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Egocentric video or images from camera-wearers
is becoming more common due to
virtual/augmented reality applications

| create "Ego4D Subset”: a filtered dataset of
~3,300 static images from Ego4D egocentric
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across 5 model families (convolutional and ViTs)
both zero shot and with finetuning

| find that zero shot performance is very low
(~18% highest Top-1 Accuracy of any model)

| finetune 5 models on this new data and find

improved, but still low, performance (ViT had EfficientNetV2 b0 EfficientNetV2 b0 EfficientNetV2 b0 EfficientNetV2 b0
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Related Work

ImageNet-A

Neural Classifiers shown to struggle to
generalize to novel data

|mageNet—A dataset has ”natural Photosphere Jellyfish (99%) erdlgn;{ }Jigsa‘w Puzzle (99%)

adversarial examples” that revealed
common failure models in SOTA models
without artificial images or noise

ImageNet-O

Further work analyzing low performance
on ImageNet-A: (1) multiple objects, (2)
novel background, (3) small objects Reproduced from the ImageNet A

Other work shows models’ over-reliance paper: Top: Categories *in* ImageNet

that are classified wrong but with high
on texture and baCkg round and that confidence. Bottom: Classes not in

they engage in "shortcut lea rning” ImageNet that are classified as ImageNet
classes with high confidence.




Problem Statement

Multiclass image classification: given an image, predict one of
1,000 classes (ImageNet-1K); 21,843 classes (ImageNet-21K)

Input: Ego4D Subset of static images that | created from Ego4D
Hands & Objects Video Dataset

Model input images are 224x224x3 unless otherwise stated
Metrics: Top-1 Accuracy or Top-5 Accuracy™

Evaluations: Zero Shot and Finetuned on ~50% of my new Ego4D
Subset (Validate on the other ~50% due to limited data)

*l implement “any of” multilabel classification accuracy for ImageNet-21K evaluations
due to Ego4D annotation ambiguities




Dataset: Ego4D

Summary
Egocentric video data (> 3,600 hours of video)
~1,000 camera-wearers
74 worldwide locations

5 benchmark tasks

Episodic Memory: visual/language queries (e.g.
"where are my keys")

" Video + 3D scans

Figure 1. Ego4D is a massive-scale egocentric video dataset of daily life activity spanning 74 locations worldwide. Here we see a snapshot of
the dataset (5% of the clips, randomly sampled) highlighting its diversity in geographic location, activities, and modalities. The data includes
social videos where participants consented to remain unblurred. See https://ego4d-data.org/figl.html for interactive figure.

Hands & Objects: manipulation of objects in the
hands

Forecasting: what will happen next? Top Figure reproduced from Ego4D Paper

e . Ego4D Paper Statistics
A/V Diarization: localize the speaker Hours of Data 1962

Social: who is talking to whom Number of clips 88,585

.- . Average length 8.0 sec
| use static images accompanying the Hands “Change Objects in Train Split” 19,347

&O bJ ects benchmark Processed Dataset Statistics

Used for main dataset subtask to predict object Total Clips Listed in Dataset Index | 19,071
states changes (e.g. an object burned, split, etc) Duplicate Clip + Frame 10’7

Clip Had No Object Label 120
Total Parsed




Dataset

Egocentric data is different!
Different perspective, unusual objects, objects are small, many objects in an
image
Aggressive filtering to create my Subset
Remove images with multiple objects
Remove non-ImageNet classes

My new “Ego4D Subset”
3,321 images for ImageNet-1K style pretrained-model evaluation
7,398 images for ImageNet-21K style pretrained-model evaluation

Imprecise Class Mapping
From Ego4D annotations to ImageNet-1K (e.g. “pot” vs “vase”)

ImageNet-21K Class Ambiguities

Had synonyms in a single Ego4D annotation that were distinct ImageNet-21K
classes

Affected over half the examples (4,835 out of 8,488 images)
This is NOT: multiple annotations in the same image, which also was common
Example single annotation: “cloth(cloth,_fabric,_garment,_kanga,_rag)”

Figure 3. Examples from the Ego4D dataset that demonstrate its
difficulty. Upper left: the mop is seen from an unusual perspective.
Upper right: objects may be small relative to the size of the image.
Bottom left: images may be cluttered with many objects. Bottom
right: unusual tools and objects are common. Both the bottom
conditions are filtered out of the new Ego4D Subset used in this
work.

