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Introduction

2

Data contamination

Static dataset with fixed complexity

Dynamic Multimodal Evaluation (DME) NEED

Despite the proliferation of LVLM evaluations, there are two key challenges associated with

current evaluation benchmarks.

1
Many evaluation benchmarks and training data are constructed from similar sources,

leading to a high likelihood of overlap.

Existing benchmarks for LVLMs are manually collected. Once constructed, they are static

with a fixed complexity.



Introduction

(a) some VQA pairs have overlap with training data. (b) dynamic evaluation VS previous static evaluation. 



Contribution

Contributions of Dynamic Multimodal Evaluation (DME) :

1) Delve into the data contamination issue of existing multimodal evaluation benchmarks and 

find a pronounced overlap between evaluation samples and pre-training data. 

2) We propose a dynamic multimodal evaluation protocol called vision-language bootstrapping 

(VLB). VLB can evolve existing benchmarks with visual and linguistic dynamics, obtaining 

various variants with flexible complexity and reduced data contamination.

3) We perform comprehensive evaluations on a variety of popular LVLMs, indicating that the 

existing LVLMs still struggle to adapt to different user interactions and intent.



Method

Quantifying Data Contamination Rate in Existing Benchmarks 

We quantify two kinds of data contamination rate between LVLM evaluation samples and pre-

training data, both find a pronounced overlap.



Method

Two module of dynamic multimodal evaluation: 

(a) Multimodal Bootstrapping Module

By simulating real LVLM‘s user interaction in visual attention 

and linguistic understanding, we design image (V1, V2, V3) and 

language (L1, L2, L3, L4) bootstrapping strategies                   

(b) Judge Module

Judge module in ensuring that generated 

images and questions maintain consistent 

with the original.



Method

Image Bootstrapping strategy: 

V1: Adding new object, V2: Remove existing objects, V3: expand original images

Language Bootstrapping strategy: 

L1:Word substitution, L2: Sentence rephrasing, L3: Adding relevant context, L4: Adding irrelevant context



Method

Compositional Bootstrapping :

Due to every single dynamic strategy for image and question being atomic, we can investigate two 

kinds of bootstrapping composition. 

1) Paired multimodal composition. We can compose visual bootstrapping V and linguistic 

bootstrapping L, obtaining a total of 12 dynamic variants. 

2) Multi-strategy composition. We can also stack multiple image bootstrapping strategies on a 

single image or multiple language bootstrapping strategies on the question.



Experiment

Results of image bootstrapping strategies 

Settings: 

We selected five popular benchmarks to assess many open-sourced LVLMs and close-source APIs, encompassing 

MME, MMBench, SEEDBench, MMvet,  and LLaVABench. 

Results: 

V1 (Adding New Objects) and V3 (Expanding Original Images) generally result in a decrease in accuracy, while 

V2 (Removing Existing Objects) slightly boost the performance.



Experiment

Results of language bootstrapping strategies 

Results: 

Except for L3 (Adding relevant context), the other strategies L1(Word substitution), L2 (Sentence rephrasing), 

L4 (Adding irrelevant context) all result in a degradation of LVLM performance. 

This highlights the challenge LVLMs face in addressing questions posed by different individuals from diverse 

backgrounds. Conversely, incorporating image relevant captions helps the model better understand questions.



Experiment

Results of composing image and language bootstrapping strategies

Paired multimodal composition: 

We combine our strategies on Vision and Language and obtained 12 dynamic variants. 

We observe that these LVLMs exhibit varying performance when faced with different variants, which means they 

possess different complexity.



Experiment

Results of composing image and language bootstrapping strategies

Multi-strategy composition: 

As the number of hard strategies we use increases from 0-3, the difficulty of the benchmark also increases, leading to 

a gradual decline in the accuracy of LVLM.



Experiment

Can our VLB reduce data contamination?

Yes, we applied the same methods as the vanilla to redetect the hardest variant, and found a significant reduction in 

data contamination rate among training sets.



Experiment

The effect of image expanding ratio

As the expanding ratios increase, the accuracy of the 

models in correctly answering questions decreases, 

and the rate of this decrease becomes steeper. 

The effect of VLB on different tasks

Performance changes more significantly in tasks like 

`Instance Interaction', `Text Understanding' and 

`Spatial Relation’. 



THANKS FOR WATCHING
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