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Overview

• Third-person action analysis
• Untrimmed video classification
• Video redundancy for efficient video analysis
• Annotation-efficient action localization

• Effective ego-centric video analysis

• Winning solution at EPIC-KITCHENS Action Recognition Competition 
2019, 2020

• Video object segmentation
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Untrimmed video classification



Feature Aggregation for ConvNets

Vector of Locally Aggregated
Descriptors (VLAD) encoding

Zhongwen Xu, Yi Yang, Alex G Hauptmann, A discriminative CNN video representation for event detection, CVPR 2015.
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Feature Aggregation for ConvNets

• Ranked 1st in THUMOS 2015

5%+ gains
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Multi-rate Modeling

• High frame rate contains many redundant frames, which would require more 
computation to process;

• Low frame rate may miss important frames;
• Leverage video multi-rate encoding with different intervals.

30 FPS 2 FPS 2 FPS (Delay 1s)
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Multi-rate Modeling
• Sparse frames extract slow motion information

• Dense frames extract fast motion

• Leverage both slow and fast motion information for video representation learning 

T0 = 1

T1 = 2

T2 = 4

t0 = 0 t1 = 1 t2 = 2 t3 = 3 t3 = 4
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Linchao Zhu, Zhongwen Xu, Yi Yang, Bidirectional Multirate Reconstruction for Temporal Modeling in Videos, CVPR 2017



Multi-rate Modeling

• Evaluation on Multimedia Event Detection. State-of-the-art was achieved.
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Model MEDTest-13 MEDTest-14
C3D 36.9 31.4

VGG16+LCD+VLAD 40.3 35.7
Ours 44.5 (+4.2%) 37.3 (+1.6%)

Linchao Zhu, Zhongwen Xu, Yi Yang, Bidirectional Multirate Reconstruction for Temporal Modeling in Videos, CVPR 2017
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Efficient video analysis



Efficient video classification
• Video frames are redundant.
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0-1 sec

1-2 sec

2-3 sec



Efficient video classification
• Adjacent clips are redundant
• The idea is to replace deep networks with cheap ones
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…                             
Clip (t+1) Clip (t+2) Clip (t+n+1) Clip (t+n+2)

…                             
Clip (t+2n)Clip (t+n)

…                             …                       

How to aggregate features from two different architectures?

FASTER Recurrent Networks for Efficient Video Classification, AAAI 2020

Replace deep networks 
with cheap ones



Efficient video classification
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• Introduce Fast-GRU to integrate mixed networks 
Ø Maintain spatio-temporal information. 

Beneficial to long-term sequence modeling

Ø Improve the discriminative ability of the gate 
(input gate, update gate, etc.) by introducing 
more nonlinearity

FAST-GRU

Model #clip=2 #clip=4 #clip=8 #clip=16 #clip=32

Avg. pool 60.7 63.9 64.2 64.0 63.8 
Concat 61.6 65.9 66.3 62.3 58.2 
LSTM 61.3 66.2 66.3 66.3 64.7 
GRU 61.1 65.6 66.5 66.1 65.8 
FAST-GRU 61.1 65.6 67.2 67.4 67.2 

Dimension reduction

Maintain spatio-
temporal information



Efficient video classification
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• Improve 3D networks, e.g., ResNet (2+1)D-34，reducing GFLOPS more than 10 times.

Comparisons on Kinetics Log-scale GFLOPs vs. accuracy comparisons on Kinetics 
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Annotation-efficient action localization



Annotation-efficient temporal action localization
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Fully supervised

start

end



Annotation-efficient temporal action localization

Recognition, LEarning, Reasoning

Weakly supervised

pull



Annotation-efficient temporal action localization
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Single-Frame

pull



Annotation-efficient temporal action localization
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Annotation-efficient temporal action localization
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Annotation-efficient temporal action localization
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Annotation-efficient temporal action localization
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Annotation-efficient temporal action localization
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Loss 1

Loss 2

Loss 3

SF-Net: Single-Frame Supervision for Temporal Action Localization, ECCV 2020 (Spotlight)



Annotation-efficient temporal action localization
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Annotation-efficient temporal action localization
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Ego-centric action recognition
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Ego-centric videos

Damen et al. Scaling egocentric vision: the EPIC-KITCHENS dataset. In ECCV, 2018
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Egocentric Action Recognition

