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e Produce the most salient N =9 regions using a global processing.

Contributions

1. Each node is modeled by a function with its own set of parameters.

: 2. A recurrent function is used to achieve consistency across time. 5 00
e augment spatio-temporal GNNs by ; S
learning to create localized nodes suited for Y 3. Produce the location and size of each region. ~ 0.18
spatial reasoning, that adapt to the input. —
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e DyReg-GININ discovers salient regions
that are well correlated with objects, with-
out object-level supervision.
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Lo distance between our DyReG regions and
eround-truth boxes on Smt-Smt-V2.
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e The kernel decreases with the distance to the center and is non-zero up to a maximal
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distance of w;. Compute Lo distance between ground-truth ob

e create nodes by extracting features from _
jects and predicted node regions.

these regions using bilinear interpolation.

Discover unsupervised salient regions,
+ process the nodes with a_spatio-temporal correlated with objects, that are useful for
GNN and project each node into its initial _ ! .
location. visual relational processing.

Graph Processing
Results _ (CrphProcessing

e we do not optimize or enforce this metric in
any way and learn without object-level
supervision.
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e distance decreases during training showing
that regions correlate with objects.

Model Accuracy Description
. S . e Process the nodes with a spatio-temporal GINN similar to our previous work [6]. Code and team homepage:
Som.ethmg—Sometl}mg 15d real .VVOl’ld dataset in- Static Nodes 81.48 Optimize regions across dataset
volving human-object interactions. C't-Time Nodes Q6.77 Keep regions fixed in time o« At each time step, send messages between nodes.
Semantic Nodes 32.41 Attend to all the input positions e Across time, update each node independently using a RNN.
Model Top1 Top 5 DyReG Nodes 95.09 Full model with dynamic regions
% GST [_1]_ 62.6 87.9 Ablation on MultiSyncMNIST of different types of node extraction.
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e The features of each updated node are sent to their initial region in the input, as
indicated by their corresponding kernel.

Accuracy on Something-Something-V2 dataset.
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Visualisation of a single predicted kernel on
Something-Something-V?2.
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The goal of MultiSyncMNIST is to detect a group of digits that move synchronously.



