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Abstract We seek to understand the arrow of time in videos
— what makes videos look like they are playing forwards or
backwards? Can we visualize the cues? Can the arrow of
time be a supervisory signal useful for activity analysis? To
this end, we build three large-scale video datasets and apply
a learning-based approach to these tasks.

To learn the arrow of time efficiently and reliably, we
design a ConvNet suitable for extended temporal footprints
and for class activation visualization, and study the effect
of artificial cues, such as cinematographic conventions, on
learning. Our trained model achieves state-of-the-art per-
formance on large-scale real-world video datasets. Through
cluster analysis and localization of important regions for the
prediction, we examine learned visual cues that are consis-
tent among many samples and show when and where they
occur. Lastly, we use the trained ConvNet for two appli-
cations: self-supervision for action recognition, and video
forensics — determining whether Hollywood film clips have
been deliberately reversed in time, often used as special ef-
fects.
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1 Introduction

We seek to learn to see the arrow of time — to tell whether
a video sequence is playing forwards or backwards. At a
small scale, the world is reversible—the fundamental physics
equations are symmetric in time. Yet at a macroscopic scale,
time is often irreversible and we can identify certain motion
patterns (e.g., water flows downward) to tell the direction of
time. But this task can be challenging: some motion patterns
seem too subtle for human to determine if they are playing
forwards or backwards, as illustrated in Figure 1. For exam-
ple, it is possible for the train to move in either direction
with acceleration or deceleration (Figure 1d).

Furthermore, we are interested in how the arrow of time
manifests itself visually. We ask: first, can we train a reliable
arrow of time classifier from large-scale natural videos while
avoiding artificial cues? (i.e. cues introduced during video
production, not from the visual world); second, what does
the model learn about the visual world in order to solve this
task?; and, last, can we apply such learned commonsense
knowledge to other video analysis tasks?

Regarding the first question on the arrow of time clas-
sification, we go beyond the previous work (Pickup et al
2014) to train a ConvNet, exploiting thousands of hours of
online videos, and let the data determine which cues to use.
Such cues can come from high-level events (e.g., riding a
horse), or low-level physics (e.g., gravity). But as discov-
ered in previous self-supervision work (Doersch et al 2015),
a ConvNet can learn artificial cues from still images (e.g.,
chromatic aberration) instead of a useful visual representa-
tion. Videos, as collections of images, have additional arti-
ficial cues introduced during creation (e.g. camera motion),
compression (e.g. inter-frame codec) or editing (e.g. black
framing), which may be used to indicate the video’s tem-
poral direction. Thus, we design controlled experiments to
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Fig. 1: Seeing these ordered frames from videos, can you tell whether each video is playing forward or backward? (answer
below'). Depending on the video, solving the task may require (a) low-level understanding (e.g. physics), (b) high-level
reasoning (e.g. semantics), or (c) familiarity with very subtle effects or with (d) camera conventions. In this work, we learn
and exploit several types of knowledge to predict the arrow of time automatically with neural network models trained on
large-scale video datasets.

understand the effect of arti cial cues from videos on therectors. With the properly pre-processed data, we train our
arrow of time classi cation. model using two large video datasets (Section 5): a 147k clip
Regarding the second question on the interpretation gfubset of the Flickrl00M dataset (Thomee et al 2016) and a
learned features, we highlight the observation from Zhob8k clip subset of the Kinetics dataset (Kay et al 2017). We
et al (2014): in order to achieve a task (scene classi catiorevaluate test performance and visualize the representations
in their case), a network implicitly learns what is necessaryearned to solve the arrow-of-time task. Lastly, we demon-
(object detectors in their case). We expect that the networktrate the usefulness of our ConvNet arrow of time detec-
will learn a useful representation of the visual world, involv- tor for self-supervised pre-training in action recognition and
ing both low-level physics and high-level semantics, in ordeffor identifying clip from Hollywood Ims made using the
to detect the forward direction of time. reverse-motion Im technique (Section 7).
Regarding the third question on applications, we use the
arrow-of-time classi er for two tasks: video representation
learning and video forensics. For representation learning, rek-1 Related Work
cent works have used temporal ordering for self-supervised

training of an image ConvNet (Misra et al 2016: Fernandoseveral recent papers have explored the usage of the tempo-

et al 2017). Instead, we focus on the motion cues in videogaI orderingof images. Dekel et al (2014) consider the task

and use the arrow of time to pre-train action recognitionmc photo-sequencing — determining the temporal order of a

