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Pre-Training
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Limitations of LLMs
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Private Knowledge

Retrieval-Augmented Generation
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Retrieval-Augmented Generation
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Retrieval-Augmented Generation (RAG)



2025/8/20 6

Retrieval-Augmented Generation (RAG)



RAG (Retrieval-Augmented Generation)

Uses retrieved information

as additional context for the

language model, enhancing

its understanding and

improving answer accuracy.

（Augmentation）

A

Finds the most relevant
information from external
knowledge bases or
document collections. By
vectorizing and storing
text data, the system
efficiently retrieves the
best matches using query
vectors from user input.

（Retrieval）

R

Powered by LLMs, it generates 

coherent, context-aware, high-

quality answers by combining 

user queries, retrieved 

information, and its language 

generation capabilities.

（Generation）

G



Naive RAG Limitation

Naive RAG uses text 
chunks, ignoring entity
relations and complex
cross-document
dependencies.

Relies on flat data, limiting 
complex relationships.

1

Retrieval feeds generation
linearly, lacking global
context integration.

Lacks context 
awareness, leading to 
incoherent answers.

2

Naive RAG retrieval often
includes irrelevant information,
increasing computational load
and reducing answer accuracy.

Text blocks are 
redundant with 
irrelevant content.

3
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Graph RAG

Unlike a baseline RAG that uses a vector database to retrieve semantically similar text, 
GraphRAG enhances RAG by incorporating knowledge graphs (KGs). Knowledge graphs 
are data structures that store and link related or unrelated data based on their relationships.
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Graph RAG



2025/8/20 11

Graph RAG



GraphRAG—Limitation

Generating and traversing community
reports for retrieval and query stages leads 

to extremely high costs.

High Cost Both generating community reports 
and traversing the community 
require significant time, which

greatly reduces system efficiency.

Inefficiency

Merging new data requires rebuilding
communities, raising costs and limiting scalability.

Poor Scalability
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LightRAG
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On-Device RAG
Data Privacy Resource Limited

Multi-Modal RAG
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MiniRAG



What is MiniRAG?

MiniRAG is a free, lightweight, yet powerful RAG framework.

Free: No need for API-based LLMs; local SLMs can also handle RAG tasks.
Lightweight: Requires only 25% of the storage space compared to leading baselines.
Strong: MiniRAG+3B model > GraphRAG+gpt-4o-mini



Observation of SLMs on RAG tasks

Left: SLMs generate notably lower-quality descriptions than LLMs. Right: When processing identical inputs, SLMs 
struggle to locate relevant information in large contexts, while LLMs perform this task effectively.

Observation 1: while SLMs struggle with sophisticated semantic understanding, they excel at pattern matching and 
localized text processing
Observation 2: explicit structural information can effectively compensate for limited semantic capabilities
Observation 3: decomposing complex RAG operations into simpler, well-defined steps can maintain robustness 
without requiring advanced reasoning capabilities.



Motivation of MiniRAG 

Observation 1: while SLMs struggle with sophisticated semantic understanding, they excel at pattern matching and 
localized text processing
Observation 2: explicit structural information can effectively compensate for limited semantic capabilities
Observation 3: decomposing complex RAG operations into simpler, well-defined steps can maintain robustness 
without requiring advanced reasoning capabilities.

(1) a new indexing mechanism to reduce reliance on complex semantic understanding
(2) a new retrieval approach for efficient knowledge discovery.

To alleviate the high demands on model capabilities imposed by the RAG framework, We should use



The MiniRAG framework

(1) a new indexing mechanism to reduce reliance on complex semantic understanding
(2) a new retrieval approach for efficient knowledge discovery.

The MiniRAG framework employs a streamlined workflow built on the key components: (1) heterogeneous 
graph indexing and (2) lightweight graph-based knowledge retrieval. 



Details of MiniRAG: Heterogeneous Graph Indexing

Key components:
- Text Chunk Node
- Entity Node
- Entity-Entity Connection
- Entity-Chunk Connection

Target:
(1) The indexing mechanism should extract the key relationships and 
contextual connections within the data.
(2) The indexing approach should condense the retrieved content to 
its most query-relevant elements.
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Advantages:
1. It systematically incorporates both text chunks and named entities, creating a rich semantic network
2. It enables data chunks to directly participate in retrieval and effectively mitigates information distortion
3. It avoids challenging tasks (e.g., sophisticated semantic understanding) that could cause SLMs to fails.



Details of MiniRAG: lightweight graph-based knowledge retrieval. 

Target:
(1) Reduce the complexity of input content. For generation, 
ensuring that semantic information is clear and concise; 
(2) Shorten the length of input content. For SLMs, 
facilitating improved comprehension and retrieval accuracy. 

Step 1: Query Semantic Mapping
(1) Extract relevant entities      and predict potential types of query
(2) Query-driven reasoning path discovery:

- Initial Entity Identification
- Answer-Aware Entity Selection
- Context-Rich Path Formation 
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Details of MiniRAG: lightweight graph-based knowledge retrieval. 

Target:
(1) Reduce the complexity of input content. For generation, 
ensuring that semantic information is clear and concise; 
(2) Shorten the length of input content. For SLMs, 
facilitating improved comprehension and retrieval accuracy. 

Step 2: Topology-Enhanced Graph Retrieval
(1) Key Relationship Identification

(2) Query-guided path discovery

(3) Retrieval of Query-Relevant Text Chunks
①Candidate Filtering               ②Similarity Computation   ③Ranking&Selection

(4) Integration for Augmented Generation

✔
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Details of MiniRAG: lightweight graph-based knowledge retrieval. 

