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wWhy Multimodal Continual Learning

- One Crucial challenge in multimodal learning is
continuous adaptation.

- There is always new data, new tasks, new query types...

- In multimodal scenarios, each mode of data can evolve
together OR separately through
- Emergence of new tasks
- New data distribution
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Q: When did | put the wood log?

A: from 45:12 to 45:51




Existing benchmark
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VILCo-Bench Pipeline
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Data curation

Curated Samples from Ego4D [1] dataset.

Moments Queries (MQ):

Inputs: video & names of activities;
Outputs: all temporal windows;
Includes a taxonomy of 110 activities
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What did | do?
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Moment query
When did | fold clothes?

[1] https://ego4d-data.org/

Natural Language Queries
(NLQ):

Inputs: video & text query;

Outputs: temporal window where the
answer is visible;

Includes 13 gquestion template.
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What did | do?
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Language query
What color was the tent?

Visual Queries (VQ):
Inputs: video & image query;
Outputs: 2D bounding box
Includes 2000 classes.
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What did | do?
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Visual query
Where did | see this brush?




Sub-task T-2

Q: How many

i belts were on the
table when | took
the tie? .

Sub-task T-1
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Q: What did | put
in white dustbin?

Current Sub-task T

Q: What color is
the mug on the
table?
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Leaderboard and Experiments

Table 7: Comparing EM (episodic memory) and

SSL (self-supervised learning) modules.

Separate experiments for each type of task (MQ, NLQ, VQ)
Impact of visual encoders
Visual features

Impact of each episodic memory and SSL module

Table 5: The impact of various visual features

. Avg R@1 (%)t Avg R@5 (%)t
Visual Backbone | BWEL | 1503 16U=0.5 | 1oU=0.3 IoU=0.5
Timersformer [4] | 24 | 3080 2282 | 5193 4064
X3D [9] 14 | 3150 2301 | 4809 3659
ViViT [3] 12 | 400 3582 | 5605  47.40
EgoVLP-v2[(31] | 29 | 3358 2624 | 5375 4230

Table 6: The impact of various visual features. SF(Slowfast [10]) and OV( Omnivore [15])

AvgR@1 (%)t

Method BWEL | 10U=03 10U=0.5
Naive 18.8 2274 17.58
ViLCo w0 EM | 44 | 3261 2586
ViLCow/oSSL | 53 | 3370  24.49
ViLCo | 29 | 3358 2624

. Avg R@1 (%)t Avg R@5 (%)t
Method Vision Backbone BWEL | 10U=03 10U=0.5 mean | IoU=0.3 IoU=0.5 mean
ViLCo EgoVLP-v2 29 | 3358 2624 2991 | 5375 4270 4823
ViLCo EgoVLP-v2 + InternVideo 28 | 4273 3353 3813 | 6297 5050 56.74
VilCo | EgoVLP-v2+InternVideo+SF | 43 | 3833 2975 3404 | 5695 4669 5182
ViLCo | EgoVLP-v2+InternVideo+SF+OV | 559 | 3779 2818 3299 | 6094 5024 5559




Thank you!

ViLCo-Bench
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