models. For video forensics, we detect clips that are playe(dOIIzC:LontOf |magles cfjror_’n d|f:cefrent cameras. Othgrs ha\{e
backwards in Hollywood Ims. This may be done as a spe-use € temporal ordering ot Irames as a supervisory sig-

cial effect, or to make an otherwise dangerous scene sa Ilffor Iearmpg atn gmbed(iflng éRam'\? rltatllc/la}n et atl 2?;?8)1g0r
to Im. We show good performance on a newly collected ls:e -SurzjerVIfloan(;il?Ing (()”a onvt € t( |sr? eta t
dataset of Ims containing time-reversed clips, and visual- ermando eta ). and for construction of a representa-

ize the cues that the network uses to make the classi catior%'.(m'_f'Or action recogr;ltlr:)n (Ferna_ndo et a:(zoz?j)' the task
More generally, this application illustrates that the trained OWEVer, none ot these previous works address the tas

network can detect videos that have been tampered in thog detecting the direction of time. Pickup et al (2014) ex-

way. In both applications we exceed the respective state ore three represe.ntatmns for determlmng ymes arrow In
the art. videos: asymmetry in temporal behaviour (using hand-crafted

In the following, we rst describe our ConvNet model SIFT-like features), evidence for causality, and an auto-regressive

model to determine if a cause in uences future events. While

Section 2), incorporating recent developments for human . .
( ) P 9 P rtlhelr methods work on a small dataset collected with known

action recognition and network interpretation. Then we iden- ) . o :
. . . strong arrow of time signal, it is unclear if the method works
tify and address three potential confounds to learning the ar-

row of time discovered by the ConvNet (Section 4), for x.ON generic large-scale video dataset_wnh_dlfferent Qrtl cial
ample, exploiting prototypical camera motions used by di_S|gnals. The study of the arrow of time is a special case
' of causal inference, which has been connected to machine

1 Forwards: (b), (c); backwards: (a), (d). Though in (d) the train canl€@rNing topics, such as transfer learning and covariate shift
move in either direction. adaptation (Sabikopf et al 2012). Recently, Xie et al (2017)
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Fig. 3: The 3-cushion billiard dataset. (a) Original frame
from a 3-cushion video; (b) the frame warped (with a ho-
mography transformation) to an overhead view of the bil-
liard table; and, (c) a simulated frame to match the real one
in terms of size and number of balls.
Fig. 2: lllustration of our Temporal Class-Activation-Map
Network (T-CAM) for the arrow of time classi cation. Start-
ing from the traditional VGG-16 architecture (Simonyan the temporal feature fusion stage (Figure 2a), we rst mod-
and Zisserman 2014b) for image recognition, (a) we rstify the VGG-16 network to accept a number of frames (e.g.
concatenate theonb features from the shared convolu- 10) of optical ow as input by expanding the number of
tional layers, (b) and then replace the fully-connected layeghannels otonvl Iters (Wang et al 2016). We us€ such
with three convolution layers and global average poolingemporal chunks, with a temporal stridetofThecon fea-
layer (GAP) (Lin et al 2013; Springenberg et al 2014;tures from each chunk are then concatenated. Then for the
Szegedy et al 2015; Zhou et al 2016) for better activatior¢lassi cation stage (Figure 2b), we follow the CAM model
localization. design to replace fully-connected layers with three convolu-
tion layers and global average pooling (GAP) before the bi-
nary logistic regression. Batch-Normalization layers (loffe
discovered that the 13D action recognition model (Carreiraand Szegedy 2015) are added after each convolution layer.
and Zisserman 2017) is invariant to the direction of time buimplementation details. To replace the fully-connected lay-
not to the frame order, when trained on RGB frame input. ers from VGG-16, we use three convolution layers with size
In terms of ConvNet architectures, we borrow from re-3 3 1024, stride 1 1 and pad 1 1 before the GAP layer.
cent work that has designed ConvNets for action recognitiofFor input, we use TV-L1 (Zach et al 2007) to extract optical
in videos with optical ow input to explicitly capture motion ow.
information (Simonyan and Zisserman 2014a; Wang et al  For all experiments in this paper, we split each dataset
2016). We also employ the Class Activation Map (CAM) 70%-30% for training and testing respectively, and feed both
visualization of Zhou et al (2016). forward and backward versions of the video to the model.
The model is trained end-to-end from scratch, using xed
ve-corner cropping and horizontal ipping for data aug-
2 ConvNet Architecture mentation. Clips with very small motion signals are Itered
out from the training data using ow. Given a video clip for
To focus on the time-varying aspects of the video, we onlytest, in addition to the spatial augmentation, we predict AoT
use optical ow as input to the ConvNet, and not its RGB on evenly sampled groups of frames for temporal augmenta-
appearance. Below, we rst motivate the architecture, andion. The nal AoT prediction for each video is based on the
then describe implementation details. majority vote of con dent predictions (i.e. scope 0:5) >
Model design.Our aim is to design a ConvNet that has 0:1), as some groups of frames may be uninformative about
an extended temporal footprint, and that also enables th&oT.
learned features to be visualized. We also want the model
to have suf cient capacity to detect subtle temporal signals.
To this end, we base our model on three prior ConvNets: th8 Learning from Simulation Videos
VGG-16 network (Simonyan and Zisserman 2014b) as the
backbone for the initial convolutional layers, for suf cient An an initial evaluation of the T-CAM model, we rst avoid
capacity; the temporal chunking in the model of Feichtenthe confounding factors in real world videos (e.g. tempo-
hofer et al (2016) to give an extended temporal footprintral codec or sample bias) and turn to graphics simulations
and the CAM model of Zhou et al (2016) to provide the vi- where we have full control of the physics. We choose to sim-
sualization. ulate a simple world, thehree-cushion billiards gam@-ig-
The resulting architecture is referred to as “Temporalure 3a), where the principal signals for the arrow of time
Class-Activation Map Network” (T-CAM) (Figure 2). For are: rolling friction and energy loss at collisions/bounces.
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Method 3c-AoT-S | 3c-AoT || Signal | Acc | sequencesin3c-AoT directly. As the baseline, we train Pickup
Pickup et al (2014)| 63% 59% none | 50% | et al (2014) (results reproduced on TA180) with the same
T-CAM (T=1) 78% 83% friction | 97% | setup.
T-CAM (T=2) 81% 85% || collision | 95% Table 1 shows that temporal fusion (i.e. T=2) helps most

