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MFMs Are Everywhere!

Write a haiku for this image

    Dancing robots whirl, 

    Colors burst, music unfolds, 

    Joy knows no bounds here.

• MFMs have demonstrated an impressive  
range of capabilities across various 
domains
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But How Do They Perform on Vision Tasks?

• How good are these models at standard vision benchmarks (like COCO)?

• How do these models stack up against specialized vision models?
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Challenges 

1. Cannot provide dense outputs

2. Subpar when directly prompted

Provide bounding box 
coordinates for the person

    [0.3, 0.2, 0.5, 0.5]

person

Provide a segmentation mask for 
this image

⋯
o4-mini
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Solution

Task

Difficult to solve directly More manageable

Step nStep 2Step 1 ⋯

MFM MFM MFM



Surface NormalsDepth
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Solution

Input Image Zebra

Classification Segmentation

Grouping

Object Detection

zebra

MFM

Predictions obtained using GPT-4o 
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Object Detection

Identify grid cells that 
contain Sheep

Input Prompt

Input Image

  { 
      x1: …., 
      y1: ….,  
      x2: …., 
      y2: …. 
  }

Predicted  
Bounding Box

MFM MFM MFM
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Semantic Segmentation

Superpixel 1 Multi-Scale Pyramid

Sky

Superpixel 1  
Predicted Class

MFM

Superpixelate

Predicted SegmentationSuperpixels’ Predicted ClassesInput Image

Specify the class of 
the object in this 

superpixel

Input Prompt

Superpixel 2 Multi-Scale Pyramid

Locomotive

Superpixel 2  
Predicted Class

MFM
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Grouping
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Grouping

Input Image

Superpixelate

MFMMFMMFMMFMMFM

Predicted Grouping
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Depth Prediction

Red is at a greater 
depth than Blue

Superpixel Pair 2

Predicted Depth Order

MFM

Superpixel Pair 1

Superpixelate

Input Image

Blue is at a greater 
depth than Red

Predicted Depth Order

  [ 
     …, 
     Superpixel i < Superpixel n, 
     Superpixel j > Superpixel l, 
     … 
  ]

Superpixel Pairwise 
Rankings 

Estimated Depth

Globalize

MFMWhich of the two 
regions colored in blue 
and red is at a greater 

depth?

Input Prompt



12

Surface Normal Prediction

Both face equally towards right 
 Red faces more towards out 
Red faces more towards up

Predicted Surface Direction

Superpixelate

Input Image

Blue faces more towards right 
 Both face equally towards out 

Blue faces more towards up

Superpixel Pair 1

Predicted Surface Direction

Superpixel Pair 2

  [ 
      …, 
      Superpixel i < Superpixel n, 
      Superpixel j > Superpixel k, 
      … 
  ]

Superpixel Pairwise Rankings 
per Direction 

Estimated Surface Normal

Globalize

MFM

Algorithm Steps

API Calls

Compare the directions 
in which the blue and 

the red region surfaces 
face relative to the 

camera in three primary 
directions

Input Prompt*
MFM
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Experimental Results: Overview

Tasks 
• Classification, Object Detection, Semantic Segmentation, 

Grouping, Depth Prediction, Surface Normal Prediction

Datasets 
• Classification: ImageNet (and variants) 
• Object Detection and Segmentation: COCO 
• Depth and surface normal prediction: Hypersim
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Experimental Results: Baselines

AP@0.5

Object Detection

0

25

50

75

100

Region 1BlindAP@0.5

Object Detection

0

25

50

75

100

Region 1Blind Specialist mIoU Blind

Segmentation

0

17.5

35

52.5

70

Region 1 Specialist

Drop in 
performance 
when controlling 
for prompt chain

traffic light

airplane

person

car

dog

cat

dirt

sky



Experimental Results: Takeaways

Key Takeaways 

• Not state-of-the-art but respectable 
generalists.

• Stronger at semantic tasks than 
geometric tasks.

• GPT-4o outperforms other non-
reasoning models across most tasks. 
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• Reasoning models like o4-mini perform 
well at geometric tasks.
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Experimental Results: Semantic Tasks
Object Detection
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Experimental Results: Semantic Tasks
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Experimental Results: Geometric Tasks

Depth Prediction
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Experimental Results: Geometric Tasks
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Experimental Results: Comparing Reasoning 
Models

Takeaways 

• o1 and o3 are slightly stronger than  
GPT-4o on semantic tasks.

• All reasoning models outperform GPT-4o 
on geometric tasks
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Experimental Results: Comparing Reasoning 
Models

GPT-4o o1 o3 o4-mini Ground Truth RGB
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Experimental Results: GPT-4o Image Generation

GPT-4o Image 
GenerationGround TruthRGB

Depth Estimation

GPT-4o Image 
GenerationGround TruthRGB

Object Detection 

GPT-4o Image 
GenerationGround TruthRGB

Depth Estimation

Superposed 
Image

GPT-4o Image 
GenerationRGB

Grouping
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