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1 Detailed Attention Architecture

Figure 1, illustrates the layer selection mechanism. The mechanism receives input h, from
ConvLSTM. It then performs an average pool and an intermediate gate embedding before
prediction. We add the Gumbel samples to the predicted logits and perform an argmax
to select the optimal layer. The gate embedding layer dimension E is much smaller than
C. This gate embedding layer helps build a possible representation of incoming features at
every LSTM steps, without significantly increasing the network parameters.
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Figure 1: Layer Selection Mechanism.

Figure 2, illustrates the soft attention mechanism. Unlike the soft attention mechanism
proposed in Xu et al. [10] our’s replace fully-connected layers with convolutional layers.
Specifically, we used multi-convolutional layers that uses different kernel sizes similar to
an inception module. At each time step ¢, the module receives h; from ConvLSTM and the
selected feature layer F;. The ConvLSTMs hidden state h; is first converted to the appropriate
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channel size of the feature map. We add the embedding h; and feature layer F;. Then we
apply a non-linearity (Leaky ReLU). After which we compute the attention weights and
apply softmax to get the attention map. Then an element-wise multiplication is performed
between features and attention map to get the final output of the soft attention module. The
Multi-ConvLSTM is applied to attention output. At each time step the LSTM output is used
for prediction. In Section suggest convolutional attention and LSTMs yield better results.
We did try using fully-connected LSTMs; however, the system consistently failed to pick
different locations in the image during successive LSTM steps.
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Figure 2: Soft Attention Mechanism.

2 Datasets

Figure 3: (a) Top row: Cambridge Landmarks Dataset. King’s College, Old Hospital, Shop
Facade and St. Mary’s Church. (b) Middle row: 7-Scenes (subset). Chess, Fire, Office and
Pumpkin. (c) Bottom row: TUM-LSI.

Cambridge Landmarks [4] A large scale outdoor dataset, containing five outdoor datasets.
For our experiments, we only use the four datasets that were used by [4] and [9]. The dataset
consists of RGB images. Six degrees-of-freedom camera poses are provided for each image.
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