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1 Additional experimental details

Penn Action Dataset provides the training and testing splits. We further split
the training data into 90 percent training data and 10 percent validation data
for each action class. We use the validation set to tune the hyperparameters. We
used a weight decay of 0.00001 with the Adam optimizer. We also observed that
batch-normalizing the activations of the added linear layers improves performance
both qualitatively and quantitatively.

2 Additional Visualization for Penn Action results

We attach additional visualizations for video retrieval and spatio-temporal align-
ment in Figure 1, Figure 2, Figure 3, Figure 4 and Figure 5.
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Fig. 1: Visualization of results baseball pitch and baseball swing: Given a test
video with tracks (shown in row 1, tracks denoted by colored markers), we retrieve and
align a video from the training set from the same class (shown in row2). Retrieved
videos are aligned in space (correspondence across videos is shown by the same colored
marker), and in time (frames below one another are aligned). We see that our model is
able to learn temporal and spatial correspondence. These visualizations are sampled
randomly.
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Fig. 2: Visualization of results bench press and bowling: Given a test video
with tracks (shown in row 1, tracks denoted by colored markers), we retrieve and align
a video from the training set from the same class (shown in row2). Retrieved videos are
aligned in space (correspondence across videos is shown by the same colored marker),
and in time (frames below one another are aligned). We see that our model is able to
learn temporal and spatial correspondence. These visualizations are sampled randomly.
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Fig. 3: Visualization of results golf swing and jumping jacks: Given a test video
with tracks (shown in row 1, tracks denoted by colored markers), we retrieve and align
a video from the training set from the same class (shown in row2). Retrieved videos are
aligned in space (correspondence across videos is shown by the same colored marker),
and in time (frames below one another are aligned). We see that our model is able to
learn temporal and spatial correspondence. These visualizations are sampled randomly.
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Fig. 4: Visualization of results for pullup and pushup: Given a test video with
tracks (shown in row 1, tracks denoted by colored markers), we retrieve and align a
video from the training set from the same class (shown in row2). Retrieved videos are
aligned in space (correspondence across videos is shown by the same colored marker),
and in time (frames below one another are aligned). We see that our model is able to
learn temporal and spatial correspondence. These visualizations are sampled randomly.
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Fig. 5: Visualization of results for squat and tennis serve: Given a test video
with tracks (shown in row 1, tracks denoted by colored markers), we retrieve and align
a video from the training set from the same class (shown in row2). Retrieved videos are
aligned in space (correspondence across videos is shown by the same colored marker),
and in time (frames below one another are aligned). We see that our model is able to
learn temporal and spatial correspondence. These visualizations are sampled randomly.



Aligning Videos in Space ad Time 7

3 Visualization for EPIC Kitchen Dataset results

We present qualitative visualizations for video retrieval and alignment on the
EPIC Kitchen dataset in Figure 6.

Fig. 6: Qualitative Results on Epic Kitchens [5]: We show qualitative examples of
retrieval and temporal alignment from the Epic Kitchen Dataset, based on the similarity
metric learned by our model.
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