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SUMMARY



Motivation: Hybrid Query
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Approximate nearest neighbor search with predicates

Application

• E-commerce site: Search for t-shirts images similar to a reference image, filtering on price

• Literature search engine: Search for papers similar to natural language queries, filtering on publication 
date



Problems of Then-existing Techniques
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ACORN Overview: An Extended Pre-filtering Approach
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• Construct a denser HNSW index by expanding and compressing neighbor lists to handle predicates 
efficiently.

• Traverse the predicate-specific subgraph using a filter method to ensure only neighbors satisfying the 
query predicate are considered.

• Incorporate a heuristic for expanding search neighborhoods dynamically during execution to optimize 
hybrid search performance.



Creating a Denser Graph Index
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• Expand neighbor lists by collecting a larger set of candidate edges (scaled by a factor γ) for each node 
during graph construction.

• Apply predicate-agnostic pruning by retaining a limited number of top candidates and pruning based on 
their connectivity within two-hop neighborhoods.

• Adjust the expansion factor γ dynamically based on the minimum predicate selectivity for robustness 
across queries.



Experiment
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MuRAG: Multimodal Retrieval-Augmented Generator 
for Open Question Answering over Images and Text 
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Recap

Retrieval Augmented Generation
Motivation: Traditional language models rely only on parametric knowledges which are

• hard to fine-tune

• hard to explain (e.g., why is this output generated?)

Idea: Retrieve, then generate

• A retriever retrieves query-relevant documents from a corpus (i.e., database containing text)

• A reader generates the output based on the query and the retrieved results

In this class, we have focused on two aspects of RAG

• How can we retrieve query-relevant documents? How can we use them to generate an answer?

• What are different modalities that we can retrieve from? How should we modify our retrieval and 
reading method depending on the modality?

9



Introduction
Multimodal (Text & Image) Data Source
• Most of real-world web data are comprised of text and images.

• Images can play an irreplaceable role in answering some questions.
• e.g., “Give me a recommendation of a white baby bike!”

• However, most of prior works do not consider images in neither retrieval nor reading process.

A example Wikipedia page An example Amazon page An example Reddit page 1
0
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Notation Definition

Multimodal Data Source
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Problem Description
Multimodal Question Answering
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MultiModal Retrieval Augmented Generation

Retriever Reader

AnswerQuery-related 
documents

A multimodal retrieval augmented generation (MMRAG) model is composed of

• Retriever: Retrieves query-relevant subset of documents from the multimodal data source

• Reader: Generates the predicted answer using the query and the retrieved documents
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Recap
Two Challenges of MMRAG

Transformer Decoder

Challenges:
• How can we make the encoders and decoders handle multimodal data?
• How can we train such encoders and decoders?

Retriever

Reader
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Challenge #1
Designing Encoders and Decoders that Handle Multimodal Data

Transformer 
Encoder

Transformer 
Encoder

kNN Searcher

Transformer Encoder Transformer Decoder

Retriever

Reader

How can we make the encoders and decoders handle multimodal data?
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Solution #1
Universal Encoder & Decoder

Universal 
Encoder

Universal 
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Universal Encoder
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Universal Decoder

Develop 
• a universal encoder that can encode text, image, or even both.
• a universal decoder that can generate text using multimodal encodings.
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Solution #1
Inference Using Universal Encoder & Decoder
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Text space Image space

Problem: Different embeddings of two spaces!

Text space Text spaceImage space

Solution: Add an embedding layer to map them into a universal space
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Challenge #2
Training Encoders and Decoders that Handle Multimodal Data

The encoders and decoders have to be retrained from the ground, as a new modality of image is 
introduced.

We have solve the following questions for two phases of training

• Pretraining: 
• What are some big datasets we can use for pretraining?
• How should we set the loss functions?
• How can we efficiently perform pretraining?

• Fine-tuning: 
• How should we set the loss functions?
• How can we efficiently perform pretraining?
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Datasets Used for Pretraining
Used 4 visual question answer benchmarks to perform pretraining

• CC
• LAION
• PAQ
• VQA

General configuration of the four datasets:

• Input: query

• Input: query-related (image, caption) pair

• Input: a passage describing the query-related image

• Output: answer

A pretraining data
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Problems of Naïve Pretraining
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Forward propagation
Loss

kNN Searcher

A single retrieval can take too long 
time if there are too many 
documents within the data source!

Backpropagation

Universal 
Encoder

The embeddings have to be 
recalculated every time the 
gradients are backpropagated!

 

 

 

 

 

How should we place 
each components of a 
pretraining data?
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Solution to the Problems: In-Batch Pretraining
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Batch of training data
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Pretraining Overview
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Goals and Problems of the Fine-tuning Phase

Goal: Fine-tune the universal embedder and decoder according to our downstream task

Configurations of the MMRAG task (revisited):

• Input: query

• Label: a gold document

• Label: a hard negative document

• Output: answer

Problems of the fine-tuning phase: 

• Embedding recalculation

A fine-tuning data
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Two-stage Fine-tuning
In-batch Fine-tuning
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Resembles in-batch pretraining
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Two-stage Fine-tuning
Fixed-Embedding Fine-tuning
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  • The embeddings are frozen and
are not recalculated

• Only update the weights using the 
generation loss

Although the encodings are frozen,
the encoders are still being updated!



Experiments
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Goals of Experiment

1. Accuracy comparison: Does MuRAG accurately answer the multimodal questions?

2. Ablation study: How does each of MuRAG’s training method affect the end-to-end accuracy?



Dataset
• MultimodalQA
• WebQA
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Experiment Settings

Competitors
• No retrieval (Question-

Only)

• Retriever
• CLIP (K): CLIP + kNN

• MultimodalQA Reader
• AutoRouting

• WebQA Reader
• VLP

Metrics
• MultimodalQA

• Exact Match
• F1

• WebQA
• Retrieval F1
• Generation Fluency
• Generation Recall
• Overall Generation
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Accuracy Comparison

MultimodalQA

WebQA

• Text question EM: 10+%p increase 

• Image question EM: 20+%p increase

• Retrieval performance: 15%p increase in in full-wiki setting

• Generation fluency: 12%p increase under distractor setting

• Generation accuracy: 16%p increase under full-wiki setting

MultimodalQA WebQA



Examined the contributions of different pre-training data sources

Without any pre-training: overall score 23.5, underperforms all baselines

Pretraining with only one data source: Best accuracy with LAION dataset
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Ablation Study: Pre-training Data Source



Examined the contribution of each stage in two-stage fine-tuning

• Only in-batch fine-tuning: accuracy drop by 2%p in both datasets

• Only fixed-retrieval fine-tuning: accuracy drop by about 6%p (WebQA) and 11%p (MultimodalQA)

-> Necessary to adapt MuRAG’s pre-trained retriever to the downstream datasets.
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Ablation Study: Two-stage Fine-tuning
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APPENDIX



Manually studied 200 model outputs and classified them into 3 categories

• Image queries are much harder than text queries

• Full-wiki setting is harder than the distractor setting
• Distractor setting: 64%
• Full-wiki setting: 54%

33

Human Analysis: Error Categorization



Some qualitative reasons for these errors

• Some questions are related to infrequent objects

• The image scenes are highly complex with a large number of 
objects

• The questions require optical character recognition ability 
from images
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Qualitative Analysis: Error Categorization
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Vision-Language Pretraining Model Overview


