enhanced by cross-encoder re-rankers [34]. The generator then conditions on these
retrieved passages to produce more accurate and contextually grounded outputs. Recent innovations have introduced
advanced techniques like retrieval planning [35], agent-based retrieval [36], and iterative retrieval-generation [37] to
further optimize system performance.

Recent research has increasingly focused on Document RAG [38—40], with particular emphasis on multimodal
document RAG due to the heterogeneous nature of modern documents containing images, tables, formulas, and other
non-textual elements [41-43]. As shown in Figure 1, current multimodal document RAG architectures primarily
adopt one of two paradigms:

1. Text-Centric Pipeline :

. Offline Processing : Multimodal content undergoes text extraction via OCR systems [44] or specialized
parsers [45], followed by semantic encoding using text embedding models.

. Online Retrieval: User queries retrieve relevant text chunks via maximum inner product search (MIPS),
which are then processed by downstream LLMs.

2.  Vision-Integrated Pipeline:

. Offline Processing: Document pages are processed as images and encoded into unified representations
using vision-language models.

. Online Retrieval: Query-relevant page embeddings are fed to multimodal LLMs for joint text-visual
reasoning.
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The first methodology exhibits a significant limitation: loss of semantic information inherent in multimodal
data, particularly for non-textual images and semantically rich graphics such as node diagrams or flowcharts.
The second approach suffers from cross-page information fragmentation. When processing long text passages
spanning multiple pages or multimodal content (e.g., semantically related text and images distributed across pages),
page-level embeddings generate fragmented representations that impair cross-page retrieval. This subsequently
degrades downstream MLLMs’ answer quality. Attempting to concatenate page embeddings introduces semantic
entanglement, further compromising retrieval effectiveness while imposing substantial memory footprint burdens
on the system.
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Figure 1. Architecture of text-centric and vision-integrated multimodal document RAG pipelines. Subfigure a

Relevant Page

illustrates the text-centric approach relying on textual extraction and encoding, while subfigure b demonstrates
the vision-integrated method that preserves original document layout and non-textual elements through page-level
embeddings.

2.3. Real-Time Interactive Digital Humans for Audio-Visual Dialogue

Recent advancements in real-time interactive digital human technology have enabled synchronous audio and
video dialogue.

LiveTalking [46] introduces a framework for audio-video synchronization, supporting models like wav2lip [47]
and musetalk [48] to address initial inference delays. Metahuman-stream [49] offers an open-source solution with
voice cloning, speech interruption, and full-body video stitching, compatible with RTMP [50] and WebRTC [51]
protocols. Synthesia [52] provides a platform for creating digital avatars with lifelike narration in over 140 languages,
reducing video production time significantly. VTube Studio [53] enables real-time avatar control using face tracking,
enhancing interactive experiences through open-source integration. These open-source technical frameworks lay a
solid foundation for the development of domain-specific applications.

3. Methodology

To enable the system to deliver more specialized and information-rich responses pertaining to Yellow River
culture, we constructed a Yellow River Cultural Corpus. To facilitate the effective utilization of the proposed corpus,
we designed a multimodal document RAG approach to enhance the question-answering capabilities of downstream
MLLM:s. Furthermore, we developed a real-time interactive digital system that integrates the aforementioned corpus
and RAG method, along with several open-source modules. This system is capable of recognizing user speech and
providing professional responses in real time through a digital human avatar.

3.1. Yellow River Cultural Corpus

Book Collection: The historical documents related to the Ancient Yellow River culture have been preserved
in various forms, such as manuscripts, bamboo slips, and inscriptions, with their textual content recorded in
Classical Chinese, Tangut script, and other writing systems. The diversity of these media, along with the challenges
in interpreting historical scripts, has created a significant barrier to public understanding of the Ancient Yellow
River culture.

To facilitate the widespread dissemination of this cultural heritage, we have collected a diverse set of historical
texts based on recommendations from scholars specializing in Chinese history. The proposed dataset includes
ancient texts from various historical periods (Pre-Qin, Han, Wei-Jin and Northern and Southern Dynasties, Tang-
Song, and Ming-Qing periods), primarily consisting of modern annotated editions. Additionally, it encompasses
over a hundred historical and contemporary works related to the Yellow River, covering multiple themes: river
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governance, technology and engineering, natural knowledge, socio-economic aspects, cultural heritage, historical
narratives, disasters and their impacts, and interdisciplinary topics. Distribution of themes in the proposed dataset is
shown in Table 1.