Target:
(1) Reduce the complexity of input content. For generation, 
ensuring that semantic information is clear and concise; 
(2) Shorten the length of input content. For SLMs, 
facilitating improved comprehension and retrieval accuracy. 

✔

✔

Advantages:
1. It effectively mitigates the issue of significant noise introduced into the retrieval process due to the limited 
semantic understanding capabilities of SLMs.
2. It avoids challenging tasks (e.g., predicting the high-level information of the query) that could cause SLMs to 
fails.



New Datasets: LiHua-World

[Design for on-device RAG] The LiHua-World dataset is specifically designed for local RAG 
scenarios, containing one year of chat records. 
[Diverse types of questions] The dataset includes single-hop, multi-hop, and summarization 
questions, each accompanied by manually annotated answers and supporting documents. 
[Wide variety of events] The content covers various aspects of daily life, such as social 
interactions, fitness training, recreational activities, and personal affairs.



Experiment
RQ1: Comparative Performance. How does MiniRAG perform against state-of-the-art alternatives in terms of 
retrieval accuracy and efficiency? 
RQ2: Component Analysis. What is the contribution of key components to MiniRAG’s overall effectiveness?
RQ3: Case Studies. How effectively does MiniRAG handle complex, multi-step reasoning tasks with small 
language models, as demonstrated through practical case studies?



Experiment
RQ1: Comparative Performance. How does MiniRAG perform against state-of-the-art alternatives in terms of 
retrieval accuracy and efficiency? 

Observation:
1. Current RAG systems face critical challenges when operating with SLMs.
2. MiniRAG maintain strong performance even with SLMs.
3. MiniRAG demonstrates exceptional storage efficiency while preserving high accuracy levels.



Experiment
RQ2: Component Analysis. What is the contribution of key components to MiniRAG’s overall effectiveness?

Observation:
1. SLM Limitations. Replacing indexing with text semantic-driven techniques (-I) causes significant 
performance drop, validating SLMs' constraints in semantic understanding, impacting knowledge 
graph generation and text descriptions.
2. Effectiveness of Query-guided Reasoning Path Discovery. Removing edge info (-Redge) or chunk 
nodes (-Rchunk) harms performance. These components enable query matching and compensate for 
SLMs' limitations during indexing.
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VideoRAG



Videos on the 
Internet contain a 
wealth of 
knowledge.

Can AI watch all the videos and 
learn from them?



We present VideoRAG

An unl imited AI framework for watching long-context v ideos on a s ingle RTX 3090.



What is Retrieval-Augmented Generation (RAG)?

Knowledge Data Base (e.g., Documents, Videos)

Indexing Process

Retrieval Knowledge for Input Query

Answer Generation



VideoRAG
Knowledge Base

• We are consider ing leveraging v ideo 
l is t  as the knowledge base for the 
VideoRAG framework, such as 
OpenAI 's  12 Days Show.

• There are no l imitat ions on the 
durat ion of each v ideo or the number 
of v ideos.



VideoRAG
Multi-Modal Video Knowledge Indexing

• For each video, we spl i t  i t  into sub-
cl ips and use VLMs and ASR models to 
extract both v isual  and audio 
information.



VideoRAG
Multi-Modal Video Knowledge Indexing

• Next,  we construct a knowledge graph
from the extracted textual  knowledge 
of the sub c l ips to l ink information 
across mult ip le v ideos.



VideoRAG
Multi-Modal Video Knowledge Indexing

• Meanwhi le ,  We encoded mult i-modal 
embeddings for textual chunks and 
video c l ips separate ly with mult i-
modal embedders .

• The f inal  indexing results  in a hybrid 
system that incorporates both mult i-
modal embeddings and knowledge 
graphs (KGs) .



VideoRAG
Multi-Modal Retrieval Paradigm

• We perform video c l ip-level  retr ieval  us ing 
both textual semantic matching and visual  
retr ieval techniques.

• For the retr ieved video c l ips ,  we then f i l ter
them by assess ing their  re levance to the input 
query.

• Final ly ,  the VLM is  employed once more to 
extract f ine-grained,  query-specif ic  knowledge 
from the c l ips .



VideoRAG
Response Generation

• After retr ieving the query-specif ic  
knowledge from the v ideos, we concatenate 
i t  with the extracted query-relevant text 
chunks for the LLMs to generate responses.



Benchmark (LongerVideos)

We constructed the LongerVideos benchmark to evaluate the model ' s  per formance in 
comprehending mul t ip le  long-context  v ideos and answer ing open-ended quer ies .



Comparison 
with RAG 
baselines (Win-
Rate)



Comparison with Video Understanding baselines 
(Quantitative Comparison)



Ablation Study

Both var iants  that  remove graph index ing (-Graph)  or  v i sual  encoding (-Vis ion)  resul t  in 
decreased per formance.



Case Study

VideoRAG can accurately retr ieve four 
continuous video segments from 
OpenAI’s 12-day show, specif ical ly 
from 10:00 to 12:00 on Day 2 of the 
video t i t led "Reinforcement Fine-
Tuning."



Vimo

We del iver an open-source chat platform, Vimo, that can understand and 
analyze v ideos of unl imited length and answer your quest ions with remarkable 
accuracy. Now everyone can chat with v ideos.





chaohuang75@gmail.com

Chao Huang

https://github.com/HKUDS

Data Intelligence Lab


