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Data augmentation creates new training
data from existing images.
> Data Augmentation

→

Image datasets are

limited

 Prevent overfitting

Encode task’s inductive

biases
Label stay the same
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Mixing augmentations combines the
semantic content of two images.
> Data Augmentation

↓

MixUp CutMix

Mix two different images

3



Mixing augmentations combines the
semantic content of two images.
> Data Augmentation

↓

MixUp CutMix

Mix two different images

Label is adjusted to combined image

3



Mixing augmentations combines the
semantic content of two images.
> Data Augmentation

↓

MixUp CutMix

Mix two different images

Label is adjusted to combined image

Static methods mix independent of

content.

Examples: CutMix, MixUp, Fmix, ResizeMix

Dynamic methods adjust the mixing based

on the image contents.

Examples: Attentive CutMix, SAMix, PuzzleMix
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CutMix uses image area to set the
combined label.
> Data Augmentation

→

% cat, % duck
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The CutMix label counts background as
relevant area.
> Label Misalignment

→

% cat, % duck

CutMix considers background as relevant area even when objects are cropped out.
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Labels are misaligned by 21.5 percentage
points on average.
> Label Misalignment

 is the relative number of object pixels, i.e. an object-aware label.
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Labels are misaligned by 21.5 percentage
points on average.
> Label Misalignment

 is the relative number of object pixels, i.e. an object-aware label.

Object pixels give more extreme labels than

image area.

Mean absolute difference

 percentage points.
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Label misalignment is largest for small
objects.
> Label Misalignment

CutMix has systematic error towards less

extreme labels for small and large patches.
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Label misalignment is largest for small
objects.
> Label Misalignment

CutMix has systematic error towards less

extreme labels for small and large patches.

Small objects are easy to miss/cover.

 Larger error for smaller objects.
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A label naming an absent class is a ghost
label.
> Label Misalignment

Definition (Ghost Label):

Let  be an image with label . We call  a ghost label for  if and only if  labels a class with

weight  that has no visual evidence in .
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Ghost labels occur in 17% of all samples.

> Label Misalignment

Mean error for Ghost A

(object covered by crop)
 p.p.

Mean error for Ghost B

(object missed by crop)
 p.p.

Ghost labels occur for % of all samples (ImageNet + RandAugment).

For the smallest % of objects, the ghost label rate is %.
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A segmentation model tells us what’s
actually visible.
> OA-CutMix

<a cat>

<a duck>

SAM 3

SAM3 for detecting object boundaries

with prompt:

’’ a <label>, <hypernym> ``.

Include all detections above threshold .
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OA-CutMix labels each image by visible
object area.
> OA-CutMix

Let  be the mask for the CutMix

patch and  be the object masks for Image

 from SAM3.

CutMix:

33% cat, 66% duck 20% cat, 80% duck
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OA-CutMix labels each image by visible
object area.
> OA-CutMix

Let  be the mask for the CutMix

patch and  be the object masks for Image

 from SAM3.

CutMix:

33% cat, 66% duck 20% cat, 80% duck

Absolute Mode counts the number of object pixels

from each class.

OA-CutMix/abs:

89% cat, 11% duck 43% cat, 57% duck
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OA-CutMix labels each image by visible
object area.
> OA-CutMix

Let  be the mask for the CutMix

patch and  be the object masks for Image

 from SAM3.

CutMix:

33% cat, 66% duck 20% cat, 80% duck

Relative Mode normalizes the object pixels per

image.

OA-CutMix/abs:

89% cat, 11% duck 43% cat, 57% duck

OA-CutMix/rel:

80% cat, 20% duck 27% cat, 72% duck 11



OA-CutMix reaches dynamic-method
accuracy at static-method speed.
> Results

OA-CutMix clearly outperforms all other mixing methods. Even dynamic methods are outperformed at a

fraction of the training-time cost. 12



OA-CutMix reaches dynamic-method
accuracy at static-method speed.
> Results

OA-CutMix is the best overall method with some dynamic methods winning for certain setups but at way

more training-time compute. 13



The accuracy gain is largest for small
objects.
> Results

DeiT-S on TinyImageNet: ResNet50 on FGVC-Aircraft:

OA-CutMix improves accuracy more for small objects.  Exactly where the label-error was largest.
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Even coarse boxes recover most of the
accuracy gain.
> Results

The exact mask is not necessary; even bounding boxes are a large help.
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Even coarse boxes recover most of the
accuracy gain.
> Results

The exact mask is not necessary; even bounding boxes are a large help.

OA-CutMix with mixed masks is still helpful, because the overall label-distribution is closer to the images.
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Correct the label of CutMix, not the
combined image!
> Conclusion

CutMix has a large and

systematic label bias.

↓

OA-CutMix fixes the label by using

additional object annotations.
<a cat>

<a duck>

SAM 3

↓
Improved accuracy at fast training speed.

PDF, Code, Blogpost

16





Generating masks is a one-time cost that
amortizes over multiple runs.

Generating masks for the TinyImageNet training set takes

152.1 minutes on a single H100 GPU (657.4 img/s).

One-time cost per image  scales linearly.

One training run with CutMix for 400 epochs takes 223.1

min.

 time of  epochs as overhead for detection.

Amortizes quickly over multiple training runs.
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Naming the exact class requires fine-
grained expertise.

What is the correct class for this image?

A: Greater Swiss Mountain Dog B: Tibetan Mastiff C: Bernese Mountain Dog D: Leonberger
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Finding the object is easy.

Where in the image is a Bernese Mountain Dog, Dog ?
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Finding the object is easy.

Where in the image is a Bernese Mountain Dog, Dog ?
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OA-CutMix in relative mode outperforms
absolute mode.

Relative mode outperforms absolute mode in most settings.
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OA-CutMix improves calibration, but /abs
beats /rel here.

OA-CutMix improves calibration, but here /abs is better than /rel.

 accuracy–calibration trade-off 21



OA-CutMix improves calibration, but /abs
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OA-CutMix improves calibration, but here /abs is better than /rel.
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OA-CutMix helps even when finetuning
from non-OA-CutMix weights.

PuzzleMix outperforms OA-CutMix for DeiT-S, but at  the training compute.

OA-CutMix /abs and MixUp work very well for ResNet. This might be an artifact of how this particular

ResNet is trained (MixUp). 23



These are the hyperparameters we trained
with.
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