Verb: “Take”

Noun: “Carrot”

Action

Recognition Algorithm
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Applications

Egocentric Camera

[1] https://www.theverge.com/2019/11/7/20946589/microsoft-hololens-2-mixed-reality-headset-preorder-shipping-price-
upgrade

[2] Zhang et al. Deep imitation learning for complex manipulation tasks from virtual reality. In ICRA, 2018

Human-to-robot imitation LearningVirtual Reality / Augmented Reality

https://www.theverge.com/2019/11/7/20946589/microsoft-hololens-2-mixed-reality-headset-preorder-shipping-price-upgrade
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Compare to Third-person Videos

Third-person Action Recognition First-person Action Recognition

ü Human-centric
ü Scene-relevant
ü Coarse-grained

ü Object-centric
ü Scene-irrelevant
ü Fine-grained
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Challenges

Ø Objects are small and various in videos

Ø large camera motion and confusing interaction locations
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Our Method

Ø Global alignment for noun classification.

Ø Local alignment for verb classification.

VerbNet
NounNet

Detect
or

RoIAlign

Local Alignment Global Alignment

Detector NounNet

Broadcast

RoIAlign Global 
Pooling

Object-centric feature alignment
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Symbiotic Attention

Ø Object detection offers detailed local understanding

Ø Symbiotic attention enables mutual interactions and meticulous reasoning

SAOA

Local 
Alignment

Global 
Alignment

⊙

⊗

⊗

⊗ Noun 
Cls

Verb
Cls⊙

Proposal

“Celery”

“Wash”
⊗

Global
Pooling

Global
Pooling

Gate Weights

Gate Weights

Attention Weights

Attention Weights

Detection Feature Map

Object FeaturesDetection Backbone

VerbNet

NounNetInput Video

1×C 1×C

N×C

N×C

N×1

1×C

1×C

N×1
1×C

1×C

Noun Feature Stream

Verb Feature Stream

Element-wise Multiplication

Matrix Multiplication

⊙
⊗

1×C

1×C

Symbiotic Attention for Egocentric Action Recognition with Object-centric Alignment， TPAMI 2020
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Datasets
Epic-Kitchens is the largest video dataset in first-person vision.

Ø 55 hours of recording (Full HD, 60fps)

Ø 39,594 action segments

Ø 125 verb classes, 331 noun classes
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Evaluation results
Table 3. Results on the EPIC-Kitchens leaderboard. 

Our model achieved 1st place on both seen and unseen kitchens 
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Qualitative Results
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Figure 3: Qualitative results of our SAP model. The colored boxes show the top-5 detected regions and the numbers are the
corresponding attention weights generated by our action-attended relation module. Red indicates the failure case.

Methods Split1 Split2 Split3 Average
Two Stream 43.8 41.5 40.3 41.8

I3D 54.2 51.5 49.4 51.7
TSN 58.0 55.0 54.8 55.9

Ego-RNN 62.2 61.5 58.6 60.8
LSTA - - - 61.9
Ours 64.1 62.1 62.0 62.7

Table 3: The comparison with the state-of-the-art methods
on the EGTEA dataset.

communication of noun and verb branches (“Noun + Verb”)
fail in the noun prediction. It is consistent with our moti-
vation that the local information provided by the detection
features is a critical clue in the noun prediction.

In addition, the third row (“Avg Pooling”) and the fourth
row (“Max Pooling”) also achieve comparable performance
compared to the “CNN Baseline” model, which indicates the
detection features contains rich information for noun predic-
tion. Even without the input of the whole video clip, the local
details from the detection model are enough for predicting
the interacted object.

Importance of Cross Stream Gating. The performance
comparison between the model “Ours w/o CSG & ARM”
and the model “Ours w/o ARM” validates the effective-
ness of the CSG module. The CSG module enables mu-
tual communication between the verb branch and the noun
branch. Therefore, the CSG can improve the performance
from 30.4% to 32.7%. Moreover, the results of “Ours w/o

Cross Stream” and “Ours w/o Gating” demonstrate the two
components both benefits the noun prediction.

Importance of Action-attended Relation Module. The
last rows of Table 2 shows the improvement of the proposed
ARM. ARM can select the most action-relevant information
from the object-centric features and explore the relationships
in the spatio-temporal context. Therefore, the ARM further
improves the performance from 32.7% to 35.0%.

