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Motivation
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* Vision Foundation Models (VFMs) with a variety of pre-training objectives and
supervision signals

* A proliferation of specialized VFMs with different strengths and weaknesses
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Motivation

* As specialized VFMs has different strengths and weaknesses.
 This diversity creates a practical problem: which VFM should | use for my specific task?
* A systematic and effective evaluation protocol for VFMs is increasingly crucial!
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VFM Evaluation
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Traditional paradigm: different tasks necessitate task-specific heads for linear probing or full fine-tuning

LLM as a general-purpose heads:

Visual Instruction Tuning to train MLLM

Diverse Visual Question Answer (VQA) to evaluate VFMs

Cambrian-1: A Fully Open, Vision-Centric Exploration of Multimodal LLMs. Tong, etc. NeurlPS24.



Two Blind Spots of Evaluation
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\ Instruction tuning training set often can’t fully cover VQA test set /
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Two Blind Spots of Evaluation

How many yellow dogs are facing

- on the left-hand side of the stop sign?

Fine-Grained OCR Relative Depth Counting Object Recognition Action

Atomic
Visual
Abilities

Color Emotion Absolute Depth Localization Spatial Scene Recognition

VQA questions often require multiple visual abilities simultaneously, making it difficult to determine
whether a failure arises from the absence of multiple abilities or merely a single critical one
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AVA-Bench

AVA-Bench

* First systematic evaluation explicitly disentangling 14 Atomic Visual Abilities (AVAs) for VFMs.
* AVAs are fundamental perceptual capabilities that can be combined to address more complex visual reasoning tasks.

Color

Counting

Estimate the depth What species of fungi What is written in the How many apples What is the action What color is shown ‘ What is the

of the car (red box) is shown red bounding box in are there shown within the red scene class
from camera in meters. in the image? the image? in the image? in the image? bounding box? | of the image?

18 meters Hygrocybe Miniata Oberon 6 Playing [35,56, 77] N Desert

Spatial Reasoning Object Recognition Localization

Where is TV(red) What is in the red Provide bounding box What is the What is the orientation Which object is closer - What emotion is being
located with respect bounding box in the coordinate for clock in texture attribute of of the object to camera: vase (red) or shown in the red
to the picture (blue)? image? the image. image? in the image? globe (blue)? ‘ bounding box?

Left Below Chair [0.09, 0.85, 0.61, 0.24] Zigzagged Left Globe Happy
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AVA-Bench

Absolute Depth
e Each AVA comes with train-test-matched data |

* Given an AVA, image—question pairs were carefully
designed to test only on that AVA

Estimate the depth
of the car (red box)
from camera in meters.

Eliminate the two blind spots, allowing AVA-Bench to

inpoi 18 met
pinpoint exactly where a VFM excels or falters e

* Involves both localization and depth estimation;

* Explicitly provide car’s bounding box to test
only depth estimation.
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Carefully control dataset balance, object visibility, and annotation biases.
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Evaluation Pipeline
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& t & t 1 A "‘ 1t Eediyl Knowledge Vision-Centric
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Image  Text Image  Text Image  Text 0 o 5 B RoX

Qwen2LLM lower GPU hours
LAION-CC-SBU-558K LLaVA-1.5-665K AVA-Bench

Preserves similar relative VFM rankings to a 7B Vicuna.

Liu, Haotian, et al. "Visual instruction tuning." NeurlPS (2023). 10
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Each VFM Has an Ability Fingerprint

Ranked AVA performance reveals strengths that a single score would hide.
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Language-supervised VFMs

Each VFM has an AVA fingerprint
serp & ¢ excel broadly across AVAs

D)
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Each VFM Has an Ability Fingerprint

Ranked AVA performance reveals strengths that a single score would hide.
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gg Even weaker VFMs perform well in at least one AVA
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Diagnostics Reveal Failure Source
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Where is the dog (annotated by the red box) located with respect
0.4 T T T
to the p|ane (annotated by the blue box)? Spatial w/ BBox Spatial w/o BBox Localization

A. Left above B. Left below C. Right above D. Right below.
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Diagnostics Reveal Failure Source

e
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(Composite task failures typically stem from specific AVA deficiencies rather than general visual incompetencej

N

1.0 —e— SigLIP-2
—e— DINOV2
—e— MiDaS

0.9 1 —e— SAM

Where is the dog located with respect to the plane?

0.4+ :
Spatial w/ BBox Spatial w/o BBox Localization

A. Left above B. Left below C. Right above D. Right below.
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Subgroup Analyses
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Subgroup analyses reveal hidden nuanced insight from aggregated metrics.

Example: Localization
 VFM perform similarly for large objects
* Poor overall performance in some VFMs

is mainly due to struggles in small
objects.

Localization

43‘3\\

VFM
SigLIP-1 DINOv2 CLIP W MiDas-3.0 InternVL-2.5 s SAM . SiglLIP-2 EEm RADIOV2.1 H AlMv2

0.1 means the bounding box size is 10% of the image size

15



VFM Selection
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From heuristic choice
to principled selection

Application

Industrial Inspection Engineer

VFM Selection (or Ensemble)

J SigLIP-2
@ InternVL-2.5
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best match to my application

Task Demands

Which AVAs matter for my task?

‘ Texture @ Fine-Grained Recognition

{E} Localization

OCR Color

2

AVA Profile

16
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Summary

AVA-Bench makes VFM choice diagnosable, actionable, and efficient

o1 Diagnose oz Guide selection
A systematic and diagnostic VFM evaluation benchmark A detailed evaluation and insightful analysis
* 14 AVAs isolate visual strengths and failures * Ability fingerprints reveal which VFM fits the task

* nothidden inside a single VQA score

& Efficient + Open
A resource-efficient evaluation protocol & open-source

* Facilitate the development of the next generation of
accountable and versatile VFM

Final message

Choose the VFM by the visual abilities your application needs — not by a single aggregate score.

17
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