ImageNet 1K vs 21K IN-21K

Total Images 17,754
Images with >1 IN class 8,488 [4,835]*
Images with > 1 IN class 1,090

Invalid images 1

Images with 1 IN class 7,398

Total IN Classes 21,483
Ego4D IN Classes 248 [419]*
Figure 5. Statistics of the processed Ego4D Subset when mapped
to ImageNet-1K and ImageNet-21K classes [1]. *4,835 images
have multiple distinct ImageNet-21K classes in a single annota-
tion, which when included leads to 419 distinct classes in the Sub-
set. If only the first ImageNet-21K class is included, there are 248

unique classes. Consequently, ImageNet-21K classification was
phrased as an “any of” multilabel classification problem.




Methods

Class Mapping Finetuning Hyperparameters

Max 50 epochs (early stopping with 5 epochs
patience)

SGD with Momentum (0.9)
ImageNet-21K style: map Ego4D object labels to 21,843 Batch size: 128
IEgENEE2 K @ essss Trained on 1 V100 or 1A100

Models evaluated Standard transformations
ResNet 50 101 152 3 LR warm-up epochs and decay 0.1/epoch
esNet 50, ,

RegNetY 8GF, 32GF Finetuning Data

VITB/16 and L/16 Split Ego4D Subset in half by clip (not randomly by
images) for training and validation

No 3rd test set due to limited images

EfficientNetV2 b0, b3, S, M, L If split randomly, there are too many similar shared
images across train/val due to limited number of
Metrics activities featured in the datasets

ImageNet-1K style: map Ego4D object labels to 1,000
ImageNet-1K classes

ConvNext Base, Large

Top-1 & Top-5 Accuracy Visualization & Analysis

For ImageNet 21-K due to class mapping ambiguities, | GradCAM (Class Activation Mapping) of last layer
performed “any of” multilabel classification High confidence incorrect predictions above 0.90




Experiments [Zero Shot]

Low performance
All models across the board

Highest EfficientNetV2 L 16.96 Top-1

Larger model size helps somewhat
ViTs (Base 12% = Large 15% Top-1)
EfficientNetV2 (S 10% > L 16% Top-1)

ResNet & RegNetY do the most poorly

Models pretrained on ImageNet-21K, then
finetuned on ImageNet-1K do slightly better
than just pretraining on ImageNet-1K

ImageNet 1K-Trained Mod- | Top-1 | Top-5 | Params
el il v

ResNet50 5.42 12.02 | 25.6M

ResNet101 6.08 14.13 | 44.5M

ResNet152 6.17 13.77 60.2M
RegNetY 8GF 4.37 10.87 11.2M
ConvNext Base 7.62 16.02 88.6M
ViT B/16 [224px] (Alibaba) | 9.28 17.44 86.5M
ViT B/16 [224px] (Google)* | 12.41 24.4 86.5M
ViT L/16 [224px] (Google)* | 15.87 30.03 304.3M
EfficientNetV2 b0 [224px]

EfficientNetV2 b3 [300px]

EfficientNetV2 S [384px]

EfficientNetV2 M [480px]
EfficientNetV2 L [480px]

Figure 7. Zero shot Top-1 and Top-5 accuracy for models trained
on ImageNet 1K. *Google ViTs were trained on ImageNet 21K
and finetuned on ImageNet 1K. All models do poorly on this new
dataset composed from Ego4D. However, larger models do have
the best, albeit low, performance. The best Top-1 score is &~ 17%.

Pre- ImageNet-1K vs ImageNet- | Top-1 | Top-5
g | e ||

ViT B/16 [224px] (Google)*

ViT L/16 [224px] (Google)*

EfficientNetV2 L [480px]

ConvNext Large

ViT B/16 [224px] (Google)*

ViT L/16 [224px] (Google)*

EfficientNetV2 L [480px]

ConvNext Large

Figure 10. Top models are pretrained only on ImageNet-1K
whereas bottom models are trained on ImageNet-21K and then
finetuned on ImageNet 1K. You can see modest improvements
across the board. ConvNext Large performance on ImageNet-1K
versus the finetuned version has a larger jump than other models.




