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Long-term action anticipation

Contributions

Future Transformer (FUTR) Experimental Results

: Anticipating actions of future video frames with limited observation
Ø Learning of long-term dependencies between past and future actions
Ø Inferring classes and durations of future actions
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• Input: observed frames (𝑋!)
• Output: logits of action segmentation
• Learning distinctive feature representations between past actions 

via self-attention
• 𝐿"#$ : cross-entropy loss for action segmentation

• Input: action query (𝑄!) & output of the encoder (𝑋%!)
• Output: logits of action anticipation & predicted duration
• Learning long-term dependencies between past and future actions via 

self-attention and cross-attention
• 𝐿&'()*)+&(#: Cross-entropy loss for future action anticipation
• 𝐿,-.&()/': L2 loss for duration prediction

Faster inference time
No error accumulation
Long-term relations of past and future actions
Utilizing fine-grained visual features of past actions

• An end-to-end attention neural network, dubbed FUTR
• Action segmentation (encoder) & action anticipation (decoder)
• Leveraging fine-grained visual features of past actions
• Long-term dependency modeling between past and future actions
• Parallel anticipation for accurate and faster inference
• State of the art on long-term action anticipation benchmarks

• Parallel decoding is efficient and effective.
• Bi-directional attention of action query is crucial.

Parallel vs. auto-regressive decoding Effect of action segmentation loss

• Using action segmentation is effective.

Effect of long-term relations modeling

Activity: Fried egg

• Learning long-term relations between past and future action is crucial.
• FUTR detects important actions by using fine-grained visual features.

• FUTR is 14 x faster than Cycle Cons. (Farha et al. GCPR’20) when predicting 16 actions.
• FUTR utilizes fine-grained visual features without error accumulation.

Advantages of FUTR

Action anticipation (Decoder)

Action segmentation (Encoder)

action queries

frames 

Cross-attention map visualization

Activity: Cereal

Activity: Coffee

* 𝛼: observation rates, 𝛽: prediction rates
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• Input: observed frames (𝑋!)
• Output: logits of action segmentation
• Learning distinctive feature representations between past actions via self-attention
• 𝐿"#$ : cross-entropy loss for action segmentation

• Input: action query (𝑄!) & output of the encoder (𝑋%!)
• Output: logits of action anticipation & predicted duration
• Learning long-term dependencies between actions via self-attention and cross-attention
• 𝐿&'()*)+&(#: Cross-entropy loss for future action anticipation
• 𝐿,-.&()/': L2 loss for duration prediction

Faster inference time
No error accumulation
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Utilizing fine-grained visual features of past actions

• An end-to-end attention neural network, dubbed FUTR
• Action segmentation (encoder) & action anticipation (decoder)
• Leveraging fine-grained visual features of past actions
• Long-term dependency modeling between past and future actions
• Parallel anticipation for accurate and faster inference
• State of the art on long-term action anticipation benchmarks

• Parallel decoding is efficient and effective.
• Bi-directional attention of action query is crucial.

Parallel vs. auto-regressive decoding Effect of action segmentation loss

• Using action segmentation is effective.

Effect of long-term relations modeling

Activity: Fried egg

• Learning long-term relations between past and future action is crucial.
• FUTR detects important actions by using fine-grained visual features.

• FUTR is 14 x faster than Cycle Cons. (Farha et al. GCPR’20) when predicting 16 actions.
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• Input: observed frames (𝑋!)
• Output: logits of action segmentation
• Learning distinctive feature representations between past actions via self-attention
• 𝐿"#$ : cross-entropy loss for action segmentation

• Input: action query (𝑄!) & output of the encoder (𝑋%!)
• Output: logits of action anticipation & predicted duration
• Learning long-term dependencies between actions via self-attention and cross-attention
• 𝐿&'()*)+&(#: Cross-entropy loss for future action anticipation
• 𝐿,-.&()/': L2 loss for duration prediction
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Utilizing fine-grained visual features of past actions

• An end-to-end attention neural network, dubbed FUTR
• Action segmentation (encoder) & action anticipation (decoder)
• Leveraging fine-grained visual features of past actions
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• Parallel anticipation for accurate and faster inference
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