Data Structuring and Processing Pipeline: As shown in Figure 2, the construction of the dataset consists
of three steps. First, the collected large-scale ancient books are preprocessed using vertical text OCR to obtain
unstructured text. Next, an LLM is utilized to structure the unstructured text. Finally, the structured data undergoes
a proofreading process to ensure accuracy. We elaborate on the last two steps in detail.

Unstructured Data Structuring: To improve the retrieval efficiency and enhancement capability of the LLM
when processing the dataset, we performed structured processing on the collected Yellow River historical texts. We
first divided the collected unstructured text into multiple unstructured chunks. Then, using a large LLM along with
a corresponding structuring template, we converted these unstructured chunks into structured data, performed entity
deduplication, and constructed a knowledge graph. The structured chunks consist of three key components:

. Basic information: Includes the original text, translation, and summary, as well as the corresponding book title
and page number.

. Entities: Refer to the named entities and their types that appear within the paragraph.

. Relations: Represent the connections between different entities.

Data Proofreading: To enhance the professionalism of responses to Yellow River-related inquiries, we incorpo-
rated a human proofreading mechanism. Specifically, we invited professional reviewers to conduct randomized
sampling and verification of the structured data. They were requested to identify, assess, and annotate instances of
hallucination, including incorrect translations, overgeneralizations, and excessive information supplementation. To
enhance the reliability and consistency of the verification process, each flagged hallucination case was subjected to a
two-stage human review pipeline. In the first stage, a student reviewer annotated the detected errors and categorized
them based on predefined error types. In the second stage, another reviewer reassessed the annotations, verified the
discrepancies, and finalized the manual corrections.

The processed knowledge graph supports downstream graph-based retrieval, while the text chunks facilitate
embedding-based retrieval in subsequent stages.
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Figure 2. Overall process of corpus construction. First, collected ancient and contemporary books are processed
into unstructured chunks. These chunks, along with structured-template prompts, are fed into an LLM to produce
structured chunks. Next, the structured chunks undergo manual proofreading. Those failing quality standards are
annotated and returned for re-proofreading. Finally, the verified structured chunks are converted into knowledge
graphs and stored to support downstream graph-based retrieval, while the unstructured chunks serve downstream
embedding-based retrieval.
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Table 1. Distribution of Themes in Proposed Dataset.

Theme Number of Trunks

Total 20408

River governance 6125
Technology and engineering 4369
Natural knowledge 2552
Socio-economic aspects 1649
Cultural heritage 1778
Historical narratives 1551
Disasters and their impacts 1268
Interdisciplinary topics 1116

3.2. Enhanced Multi-Modal Document RAG

In our previous conference paper, we merely employed an open-source RAG approach [54], which is capable
of retrieving only textual information. Given that Yellow River cultural documents contain abundant valuable
multimodal content—such as images, charts, and diagrams—we propose an Enhanced Multimodal Document RAG
framework to better exploit these resources.

3.2.1. Overall Process

As illustrated in Figure 3, our method consists of three main stages. First, documents are processed using a
PDF parsing tool to extract structural elements. Second, these elements are fed into the Context-aware Image-Text
Matching and Embedding (CIME) module to generate multimodal fused embeddings. Concurrently, non-textual
elements such as charts, figures, and mathematical formulas are converted into descriptive text using a large language
model, and a knowledge graph is constructed to capture semantic relationships among the extracted content. Third,
given a user query, a hybrid retrieval strategy is performed, combining both embedding-based similarity search and
graph-based retrieval. Finally, the retrieved multimodal information is delivered to a downstream multimodal large
language model for response generation.

Multi-modal elements @ Query
e I‘ me—— . /
—— % [FX: | .Aj ame R i ybridremieal l
PDF-Extract-Kit ’ ]
Documents Multimodal fusion embedding & @—)

Text capti H : Downstream MLLM Answer
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retrieval

MLLM Knowledge-graph

Retrieved information

Figure 3. Architecture of the enhanced multimodal document RAG method. Documents are first decomposed
into multimodal elements, which are then processed via CIME and graph construction into multimodal fusion
embeddings and a knowledge graph. Finally, hybrid retrieval is performed, and the retrieved information is fed into
the downstream MLLM.

