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Mobile Agents Face Difficult and Diverse Input Transformations
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Foundation Models are Still not Robust Enough
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A Standard Pipeline Handles Upright Data

Large Dataset




How to Handle Transformed Inputs?

Large Dataset




Data Augmentation: Train on Transformed Data

Large Dataset




Equivariant Networks: Transform-Specific Architectures

Large Dataset




Prior Canonicalization Work: Train a Network to Fix the Input

Large Dataset




How to Help Foundation Models Face Diverse and Challenging
Input Transformations?

e Dataaugmentation?-

Train-time transforms only

o EqtHvartant Neural Networks?

Architecture-specific transforms only

o PriorC PTG 12
Don’t generalize to new datasets & transforms



FoCal: Foundation Model Guided Canonicalization

Insight: Foundation models know what is typical; we use this to convert OOD inputs — typical
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FoCal: Test-Time Canonicalization by Foundation Models

Canonical

\ya//
Step 1: Vary Step 2: Rank
(apply transform) (CLIP+SD energy)




FoCal: Test-Time Canonicalization by Foundation Models

Canonical

Input

Step 1: Vary Step 2: Rank
(apply transtorm) (CLIP+SD energy)

FoCal searches over the transformation space and selects the best version:

1. Vary: Generate candidate transformed versions
2. Rank: Find the best using foundation model priors (energy functions)
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FoCal Energy Function Picks Typical Viewpoints
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FoCal Energy = CLIP Prior + Stable Diffusion Prior

Model Energies
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“Distribution Slices”: Why FoCal Generalizes Across Transforms

Insight: Transformed images form a “slice” of the natural image distribution, and
foundation models have already learned a prior over this distribution.



Significant Improvement on Worst 3D Viewpoints
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Significant Robustness Boost for Color and Contrast

Color



Significant Robustness Boost for Color and Contrast
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Significant Robustness Boost for Color and Contrast

Color Shifts (CIFAR100)
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Significant Robustness Boost for Color and Contrast

Color Shifts (CIFAR100)  Contrast (ImageNet-1k)
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Day-Night Results
Night Image Day Image




Day-Night Results
Night Image Day Image
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Day-Night Results
Night Image Day Image
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Day-Night Results

Night Image Day Image

-0.2 7

Energy

0 0.5
Interpolation Factor in Latent Space

—

»
o
<

-

Canonical Histogram *

-]



Day-Night Results

Night Image Optimized Image

|

-0.2 7

Energy

0 0.5
Interpolation Factor in Latent Space

—

»
o
<

-

Canonical Histogram *

-]



Initialization

Active Vision Results
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FoCal: a Scalable, Data-Driven, Test-Time Approach to Robust Perception
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M =) Test-Time Canonicalization by Foundation Models for Robust Perception
MICHIGAN Utkarsh Singhal” Ryan Feng” Stella X. Yu Atul Prakash

Summary: Test-time search makes models more robust to natural input variations by converting the varied versions of the input into a ‘typical’ version.

Motivation FoCal: Test-Time Canonicalization Approach: Vary & Rank

Foundation models (FM) are brittle Idea: transform input to the most ‘typical’ version c o FoCal Energy
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Insight: FM energy estimates the input ‘typicality’ for many natural
variations. Minimizing FM energy over a transform yields robustness.

Prior approaches rely on transform-specific training
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