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Properties of Vision-Language Models
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02 Methods

VLMs have strengths and weaknesses
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Benchmark Types
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Outline

e Does Scaling Models helps in performance?
e How do | select a Model for my task?

e Do we need to evaluate on all these Benchmarks?
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Scaling Training Dataset and Model Size Hardly Helps on Fine-grain
Tasks
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03 Results - Case Study
Digit Recognition Limitation not Due to Lack of Data
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Digit Recognition and Counting are Notable Limitations for VLMs
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01 Introduction

Outline

e Does Scaling Models helps in performance?
Not for relational understanding and reasoning tasks!
e How do | select a Model for my task?

e Do we need to evaluate on all these Benchmarks?



03 Results
Tailored Learning Objectives can Help where Scale does not

Mean

Benchmark Type Performance Top Top vs Worst Scale Worst

Model Performance Trammg Model Size | Performance Model

Dataset Size

Corruption 46.2 EVAO02 ViT E 14 74.3 153 % 50 X 24 DataComp ViT B 32
Non-Natural Images 54.1 EVAO02 ViT E 14 74.6 153 % 50 % 16.1 DataComp ViT B 32
Object Recognition 55.0 CLIPA ViT G 14 1.1 98 x 21 % 12.1 DataComp ViT B 32
Reasoning 14.9 OpenCLIP ViT g 14 19.0 133 % 18x 10.6 OpenCLIP ResNet101
Relation 46.7 NegCLIP ViT B 32 66.8 30X 1x 35:2 DataComp ViT B 32
Robustness 52.1 EVAO02 VIiT E 14 72.8 153 % 50 X 3.8 DataComp ViT B 32
Texture 53.9 MetaCLIP ViT H 14 72.5 192 x X 5.4 DataComp ViT B 32
Overall 46.1 EVAO02 ViT E 14 61.2 153 % 50 X 12.1 DataComp ViT B 32
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03 Results
Which model should you use?
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e Does Scaling Models helps in performance?
Not for relational understanding and reasoning tasks!
e How do | select a Model for my task?

Based on the task, or EVAO2...

e Do we need to evaluate on all these Benchmarks?



O3 Results
No need to evaluate on all 53 benchmarks, only 8 is enough

Benchmark Type Most Correlated Correlation

Benchmark Value
Object recognition ImageNet-1k 0.82
Reasoning (Counting) CountBench 0.76
Reasoning (Spatial) DSPR Position 0.29
Relation VG Attribution 0.57
Texture DTD 1
Non-Natural Images Resisc45 0.72
Robustness ImageNet-v2 0.81

Corruption ImageNet-c 1
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Not for relational understanding and reasoning tasks!
e How do | select a Model for my task?

Based on the task, or EVAO2...
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03 Results
UniBench Ease of Use

1 import uni__bench
2 from torchvision.datasets import MNIST

4 evaluator = uni_bench. Evaluator ()

6 # add a new model
7 evaluator .add_model(vision, text, tokenizer , model_name)

9 # add a new benchmark, accepts any torch.utils.data dataset
10 evaluator .add_benchmark (MNIST)

12 evaluator.evaluate ()
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