3.2.2. Context-Aware Image-Text Matching and Embedding Module

To enhance the efficiency of offline embedding conversion and retrieval for multimodal documents, we propose
CIME. As depicted in Figure 4, documents are parsed into four modalities: images, paragraphs, tables, and formulas.
Tables and formulas are processed as paragraphs after being converted into text indices with predefined prompts.

During the training phase, a visual encoder transforms images into global and local features, while a text
encoder converts queries and paragraphs into corresponding features.

Layout information is also encoded and fused with the text features. We feed query features (Q), local image
features (K), and text features (V) into a query-aware fusion gate module to obtain fused features. A matching loss
is then calculated between these fused features and the query features. Concurrently, we use contrastive learning
between the image global features and text features to ensure semantic alignment.

The query-aware architecture is illustrated in Figure 5. First, the input features are concatenated and fed into
an MLP-based gate to produce a gate score, which serves to measure the relevance between the query and the image
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and text modalities, respectively. Subsequently, the query feature is jointly attended with the local image feature
and text feature in one attention block, while in another attention block, the query feature is attended with the text
feature only. Finally, the outputs from the two attention blocks are combined with the gate score through a weighted
fusion mechanism to obtain the final fused feature.
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Figure 4. Architecture of the CIME module. Documents are decomposed into multimodal elements and transformed
into features via encoders. These features are then fused through a query-aware fusion gate, where PH denotes the
projection head.
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Figure 5. Architecture of the query-aware fusion gate.

For offline inference, the query features are replaced with image global features since user queries are absent.
This substitution does not introduce unacceptable cross-modal discrepancies because the semantic alignment
between the image global and text features was established during the training phase.

As depicted in Figure 6, the training data for our CIME module is an adapted version of the existing DocVQA
dataset. We begin by using a PDF parsing tool to decompose the documents in the dataset into their layout and
content. Next, we employ MLLMs with templated instructions for annotation. The final step involves a small-scale
manual refinement to obtain positive and negative sample pairs, with images serving as the anchor.
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Figure 6. CIME training data processing pipeline.

Our CIME module is trained with a multi-task loss that jointly optimizes cross-modal alignment, query-aware
fusion, and explicit gate supervision. The overall objective is formulated as:

L= O‘Ealign + BLmaten + 6£gale; ()

where «a, 3, and § are balancing coefficients for the three components.
The image-text alignment loss (Laign) ensures that the global representations of semantically related image
and text pairs are aligned in the embedding space:
sim(fome  f£™)
exp <gqu

B (k)emb ?
K )
k=1 €XP <T

where fm“éb and ™ are the projected global image and text embeddings, sim(-,-) denotes cosine similarity,
g
7 = 0.07 is a temperature hyperparameter, and K is the batch size used for in-batch negative sampling.

The query-fused matching loss (Laech) drives the fused representation fyyseq to be semantically close to the
input query:

»Calign = - log (2)

exp < Sim(qem:affused) )

. . (k) ’
K sim (g™, foca
Zk:1 C€Xp ( p

where ¢°™ is the projected query embedding, and frysed = ¢ - fvision + (1 — g) - fiexe 1s the gate-controlled fusion
result, with fyison and fiexc computed via cross-attention over image patches and text tokens, respectively.
Finally, the gate supervision loss (L) explicitly guides the model to decide whether a query is image-relevant:

£match = - log (3)

Egate = BCE (97 ytype) y
emb premb emb (4)
g =0 (MLPgate ([q 9 imgga t ])) ’

where g € [0, 1] is the gate score, yype € {0, 1} is the binary label indicating image relevance, and o is the sigmoid
function. BCE represents Binary Cross-Entropy Loss. This loss enables the model to adaptively attend to visual or
textual content based on query semantics.

3.3. Real-Time Interactive Digital System

As illustrated in Figure 7, our real-time interactive system integrates multiple key modules, including ASR,
MLLM, TTS, and talking-head generation.

Specifically, the system first utilizes the ASR module to convert a user’s voice queries into text. Then, the
system employs the proposed multimodal document RAG technique to perform retrieval-based matching within
the Ancient Yellow River Cultural corpus. The retrieved elements, along with the original query, are subsequently
fed into the MLLM as contextual inputs, enabling the model to generate a streaming text response. Next, the TTS
module converts this streaming text into real-time speech, which is then synthesized into a talking-head video and
transmitted to the front end for display.
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Figure 7. Overall architecture of RiverEcho-2.0. The user’s voice queries is first converted into a textual query
by the ASR module. Using proposed multimodal document rag, relevant context is retrieved from the constructed
corpus and combined with the query as input to the LLM, which then generates token chunks in a streaming manner.
The TTS module receives these token chunks and synthesizes corresponding audio segments in real-time, which are
then fed into the talking-head generation module to produce video clips for presentation.

