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Motivation

* Agents deployed “in the wild” will eventually face novel objects

* For a safe deployment of agents, it is crucial they are able to
detect such anomalies e.g. Anomaly segmentation

* Acquiring anomaly segmentation datasets is highly inefficient (and
even hazardous in some cases)
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Desiderata: (i) No domain shift (ii) Realistic anomalies (iii) Dynamic generation (iv) Low set-up costs



Prior work

Recent text2image models can
generate realistic images based on
flexible text “captions”

These models can be fine-tuned to
only inpaint content inside masked
area consistent with image context

Open-vocabulary models can
detect and segment objects based
on text prompts

Text-to-Image Synthesis on LAION. 1.45B Model.

"A street sign that reads ’A zombie in the 'An image of an animal 'An illustration of a slightly ’A painting of a 'A watercolor painting of a 'A shirt with the inscription:
“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” ’
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The POC pipeline (ours)
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The POC datasets (ours)
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POC for Anomaly fine-tuning

State-of-the-art anomaly segmentation methods rely on anomaly fine-tuning
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POC for Anomaly fine-tuning

State-of-the-art anomaly segmentation methods rely on anomaly fine-tuning

> Usually done by stitching COCO objects to Cityscapes images leading to unrealistic compositions
> We test our POC pipeline to generate fine-tuning samples with more realistic anomalies

> We generate two datasets, one with COCO objects and one with alternative objects.
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* Fine-tuning with our synthetic data brings significant improvements
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* Drop in performance as we increase domain shift (with same model and anomaly classes)



POC to learn new classes

We extend Ciyscapes with animal classes and evaluate in Pascal dataset
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POC to learn new classes

e Segmenter with POC data achieves competitive mloU
with a baseline trained directly on Pascal

* Good generalization needed to leverage POC images
* Adding known (synth) classes can boost generalization

 Segmenter also surpasses open-vocabulary GSAM on
Pascal which is used to obtain the POC labels

. CS CS ext. | Pascal | Pascal
Model Trainset | ;g 1)!(19 + 6 cl) | (animal) | (citysc.)
Pascal (baseline) - - 80.57 8581
CS (baseline) 79.09 - - 42.22
T21 Full 77.13 73.2 28.32 | 23.51
DLV3+ mrcrop | 7823 | 8149 | 2615 | 25.09
POC A 79.98 84.09 30.43 | 35.83
POCCS+A | 799 83.8 28.11 53.57
Pascal (baseline) - - 94.43 93.92
CS (baseline) 81.57 - - 70.49
CNXT T21 Full 82.26 82.99 60.41 65.6
T2I Crop 82.43 86.04 61.09 | 67.55
POC A 82.94 86.68 65.46 | 70.87
POC CS+A | 82.54 86.09 69.75 | 82.43
Pascal (baseline) — — 94.75 91 43
CS (baseline) 76.19 - - 79.87
Seem T21 Full 77.19 79.46 81.96 | 74.32
M Torcrop | 77.62 | 8127 | 7595 | 75.44
POC A 78.48 82.28 92.4 79.1
POC CS+A | 78.39 81.92 93.14 | 89.55
GSAM Open Vocab.| 42.0 41.06 75.13 | 76.08
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Summary

e Leverage generative models to build a pipeline to insert novel objects into images realistically.
e Build new anomaly segmentation datasets.
e Show POC images for anomaly fine-tuning can improve over object stitching with recent methods.

e Use POC to extend an existing dataset with new classes obtaining competitive performance.