when the signal is weak (i.e. friction) and the collision damp-
ing is a stronger signal. Note, there are frequent collisions,
Table 1: Test accuracy on the Three-cushion datasets. (a) Vd@d so collision damping makes a signi cant contribution to
compare T-CAM model with either one (T=1) or two (T=2) the time asymmetry.
temporal segments with the baseline model on both simula¥isualization. In addition to test accuracy, we visualize the
tion (3c-AoT-S) and real wolrd (3c-AoT) datasets. (b) For2-dimensional t-SNE space of the last-layer motion feature
the simulation dataset, we show the test accuracy for videdsarned by our T-CAM modelT(=2). For each test video
grouped by different physical settings. from 3c-AoT-S, equal chance to be forward or backward,
we only extract the feature on the central crop.
Shown in Figure 4a, we discretize the t-SNE space into
20 20 bins and compute the heatmap through averaging
ground truth AoT labels for videos from each bin. For com-
parison, we also visualize the heatmap for the feature from
the same network architecture with random weights. As the
t-SNE space is learned without any supervision, the heatmap
reveals that the network learns to transform the initially tem-
Fig. 4: Visualization results on 3c-AoT-S dataset. (a)porally symmetric feature space into a temporally asymmet-
heatmap; (b) density map. ric one.

Further, as we also have the labels for the physical set-
tings for each video, we can visualize different groups on the
t-SNE space. In Figure 4b, for each bin, we visualize the ra-
tio of each group, that is the ratio that is close to 1 indicates
most videos from this bin are from such group. see that for-
ward and backward videos with “friction” are clearly sep-
arable; with “collision damp” are often separable as colli-

Three-cushion Arrow of Time Dataset (3c-AoT).We down- ?IOI’]S ’r"nay r]ot happen within the central temporal crop; with
none” are inseparable.

load YouTube videos from a three-cushion billiard tourna-

ment and extract 167 individual shots (around 200 frames

each). These are only used for testing. As the cameras are o o ]

placed at different angles, the perspective projection mag Avoiding Arti cial Cues from Videos

cause the ball to appear to move faster as it comes towards

the camera. To avoid this artifact, we warp the original frame® learning-based algorithm may “cheat” and solve the arrow-

(Figure3a) into a canonical overhead position (Figure3b). Of-time task using arti cial cues, instead of learning about

Three-cushion Arrow of Time Simulation Dataset (3c- the video content. In this section, we evaluate the effect of

