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0 person
1 bicycle
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9 traffic light
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Graph-Encoder (ST-GCN)
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§ |Ground Truth:
f | Turn right at the intersection

= |where the blue car in front just
turned a moment ago.

Ground Truth:

| |Straight at the intersection
where the red car just passed.
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S—=U 757 | RRAIEM Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR ROUGE BERT
Baseline 0.625 0.511 0.430 0.377 0.678 0.679 0.948
v 0.612 0.490 0.404 0.302 0.662 0.688 0.949
Ours v 0.574 0.457 0.357 0.297 0.670 0.672 0.949
v v 0.682 0.569 0.461 0.389 0.748 0.742 0.954

Fa4BI7L—LTELNERATZEE LTI L7458
=757 | NRIIEm Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR ROUGE BERT
Baseline 0.457 0.333 0.257 0.202 0.512 0.553 0.928
v 0.435 0316 0.234 0.180 0.514 0.556 0.928
Ours v 0.478 0.356 0.252 0.209 0.575 0.598 0.929
v v 0.522 0.392 0.287 0.224 0.603 0.624 0.933

Ground Truth:

Turn right at the intersection where the white car passed.

Baseline(Without Temporal Information):
Turn right at the intersection where the white car is located.

Baseline(With Temporal Information):
Turn right at the intersection just before the red car.

Ours(Without Temporal Information):
Turn right at the intersection just before the white car.

Ours(With Temporal Information):
‘ Action : right ‘ Turn right at the intersection where the white car passed.

5: AN — Y 2 BN DERAERDH]. Ours(With Temporal Information) Tl Ground Truth ¥ [f]— D X EHE

RENTZ L 2R TE 5.

Ground Truth
Turn left at the next intersection, just like the red car.

. Ours(Without Temporal Information)
| Turn left at the intersection where the red car is located.

Baseline(Without Temporal Information)
Turn left in the direction where the black car passed.

Baseline(With Temporal Information)
" | Turn left following the red car.

Ours(With Temporal Information)
‘ Action : left ‘ Turn left at this intersection, following the direction of the red car.
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Action :
Turn left at this intersection, following the direction of the red car.

Action :
Turn right at the intersection where the white car passed.

Action :
Straight at the intersection where the white car is located.
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