Experiments [Zero Shot]

Same model architecture but larger Vary Models Image Resolu- | Top-1 | Top-5 | Params

>eTE AR
ViT B/16 [224px] (Google)* | 12.41 | 244 | 86.5M

UL Nnarg s il|es Sligutly ViTB/16[384gx](Goo§le)*

Input resolution: 224px vs 384px
ViT Base/16: 12% = 15% Top-1

M)
Evaluated two of the large models oG i A7)
p ret ra | N ed on Iy on | ma g e N et_2 1 K EfficientNetV2 L [480px] 2.41 7 145.2M
Figure 9. These two models were trained only on ImageNet 21K,

| ma g e N e‘t-2 1 K ”a ny Of” mu |'t| | a be | and the Ego4D Subset annotations were mapped to one of 21,483

classes. Classification was performed as an “any of” problem

accura Cy was ve ry |OW due to multiple distinct ImageNet 21K classes present in a sin-
gle Ego4D annotation.

Figure 8. Larger image input size (224px versus 384px) slightly
improves accuracy for models of otherwise same architecture.




Experiments [Finetuning]

Finetuned small model in each
model family due to compute
limitations

Finetuning does improve model
performance significantly

Highest scores are RegNetY 8GF and
. . ResNet50 RegNetY 8GF ConvNext Base ViTIilﬂSa[bZ;“tpx] Efﬁciezn:t)l;l;;\é b0
ViT B/16 but still low < 40% Top-1 R

C Figure 2. Original zero shot Top-1 accuracy on the Ego4D Subset
CO nv N eXt B ase IS t h € on |y mo d e | t h at compared with finetuned performance on 1,626 examples. Most

1 1 11 models except ConvNext Base improved significantly, but even
d oesn Ot Im p rove si g n Ifl Ca nt | y the best Top-1 accuracy is still relatively low at 37%.




Error Analysis

Examined high-confidence incorrect predictions

ResNet50 puts >0.90 probability where incorrect on 3.6% of
all examples

Error modes identified (See images at right)

My Ego4D Subset still has some images with multiple objects (top
left: label: “vacuum”, prediction: seat belt"”)

Egocentric perspective leads to unclear scenes overall (top right)

Imprecise class mapping (Bottom left: label: “vase”, prediction:

“pot”)

Genuine errors (Bottom right: label: “wallet”, prediction: “cleaver”)
Visualizing Errors

Using gradient-weighted class activation mapping (GradCAM) for

Figure 6. High confidence (p > 0.90) but incorrect predictions
by ResNet50 on zero shot evaluation. Top Left: label was “vac-
last laver uum”, but model predicted “seat belt”, which is also in the image.
y Top Right: model predicted oxygen mask but label was “wool”.
Model focuses on the Wrong areas (too much 'FOCUS on backg round) It is unclear what exactly that scene is. Bottom left: model pre-
) ) ) . dicted “pot” but label was “vase”. Bottom right: model predicted

May focus on multiple areas of a single object instead of the whole “cleaver” but label was “wallet”.

object




Conclusions

| create the Ego4D Subset and evaluate various models both zero shot and after finetuning
"Ego4D Subset” consists of static images drawn from Ego4D egocentric video dataset
| evaluate common convolutional and ViT neural classifiers on this data

Low performance on Ego4D Subset even after Finetuning

Existing models perform poorly zero shot on egocentric data (both convolutional and Vision Transformers) with top zero shot performance
at ~18% top-1 accuracy

Larger size models in some families get some benefit

Small benefit to pretraining on ImageNet-21K first

Small benefit to input higher image resolution

Finetuning helps! But, top scores still low 38% highest Top-1 accuracy

Error modes
Still having multiple objects in image (even after my annotation-based filtering)

Semantically similar class mapping differences (Ego4D to ImageNet)
Strange scenes due to egocentric perspectives (hard even for humans)
Genuine errors

Too much focus on background as per GradCAM visualizations

Overall, this egocentric data is a promising for studying OOD!
Different distribution than traditional datasets is good for testing generalization capabilities of today’s image neural classifiers

Today's models perform relatively poorly on this data




Future Work

Improve mapping from one image class set (Ego4D) to
another (ImageNet-1K)

Improving multiple objects filtering (perhaps via cropping)

Investigate other Ego4D annotations to see if more object
data frames can be pulled

Investigate object detection instead of classification
Evaluate more models, bigger size; do more finetuning

More error analysis on ImageNet-21K scores being low
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