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Background/Motivation



LVLM Paradigms

• MiniGPT-4, InstructionBLIP, LLaVA (Image Only)



LVLM Paradigms

• Video ChatGPT (Video Only)



LVLM Paradigms

• VideoChat, Video-LLaMA (Image + Video - Shared)



LVLM Paradigms

• Macaw-LLM, X-LLM (Image + Video - Separate)



LVLM Paradigms
• ImageBind-LLM, LLaMA-Adapter (Alignment Before Projection)



Method



Model Architecture



Training Pipeline: Overview

STAGE 1

Image/Video 
Understanding

STAGE 2

Instruction 
Tuning



Stage 1: Image/Video Understanding - Dataset

BLIP 
CapFilt

CC3M
(3M pairs)

Concept 
balancing filter

CC-595K
(595K pairs)

Jukinmedia
(website)

Image dataset: CC-595K (LLaVA)

Video dataset: Valley 702K (Valley)

Valley
(702K pairs)



Stage 1: Video/Image Understanding - Training

LanguageBind 
Vision encoder Proj.
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This guy did an amazing martial arts stunt. He 
jumped on the mat and did a backflip. At the same 
time, a volunteer was …
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Stage 2: Instruction Tuning - Dataset

Image dataset: LLaVA-Mixed (LLaVA 1.5) Video dataset: Video-ChatGPT

LLaVA-mixed
(665K pairs)

LLaVA-Instruct
(158K pairs)

VQA-v2
(83K pairs)

SG40k
(40K pairs)

GQA
(72K pairs)

OKVQA
(9K pairs)

TextCaps
(22K pairs)

OCRVQA
(80K pairs)

RefCOCO
(48K pairs)

A-OKVQA
(66K pairs)

VG
(86K pairs)

ActivityNet 200
(200K videos)

BLIP-2 GRIT Tag2Text

GPT 3.5

Video ChatGPT
(100K pairs)



Stage 2: Instruction Tuning - Training

…
or

LanguageBind 
Vision Encoder

Proj.
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𝑿# = (𝑿$% , 𝑿&% , … , 𝑿$', 𝑿&')

𝑿!" : “What landmark is shown in the video?”
𝑿#" : “The Statue of Liberty”
…
𝑿!$:	“Where is it located?”
𝑿#$: “New York City”
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Results





Zero-Shot Image Question-Answering

• Claim: Demonstrates strong understanding ability in natural visual 
environments.

∗ denotes that there is some overlap in the training data.



Image Benchmark Toolkits

• POPE: polling based, for better evaluation of object hallucination.
• MMB: convert free-form predictions into pre-defined choices.
• LLaVA^W: challenging tasks and generalizability to novel domains.
• MM-Vet: complicated multimodal tasks.



POPE

The smaller the value, the better the performance of the model.

• Sampling Schemes
• Adversarial : Similarly.
• Popular : Most frequently.
• Random: Randomly.



MMBench

The bigger the value, the better the performance of the model.

•  A dataset, more in terms of the number and variety of evaluation 
questions and abilities.

• A novel strategy, that is designed to convert free-form predictions 
into pre-defined choices.



LLaVA-Bench (In-the-Wild)

The bigger the value, the better the performance of the model.

• Collect a diverse set of 24 images with 60 questions in total.

• Provide extremely-detailed annotation for each image for an accurate evaluation.

• Require the model to extract details from high resolution image and to have a broad 
knowledge coverage

What is the brand of the 
blueberry-flavored yogurt?



MM-Vet

The bigger the value, the better the performance of the model.



• Claim: Demonstrates a strong understanding of semantic aspects of scenes.
• Claim: Is able to answer open-ended and free-form natural language questions 

about images.

Image Benchmark Toolkits



Image Object Hallucination Evaluation

• Claim: Validates the consistency between unified visual representations 
and the generation of textual descriptions.

Evaluation results are reported for the POPE evaluation setting



Image Understanding Example

Video-LLaVA

GPT-4

• Claim: More comprehensive, intuitive, and logical response.



Zero-shot Video Understanding

• Video-LLaVA outperforms Video-ChatGPT
• Claim: Can comprehend videos and provide contextually appropriate 

responses based on instructions.



Video Understanding Example

Video-LLaVA

Video-ChatGPT



Image-Video Joint Understanding Example

Video-LLaVA

• Claim: Demonstrate the ability to understand inputs composed of both 
images and videos simultaneously.



Ablations



Image-Video Alignment

• Figure compares image 
understanding tasks
• Unified vs. Separated Visual 

Representation
oUnified = LanguageBind
o Separated = MAE for Images + 

LanguageBind for Videos



Image-Video Alignment

• Figure compares image understanding tasks
• Unified vs. Separated Visual Representation



Joint Image-Video Training

• Figure compares image understanding tasks on the VisWiz dataset
• Unanswerable question performance is notably increased



Joint Image-Video Training

• Table compares video 
understanding tasks
• Claim: Enhances the LLM's 

comprehension of visual 
representations.



Conclusion



Summary

• Video-LLaVA: An Extension of LLaVA but with Videos

• Alignment Before Projection => Language Bind

• Joint Training => Images + Videos



Limitations/Future Considerations



Potential Improvements

• Struggles with Spatio-Temporal Localization

• Struggles with Long-Range Video Understanding

• Improve with Timestamp Embeddings

• Extend to More Visual-Related Modalities (Depth, Infrared, etc.)