Since the latency of existing ASR tools is generally negligible, we do not apply additional streaming processing
to it. However, all other modules in the system operate in a streaming fashion, except for the MLLM. Given that
both the inputs and outputs of all modules are streamed, the system follows a fully integrated streaming workflow.
In other words, once the ASR module transcribes the user’s speech, all subsequent modules function in parallel.
This design significantly reduces response latency, particularly when generating long sequences of tokens, ensuring
a highly efficient real-time user interaction experience.

Specifically, we adopt Livetalking [46], an open-source real-time interactive digital human platform, as the
basic framework of our system. For each module, we adopt the following configurations:

. ASR : We use FunASR [55], a high-performance open-source ASR model, capable of recognizing user input
speech with both high speed and accuracy.

. MLLM: We employ Qwen2-VL [10] as the base model and integrate proposed RAG method for corpus
retrieval and enhanced inference, optimizing the system’s performance in information retrieval tasks. The
tokens generated by the MLLM will accumulate into chunks until encounter punctuation marks that indicate
the end of a sentence, such as a period, exclamation mark, or ellipsis.

. TTS: We use Edge-TTS [56], an open-source, powerful few-shot speech synthesis model capable of generating
high-quality speech with limited data. The sample rate is configured at 16,000 Hz, the voice is selected as
“zh-CN-YunjianNeural”, and the synthesis speed is adjusted to 20% slower than the default.

. Talking-Head Generation Module: We implemented the training and synthesis of ancient digital characters
using the MuseTalk-2.0 [48] framework, an audio-driven lip-synchronization system designed for real-time
high-fidelity facial animation. Specifically, we gathered dozens of portraits and statues of Li Daoyuan from
the Internet and extracted their facial features. Leveraging generative models, we synthesized a series of
modernized character images. We then refined these images by manually selecting and processing their
micro-expressions to construct a compact character dataset. Finally, utilizing MuseTalk-2.0, we developed and
animated digital humans based on this dataset.

Our system seamlessly integrates these modules to enable efficient streaming processing, delivering a smooth
and responsive low-latency interactive experience for users. Optimizing the coordination between components,
ensures real-time performance with minimal delays, enhancing overall usability.

4. Experiments
4.1. Implementation Details
4.1.1. Hardware Configuration

The entire system was deployed and executed on a server equipped with five NVIDIA A800 GPUs. All
quantitative experiments were conducted on this hardware configuration.
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4.1.2. Data Engineering Pipeline

For the proposed Enhanced Multimodal Document RAG Framework, we utilized the MP-DocVQA dataset for
data processing. Initial coarse-grained image-text matching was performed using Qwen-VL-MAX, followed by
manual screening of 3600 PDF documents.

4.1.3. CIME Module Training

The selected 3600 PDF documents were partitioned into training, validation, and test sets with a 2:1:1 ratio for
training the Cross-modal Information Matching and Enhancement (CIME) module. The model underwent extensive
training for 3000 epochs to ensure convergence.

4.1.4. Retrieval System Implementation

For the graph-based retrieval component of our hybrid search system, we adopted the same processing
methodology as LightRAG. All PDF parsing operations were consistently performed using the MinerU toolkit to
maintain processing uniformity.

4.2. Evaluation of Enhanced Multimodal Document RAG Framework
4.2.1. MM-DocVQA Benchmark Performance

To evaluate the performance of the proposed Enhanced Multimodal Document RAG Framework, we conducted
comprehensive experiments on the MMLongBench-Doc dataset. As shown in Table 2, we tested both text-based and
multimodal pipelines, comparing native mllms with other RAG-enabled pipelines. Our method achieves significant
improvements in both F1 score and answer accuracy over existing approaches. Notably, the framework delivers
particularly substantial gains on image-related (IMG) and multimodal (MUL) questions, validating the effectiveness
of our enhanced multimodal document retrieval and generation approach.

We also applied the proposed RAG method to both close-sourced and open-sourced large language models.
As shown in Table 3, the proposed approach yields substantial improvements in answer accuracy across different
models, further demonstrating the effectiveness of our method.