A0T-S). We extend the physics engine in Fragkiadaki et atthree arti cial signals, black framing, camera motion and

(2015) to handle multiple balls with friction and collision inter-frame codec, on ConvNet learning and the effective-

damping (Figure 3c). We simulate 15k videos (100 frames§'€ss of our data pre-procession to avoid them.

and randomly make them with one of three scenarios: no

friction nor collision damping, friction only, and collision

damping only. The physical parameters (rolling friction co-4.1 Datasets regarding arti cial cues

ef cient m= 0:5, and collision damping factdr = 0:5) are

estimated from real videos in 3c-AoT. We use the following two datasets to study arti cial cues.
UCF101 (Soomro et al 2012)To examine the black fram-
ing and camera motion signal, we use this popular human

3.2 Experiments action video dataset (split-1). Through automatic algorithms
(i.e. black frame detection and homography estimation) and

Classi cation. We train our model on the simulation datasetmanual pruning, we nd that around 46% of the videos have

(3c-AoT-S) with different number of input segmen®&=(  black framing, and 73% have signi cant camera motion (Ta-

andT=2). We not only test on 3c-AoT-S, but also on the realble 2).

(@ (b)

We then apply the T-CAM model, trained on the simula-
tions, to sequences of real billiards games.

3.1 Dataset
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Train/Test | Original | H.264-F| H.264-B
Original | 59.1% | 58.2% | 58.6%
H.264-F | 58.1% | 58.9% | 58.8%
H.264-B | 58.3% | 59.0% | 58.8%

Table 3: AoT classi cation results to explore the effect of the
inter-frame codec on MJPEG-A0T dataset. We train and test
on three versions of the data: original (no temporal encod-
ing), encoded with H.264 in forward (H.264-F) and back-
ward (H.264-B) direction. Similar AoT test accuracy sug-
gests that the common H.264 codec doesn't introduce sig-
ni cant arti cial signals for our model to learn from.

Black framing. Black frame regions present at the boundary

Fig. 5: lllustration of arti cial signals from videos in may not be completely black after video compression (Fig-
UCF101 dataset. (a) The black framing of the clip has non- y pietely b 9

! . . . . ._ure 5a). The resulting non-zero image intensities can cause
zero intensity value (left), and a vertical slice over time dis- .
: : - different ow patterns for forward and backward temporal
plays an asymmetric temporal pattern (right). After training, L L
otion, providing an arti cial cue for the AoT.
we cluster the learned last-layer feature of top-con dent tes | . . |
clips. We nd some clusters have consistent (b) tilt-down or For control experiments, we train and test our model on

(c) zoom-in camera motion. We show two frames from twoUCF101 before and after black framing removal, i.e., zero
representative clips for each cluster out the intensity of black frame regions. The test accuracy

of the AoT prediction drops from 98% to 90% after the re-

Black frame | +Camera motion moval. This shows that black frame regions provides arti -

Percent of videos 26% 73% cial cues for AoT and should be removed.
before removal 98% 88% Camera motion. To understand the visual cues learned by
Acc. after removal 90% 75% our model after black framing removal, we perform K-means

(K=20) clustering on the extracted feature before the logis-

Table 2: AoT classi cation results to explore the effect of tic regression layer for the top-1K con dently classi ed test
black framing and camera motion on UCF101 dataset. Ao¥ideos (foward or backward version). We estimate the ho-
test accuracy drops around 10% after removing black frammography for each video's camera motion with RANSAC,

ing and drops another 10% after removing camera motion.and compute the average translation and zoom in both hor-
izontal and vertical directions. We nd some video clus-

ters have consistently large vertical translation motion (Fig-
MJPEG Arrow of Time Dataset (MJPEG-AoT). To in-  ure 5b), and some have large zoom-in motion (Figure 5c).
vestigate the effect of inter-frame codec, we collect a nevsuch strong correlation among the con dent clips between
video dataset containing 16.9k individual shots from 3.5kheir learned visual representation and the camera motion
videos from Vimedwith diverse content. The collected videosuggests that cinematic camera motion conventions can be
are either uncompressed or encoded with intra-frame code¢ged for AoT classi cation.

(e.9. MIPEG and ProRes) where each frame is compressed For control experiments, we use a subset of UCF101
independently without introducing temporal direction bias.yideos that can be well-stabilized. The test accuracy of the
We can then evaluate performance with and without interagT prediction further drops from 88% to 75% before and
frame codecs by using the original frames or the extractegdfter stabilization. Thus, we need to stabilize videos to pre-
frames after video compression with an inter-frame codegent the model from using camera motion cues.