Visualization
In Fig. 3, we show some qualitative results on the EPIC-
Kitchens dataset. The colored boxes in the figure indicate
the top confident objects found by the pre-trained detec-
tion model. We do not use labels of detected objects since
they are not accurate. Instead, we use the detection feature
to guide the mutual communication of the verb and noun
branch. The numbers below each image are the value of
ARM attention weights for the five object-centric features.
Taking the first one (the left-top one) as an example, the
ground truth of this video clip is “chop parsley”. The pre-
trained detection model generates five proposals. Our ARM
module correctly finds the interacted area with “parsley” and
generates a high value (0.78) that describes the contribution
of the enhanced feature to the final noun classification.

Conclusion
In this paper, we propose a novel framework named Sym-
biotic Attention with Privileged Information for egocentric
action recognition. We introduce a new attention mecha-
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Figure 3: Qualitative results of our SAP model. The colored boxes show the top-5 detected regions and the numbers are the
corresponding attention weights generated by our action-attended relation module. Red indicates the failure case.

Methods Split1 Split2 Split3 Average
Two Stream 43.8 41.5 40.3 41.8

I3D 54.2 51.5 49.4 51.7
TSN 58.0 55.0 54.8 55.9
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LSTA - - - 61.9
Ours 64.1 62.1 62.0 62.7

Table 3: The comparison with the state-of-the-art methods
on the EGTEA dataset.

communication of noun and verb branches (“Noun + Verb”)
fail in the noun prediction. It is consistent with our moti-
vation that the local information provided by the detection
features is a critical clue in the noun prediction.

In addition, the third row (“Avg Pooling”) and the fourth
row (“Max Pooling”) also achieve comparable performance
compared to the “CNN Baseline” model, which indicates the
detection features contains rich information for noun predic-
tion. Even without the input of the whole video clip, the local
details from the detection model are enough for predicting
the interacted object.

Importance of Cross Stream Gating. The performance
comparison between the model “Ours w/o CSG & ARM”
and the model “Ours w/o ARM” validates the effective-
ness of the CSG module. The CSG module enables mu-
tual communication between the verb branch and the noun
branch. Therefore, the CSG can improve the performance
from 30.4% to 32.7%. Moreover, the results of “Ours w/o

Cross Stream” and “Ours w/o Gating” demonstrate the two
components both benefits the noun prediction.

Importance of Action-attended Relation Module. The
last rows of Table 2 shows the improvement of the proposed
ARM. ARM can select the most action-relevant information
from the object-centric features and explore the relationships
in the spatio-temporal context. Therefore, the ARM further
improves the performance from 32.7% to 35.0%.

Visualization
In Fig. 3, we show some qualitative results on the EPIC-
Kitchens dataset. The colored boxes in the figure indicate
the top confident objects found by the pre-trained detec-
tion model. We do not use labels of detected objects since
they are not accurate. Instead, we use the detection feature
to guide the mutual communication of the verb and noun
branch. The numbers below each image are the value of
ARM attention weights for the five object-centric features.
Taking the first one (the left-top one) as an example, the
ground truth of this video clip is “chop parsley”. The pre-
trained detection model generates five proposals. Our ARM
module correctly finds the interacted area with “parsley” and
generates a high value (0.78) that describes the contribution
of the enhanced feature to the final noun classification.

Conclusion
In this paper, we propose a novel framework named Sym-
biotic Attention with Privileged Information for egocentric
action recognition. We introduce a new attention mecha-
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Leaderboard
EPIC-KITCHENS Action Recognition Competition 2019. 4%+ 
gains in top-1 accuracy compared to the team ranked 2nd.

Our improved model achieved 1st in EPIC-
KITCHENS Action Recognition Competition 2020.
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Semi-supervised video object segmentation
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What is video object segmentation ?

• Discover and segment a primary object in a video
• With user annotations in the first frame

Annotated target object in
the first frame

Segmentation results
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Motivation: Background Matters 
Prediction (t=T)Reference (t=1)
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Collaborative VOS by Foreground-Background Integration

Collaborative
Ensembler

Collaborative Video Object Segmentation by Foreground-Background Integration. ECCV, 2020 (Spotlight)
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Comparison with SOTA

Youtube-VOS DAVIS 2016

DAVIS 2017
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Visualization
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Thank you!