Meanwhile, disregarding the downstream large language model, we directly compared our proposed method
with other RAG approaches. As shown in Table 4, in terms of page-level retrieval performance, our model
outperforms existing text-based, graph-based, and multimodal RAG methods.

Table 2. Closed-domain DocVQA evaluation results on MMLongBench-Doc. We report generalized accuracy (ACC)
and F1 score over five evidence source modalities: Text (TXT), Layout (LAY), Chart (CHA), Table (TAB), and
Image (IMG), as well as three evidence locations: Single-page (SIN), Cross-page (MUL), and Unanswerable (UNA).

Method #Pages TXT LAY CHA TAB IMG SIN MUL UNA ACC F1

Text Pipeline

ChatGLM-128k [57] - 234 127 9.7 102 122 188 115 18.1 16.3 149
Mistral-Instruct-v0.2 [58] - 199 134 102 10.1 11.0 169 113 24.1 164 13.8
ColBERT v2 [59] + Llama 3.1 [60] 1 20.1 14.8 127 174 74 218 7.8 413 21.0 16.1
ColBERT v2 [59] + Llama 3.1 [60] 4 23.7 177 149 240 119 257 122 38.1 23,5 197
Multimodal Pipeline

DeepSeek-VL-Chat [61] - 7.2 6.5 1.6 5.2 7.6 52 7.0 12.8 7.4 54

Idefics2 [62] - 9.0 10.6 4.8 4.1 8.7 7.7 7.2 5.0 7.0 6.8

MiniCPM-Llama3-V2.5 [63] - 119 10.8 5.1 59 122 95 9.5 4.5 8.5 8.6
InternLM-XC2-4KHD [64] - 9.9 14.3 7.7 6.3 13.0 126 7.6 9.6 103 9.8

mPLUG-DocOwl 1.5 [65] - 8.2 8.4 2.0 34 9.9 7.4 6.4 6.2 6.9 6.3

Qwen-VL-Chat [66] - 55 9.0 54 22 6.9 52 7.1 6.2 6.1 54
Monkey-Chat [67] - 6.8 7.2 3.6 6.7 9.4 6.6 6.2 6.2 6.2 5.6
ColPali [42] + Idefics2 [62] 1 109 11.1 6.0 7.7 157 154 7.2 8.1 112 11.0
ColPali [42] + Qwen2-VL 7B [66] 1 257 21.0 185 164 197 304 10.6 5.8 18.8  20.1
ColPali [42] + Qwen2-VL 7B [66] 4 30.0 235 189 20.1 208 324 148 5.8 21.0 226
Ours + Qwen2-VL 7B [66] - 311 240 193 246 246 317 202 5.8 258 272
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Table 3. Multimodal RAG Performance Across MLLMs (ACC)

Model Type Model Name Baseline +Ours A (%)
Close-sourced GPT-4V 28.4 41.7 +13.3 (46.8%)
Gemini Pro 2.0 31.2 45.8 +14.6 (46.8%)
0 d LLaVA-7B 12.3 25.1 +12.8 (104.1%)
pen-souree Qwen-VL-7B 14.6 258 +11.2 (76.7%)
Overall Average 21.6 34.6 +13.0 (60.1%)

Table 4. Retrieval Performance of RAG Methods on MP-DocVQA.

Page Retrieval

Method
R@1 (%) R@4 (%)
Langchain-Chatchat 38.5 62.1
FlashRAG 423 65.8
GraphRAG 45.7 68.4
KAG 40.2 64.0
ColBERT v2 53.6 73.9
M3DocRAG 58.2 81.1
Ours 67.4 88.7

4.2.2. Ablation Study

We performed rigorous ablation experiments to verify the contribution of each proposed component, specifically
examining proposed CIME module and hybrid search strategy.

Table 5 reveals that replacing the CIME module with conventional OCR+text embedding leads to an 40.1%
reduction in recall (F1 score). Similarly, when substituting our hybrid search with either pure embedding-based or
pure graph-based search, the overall F1 score decreases by 13.2% and 32.7% respectively. These results conclusively
demonstrate the necessity of both proposed enhancements for optimal multimodal document retrieval.

Table 5. Ablation Study of Key Components.