(e.g. H.264). The details of the dataset are in the appendiXynter frame codec. For ef cient storage, most online videos

are compressed with temporally-asymmetric video codecs,
e.g. H.264. They often employ “Forward prediction”, which
may offer an arti cial signal for the direction of time. As itis
almost impossible to revert the codecs, we train and test on
We choose the T-CAM model to have two temporal Se90ur specially collected MJPEG-A0T dataset, where videos

ments and a total of 10 frames. More experimental details ; : T
: : are not subject to this arti cial signal.
are in the appendix.

We rst remove black framing from these videos and
2 http://vimeo.com choose individual shots that can be well-stabilized, based

4.2 Experiments regarding arti cial cues
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on the discoveries above. Then we create different versions # chunks T=1 T=2 T=4
of the downloaded MJPEG-A0T dataset (Original) by en{  # frame 10 20 40 10 20 20
coding the videos with the H.264 codec in either the for{ 0% overlap | 65% | 62% | 67% | 79% | 81% | 71%
ward (H.264-F) or backward direction (H.264-B), to sim-| 50% overlap N/A 75% | 76% | 73%
ulate the corruption from the inter-frame codec. In Table 3

we show results where the model is trained on one version dfable 4: Empirical ablation analysis of T-CAM on Flickr-
the MJPEG-AoT dataset and tested on another version. N&:0T. We compare the AoT test accuracy for models with
tably, our model has similar test accuracy, indicating that oug different number of input chunksT}, total number of
model can not distinguish videos from each dataset for thames, and overlap ratio between adjacent chunks. The best
AoT prediction. This nding offers a procedure for build- model takes in a total 20 frames of ow maps as input, and
ing a very large scale video dataset starting from videos tha&tivides them into two 10-frame chunks without overlap to
have been H.264 encoded (e.g. Youtube videos), without béeed into the model.

ing concerned about arti cial signals.

Con_clu5|on.We have shown that black frammg apd Camergigeos, we obtain around 147K videos after processing to
motion do allow our model to learn the arti cial signals for remove arti cial cues

the AoT p.rediction, Wh”e_ the intgr-frame codec (e.9. H'264)Kinetics Arrow of Time Dataset (Kinetics-AoT). The Kinec-

does not introduce signi cantIS|gnaIs to b? 'eame‘?' by OUtics video dataset (Kay et al 2017) is fully labeled with 400

model. For the exPe”me”ts |n.t.he following se.ct|ons Wecategories of human actions. Starting from around 266K train

remove black framing and stabilize camera motion t0 pré; 4 yajidation videos, we obtain around 58K videos after

process videos for the AoT classi cation. processing to remove arti cial cues. To balance for the AoT
classi cation, we re-assign train and test set based on a 70-
30 split for each action class.

5 Learning the Arrow of Time

After verifying our T-CAM model on simulation videos 9-2 Empirical ablation analysis

and removing the known arti cial signals from real world

videos, we benchmark it on three real world video dataset?n the F-Iickr-Ao'I.' datasc-:-t-, we present experiments to .an—
and examine the visual cues it learns to exploit for the AoTaly2€ various design decisions for our T-CAM model. With
the same learning strategies (e.g. number of epochs and learn-

ing schedule), we compare models trained with (i) a differ-
ent number of temporal segments (chunks); (i) differing to-
tal number of input frames of ow; and (iii) varying overlap

. S , ratio between adjacent temporal segments.
The previous AoT classi cation benchmark (Pickup et al In Table 4. we nd that the best T-CAM model on Flickr-
2014) contains only a small number of videos that are man-

ually selected with strong AoT signals. To create Iarge-scaleA oT has two temporal segments with 20 frames total with-

: ; out overlap. We use this model con guration for all the ex-
AoT benchmarks with general videos, we pre-process two . o .

existing datasets through automated black framing removerﬂenmental results in this section.
and camera motion stabilization within a footprint of 41
frames. We use a xed set of parameters for the data pre5 3 Experiments

processing, with the details in the appendix. We then use the

following three video datasets to benchmark AoT classi ca-In the following, we benchmark AoT classi cation results
tion. on all three datasets above.

TA-180 (Pickup et al 2014).This dataset has 180 videos Setup.For the baseline comparison, we implement the pre-
manually selected from Youtube search results for speci aious state-of-the-art, statistical ow method (Pickup et al
keywords (e.g. “dance” and “steam train”) that suggest strorgp14), and achieve similar 3-fold cross-validation results on
low-level motion cues for AoT. As some videos are hard tothe TA-180 dataset. To measure human performance, we use
stabilize, in our experiments we only use a subset of 162mazon Mechanical Turk (AMT) for all three benchmark
videos that are automatically selected by our stabilizationlatasets (using random subsets for the large-scale datasets),
algorithm. where input videos have the same time footprint (i.e. 20
Flickr Arrow of Time Dataset (Flickr-AoT). The Flickr  frames) as our T-CAM model. More details about the AMT
video dataset (Thomee et al 2016; Vondrick et al 2016) istudy are in the appendix.

unlabeled with diverse video content, ranging from naturalClassi cation results. On the TA-180 benchmark (Pickup
scenes to human actions. Starting from around 1.7M Flicket al 2014), we only test with models trained on Flickr-AoT

5.1 Datasets
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Fig. 6: Examples of T-CAM localization results on test clips from (a) Flickr-AoT and (b) Kinetics-AoT dataset. For each
input clip, we compute its class activation map (CAM) from the model trained on the same dataset. We show its middle frame
on the left, and overlay color-coded CAM (red for high probability of being forward, blue for backwards) and sparse motion
vector on regions with con dent AoT classi cation. For each dataset, we show localization results for two AoT-consistent
clusters (i.e., most clips have the same AoT label within the cluster) and one AoT-inconsistent cluster. All the examples here
are played in the forward direction and AoT in regions with red CAM are correctly classi ed. Notice that examples from
AoT-inconsistent clusters have a mix of red and blue regions.

: Flow- T-CAM Given the 14 14 class activation map, we normalize it to a
Dataclip) Word | Flickr | Kinetics Human 0-1 probability heatmap and resize it back to the original
TA-180(165) 82% | 83% | 79% 93% image size. Image regions are considered important for AoT
Flickr-AoT (147k) | 62% | 81% | 73% 81% prediction if their probability value is away from the ran-
Kinetics-AoT(58k) | 59% | 71% | 79% 83% dom guess probability 0.5, i.gp  0:5 > 0:2. To visualize

these important regions, we compute both the color-coded
Table 5: AoT classi cation benchmark results on threeheatmap with a “blue-white-red colormap”, where time for-
datasets. We compare the T-CAM model, trained on eiward evidence is red (close to 1) and backward is blue (close
ther Flickr-AoT or Kinetics-AoT, with the previous state-of- to 0), and also the sparse motion vectors on the middle frame
the-art method (Pickup et al 2014) and with human perforof the input. In Figure 6, for each example we show its mid-
mance. The T-CAM models outperform Pickup et al (2014)dle frame and that with the heatmap and motion vector over-
on the large-scale datasets and achieves similar results @ for regions with con dent predictions.
the previous TA-180 benchmark (Pickup et al 2014) (for test
only). Clustering results. For both Flickr-AoT and Kinetics-AoT
datasets, we discover clusters of consistent motion pattern
that are either indicative or not for the AoT. Given the fea-
or Kinetics-AoT dataset, as the dataset is too small to trailﬂ_jre maps from the last convolutional layer, we perform K-
our model. As shown in Table 5, the performance of the Tmeans clustering witk=50. For each cluster, we compute
CAM models on TA-180, without any ne-tuning, are on- the standard deviation of AoT label from the cluster sam-
par with Pickup et al (2014), despite being trained on differples. A cluster with low standard deviation of AoT label is
ent datasets. TeSting on the Iarge-scale datasets, F|iCkr-AO‘xOT_Consistent", as its Samp|es share the common feature
and Kinetics-AoT, our T-CAM models are consistently bet-that is indicative for AoT prediction. For the Flickr-AoT
ter than Pickup et al (2014) and are on par with human judgdataset, the two visualized AoT-consistent clusters corre-
ment. To compare the effectivenss of different architecturespond to the visual concepts of “human walk” and “water
we replace the backbone from VGG-16 with ResNet-50 angq|” (Figure 6a). For the Kinetics-AoT dataset, the two vi-
get similar performance on Flicker-AoT dataset. sualized AoT-conistent action classes are “crawling baby”
Localization results.We localize regions that contribute mostaind “shredding paper”, while the AoT-inconsistent action
to the AoT prediction using techniques in Zhou et al (2016)class is “playing ukulele” (Figure 6b).