Method F1 Relative Change
Proposed System 27.2 -
w/OCR+text embedding 16.3 —40.1%
Embedding-based search only 23.6 —13.2%
Graph-based search only 18.3 —32.7%

Furthermore, to establish our framework’s model-agnostic nature, we evaluated its performance across multiple
MLLMs using identical experimental settings. Table 3 shows consistent accuracy improvements in document VQA
tasks for both proprietary and open-source models when integrated with our multimodal RAG system.

4.2.3. Qualitative Examples

Our multimodal RAG approach was evaluated on public datasets and our proposed corpus. As shown in
Figure 8, it effectively retrieves relevant tables, texts, and images on the M3DocVQA benchmark. Figure 9 shows
accurate retrieval of texts and tables from our corpus, yielding more precise answers than baselines. Additionally,
Figure 10 demonstrates the model’s ability to handle cultural questions.
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( ' Question:
f.J SIE Bend Studio's 2019 game cover has man leaning on what?

] Retrieved elements:
f— Retrieved Table i
Q Retrieved Text
—
Bend Studio
Days Gone is a 2019 action-adventure video game developed by Bend Studio and
3END ) ) '
STUDIC published by Sony Interactive Entertainment. The game was released for the
Logo used since 2022 PlayStation 4 in April 2019, and Windows in May 2021. A remastered version for
Fome ooy PlayStation 5 was released in April 2025 alongside a DLC version for Windows.
Eidetic, Inc. (1995—2000)
Gompany type  Subsiiary
Indt Vi .
e v Retrieved Image
Founders Marc Blank (i 7y

Michael Beriyn
Headquarters  Bend, Oregon, US

Key people  Christopher Reese (studio
director)
Products Bubsy 3D
Syphon Fiter
Days Gono
Numberof  1504(") (2022)
employees.
Paront Sony Computer

Entertainment (2000~
2005)
PlayStation Studios
(2005—prosent)
Wabsite bendstudio.come?

Ours:

@ Motorcycle.

Figure 8. An example of multimodal retrieval. Our method retrieves and integrates relevant tables, texts, and images
from the M3DocVQA dataset.

'3 Question.

[J FE-MAARLRFBHLESAFHREFREX, SIHAXBERRS. FRAZFHE.

~ What Describe the key components and economic benefits of an ecological cattle farming model that utilizes agricultural waste through a circular economy approach. List the steps
and final outputs.?

Retrieved elements:
p— Retrieved text Retrieved Table
Q FHLREIRES, HHRLL WA, AW, B SRR

A DRHMBL RIERCIRRN . KAMERAARAOL R, 2HKRE Ex A i BER
BREMEHRANAE, FREFEL. ATEE. WAL, SR ki 3 L

. BRREEFIABEK TR S, BB, SN, LW,

RRE A Z5 . 2011

A, SEPEATRL 9.8 J7k, i 5.58 Fisks BRAEAEAL 3.2 T3k, AEMAL HHL CDM A

19.5 773k RAWE 1080 HH, W, B, WU/ BES 18.5 70, LRHK AR 25 T#

WP 9.5 LT, BUHE 2015 4, & BAPRA: 35 Tk, HebFA 15 T,

AEHIRE 10 7k, INGE 2 MRAFAE S, PIEFER 4.5 7, AREBA 30 l L—':,‘ T
Tisk, FAFREL70077R LA 1500 7R, A 100 R, R 100 5 A A

S, #0400 2 GEBIRS 10 000 TS, A6 400 TR, 1. K. B384 ' R | | B ‘ % H Kafe |
PR 42T, TGO 101055 (SRR KIMARRE SR -

).

Ours:

@
k‘ g BRRE XA R AR, BRFRLRFH, BLH L8 L TARLY NS RETIR, BYLE AR BNk, £20155 KA EWHS
FE427 vk, FARAOMLA, HRIINGE R A LA F Rk
.This circular economy model utilizes agricultural waste like corn stalks and mushroom residue through fermentation and biogas engineering to support cattle farming, producing
organic fertilizers and generating additional revenue via CDM. By 2015, it achieved an annual output of 420,000 tons of meat eggs and milk with 4 billion CNY revenue, while
certifying premium organic beef brands

Figure 9. Another example of multimodal retrieval. Our method retrieves and integrates relevant tables and texts
from the proposed corpus.

0 j *»ﬁ{&*fhé:i!é‘] B A 7
What were the difficulties in managing the Yellow River during the Song Dynasty?

Qwen-2.5-max:

‘‘‘‘‘‘ RYBRPEL:KABFRERY, REFXLHERE, RYETHIUR, RTEEHAE, HwTLERKE. ......

... Severe sediment accumulation: The Yellow River carries a large amount of sediment, and after flowing through the Loess Plateau, the sediment settles in the lower reaches,
gradually silting up the river channel and increasing the difficulty of management. ...

Deepseek-v3:
& ...... Ry FALYES, RYNRFETRES, TERKZE, FwTeZRE. ......

.. Sediment accumulation: The Yellow River has a high sediment content, and the deposition of sediment elevates the riverbed, causing frequent changes in the river's course and
increasing the difficulty of management. ...

Chat6PT-4o:
@ ...... BTFRARG AR E, RERIRARETRZ L, FHTRRUEH, RATRARBSE, KE@H4EH, RAHARHARRDY R LE
7

... Due to severe sediment accumulation in the Yellow River, a large amount of sediment settles on the riverbed, causing the riverbed to continuously rise. This slows the river's flow
velocity and gradually elevates the water level, ultimately forming an "elevated river above ground” that is higher than the surrounding terrain. ...

2o REKTLE Sk, wEANF (10485) H AR, ARMRTEGRER, FERRATH, RAELHRD . A RRRFRF KT TERKL
i, EEBEMK. ......

. Severe sediment accumulation: The Yellow River currnes a large amount of sediment, leading to serious siltation in its lower reaches. Ouyang Xiu pointed out that the Ycllow River,
"bemg full of sediment, has no reason not to silt up." After siltation occurs in the lower reaches, the water flow is obstructed, ultimately causing breaches in the low-lying
upstream. During the Song Dynasty, the Yellow River experienced multiple breaches, such as the Shanghu breach in the eighth year of the Qingli era (1048) and the snltatlon of the
Henglong river channel, which impeded water flow and eventually led to breaches upstream. This siltation phenomenon caused the Yellow River to frequently change its course,
making it extremely difficult to manage. ...

TAS :
k.’g ...... RYBBRPE:XTRFRERY, FRTHTERARSE, KESFRE, KT “ARY, RARAZE” , THARE, KALHE, RAEEHKLER

Figure 10. An example related to the history and culture of the Yellow River: our model can cite historical allusions
compared to other models, thanks to the Yellow River corpus we proposed.
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4.3. Response Time Analysis

To validate the real-time performance of our system, we measured both the latency of individual modules and
the end-to-end system response latency. Table 6 presents the latency of each module in our system. Specifically, the
processing latency of the ASR module is negligible; the MLLM module, including the RAG process, can generate
nearly 31 tokens per second; the TTS module requires only 0.27448 seconds to generate 1 second of audio; and the
final Talking-Head Generation module achieves an audio-driven speed of 25 fps.

Crucially, to better evaluate the user’s real-time interactive experience, we further measure the end-to-end
system latency, defined as the time from when a user finishes speaking to when the generated talking-head video
begins playback. Under streaming input and output, the overall system achieves an average response rate of
approximately 28.36 tokens per second. This demonstrates that our system maintains high responsiveness despite
the integration of multiple components, and remains well within the requirements for real-time interaction. Thanks
to the streaming design of all modules, the system delivers smooth and low-latency responses, providing strong
empirical support for its real-time capabilities.

Table 6. Processing Time of Each Module in the System

Module Model Processing Metric Processing Time
ASR FunASR [55] Time required to recognize 1s audio 0.01460 s
MLLM (including RAG) Qwen2-VL [10] + RAG Tokens generated per second 30.09 tokens/s
TTS Edge-TTS [56] Time required to synthesize 1s audio 0.27448 s
Talking-Head Generation MuseTalk [48] Time required to drive one frame 0.0039 s

5. Conclusions

In this paper, we present RiverEcho, a real-time interactive digital system designed for the Ancient Yellow
River culture. It processes user voice queries and delivers professional, informative responses in real-time via a
digital human interface. Specifically, to enhance the output performance of the LLM module, we collected and
processed historical texts and modern books related to the Ancient Yellow River from different dynasties and various
topics, constructing a dataset for Ancient Yellow River culture. Finally, we conducted a subjective evaluation to
validate the effectiveness of this system. We hope that artificial intelligence will contribute to the preservation,
revitalization, and innovative dissemination of traditional Chinese culture.
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