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Doorway Effect

* New scenery demands more
cognitive processing causing
shifting of event models.

e Shifting makes memories from past
event models less accessible to the
current event model.

* Evidence that continuous
perceptual input is segmented into

coherent units - called “events”.
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Walking through doorways causes forgetting
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* Associate Chair, Dept. of Psychological and Brain
Sciences. Washington University, St. Louis.
* Ph.D. in Cognitive Psychology, Stanford University.

* |nterests:

* Perception and Cognition.

* Parsing continuous stream of behavior into meaningful
events.

* How event segmentation affects memory and cognition.

* Mental representation for reasoning about spatial relations.

e  Author of 5 books.
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Event Segmentation Theory

Error Detection

e Segmentation of ongoing activity is ) l SN, VTA, LC
a spontaneous concomitant of | Precicted Future nputs !
ongoing perception. 9 i
* Event segmentation happens T / *
simultaneously on multiple AR ol e EniSenas
timescales, though an observer T
may attend to a particular timescale. 1 _]
Sensory Inputs E
* Event models are constructed AT, V1, 81, .. J

through interaction of sensory input
Zacks, J. M., Speer, N. K., Swallow, K. M., Braver, T. S., & Reynolds, J. R. (2007). Event perception: a

W|th StOI‘ed knowledge mind-brain perspective. Psychological bulletin, 133(2), 273.



Stimulus

r Visual Saliency Medium-specific |=

features
SPECT
§ Front-End§ §
* Front-end operates on single eye fixations, while =1 N =1 _$ N =1 |
' Sel::tilc?:a [/ <@» Selection E@» Selection
back-end processing deals with multiple fixations Z}
* Broad and narrow features and extracted from | o BackEnd, 1T
Working\i\,/lemory

stimulus, which controls “Attentional Selection T

. . . e Attenti | . Goal i
* Current event model is constructed over time in the

foundation

' | L
WOI‘kIng memOry. Current Event Model (Episodic Buffer/LT WM)
* Event models are stored in episodic memory (shifted) N e N Sl CE  p—

info

when they fail to explain or predict current features.

Semantic Memory Episodic Memory
(Prior Knowledge) (Stored Event Model)

Loschky, Lester C,, et al. "The scene perception & event comprehension theory (SPECT) applied ~ 6
to visual narratives." Topics in cognitive science 12.1 (2020): 311-351. <::| Control <:\ Behaviour



Hierarchy of Events
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Early Conceptual Acquisition in Infants
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Adopted from Yann Lecun Presentation on self-supervised learning (Image source: Emmanuel Dupoux)



Self-supervised Learning

* Past predicts the future

* Recent past predicts future

* Present predicts the past

* Visible predicts occluded

«— Past Future —
resent

L,
P

9
Adopted from Yann Lecun Presentation on self-supervised learning



Self-supervised Learning

... T — — — 7
| Objectives:
ConvNet | Maximize prob. |
» g(X,y=0) model F(.) F(X°) |
Rotate 0 degrees | Predict 0 degrees rotation (y=0)

Rotated image: x |

P g(X,y=1) —>g p ConmNet | Maximize prob. |

model F(.) 1 F'(x")

Example:

Rotate 90 degrees Predict 90 degrees rotation (y=1) ‘

Rotated image: X' ‘

_ ConvNet Maximize prob. |
> g(Xx,y=2) P model F() ‘ F(x?)
Rotate 180 degrees , ‘ Predict 180 degrees rotation (y=2) |

Rotated iae: X*

ConvNet p Maximize prob.

> g(X,y=3) — ]

model F(.) (X% ‘
Rotate 270 degrees Rated image: X° ‘ frediﬂzmjeg“’f rotiﬁon (l::” i
Doersch, Carl, Abhinav Gupta, and Alexei A. Efros. "Unsupervised visual Gidaris, Spyros, Praveer Singh, and Nikos Komodakis. "Unsupervised
representation learning by context prediction." Proceedings of the IEEE representation learning by predicting image rotations." arXiv preprint
international conference on computer vision. 2015. arXiv:1803.07728 (2018).
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Predictive Learning Framework

Learning Signal | _ _ _ _
* Prediction model predicts future time steps @
* Prediction error improves prediction performance
through gradient descend.

* Self-supervised training

t t+1
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Basic Predictive Learning Framework

class Model(nn.Module):
def __init_ (self):
super(Model, self)._ init_ ()
self.convl = nn.Conv2d(3,16, (3,3), stride=1, padding=1)

self.conv2 = nn.Conv2d(16,16, (3,3), stride=1, padding=1)
self.conv3 nn.Conv2d(16,3, (3,3), stride=1, padding=1)

self.loss_fn nn.MSELoss ()

def forward(self, x):

net F.relu(self.convl(x))
net F.relu(self.conv2(net))
net self.conv3(net)

net

model = Model()

x = torch.randn((1, 3, 224, 224))
y = torch.randn((1, 3, 224, 224))
pred = model(x)

loss = model.loss _fn(pred, y)

Learning Signal

t+1
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Basic Predictive Learning Framework

Learning Signal

Naive approach
e Use FFN (MLP/CNN) on raw input.

|

|

|

|

. . I
* Transform current perceptual input to future input. |
|

|

|

|

|

* Loss signal trains the predictive function.
Problems .

* Too much noise in input signal

* High space and time complexity

t t+1
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Basic Predictive Learning Framework

class Model(nn.Module):

def _init_(self):
super(Model, self). init ()
self.encoder = nn.Sequential(nn.Conv2d(3,16,
nn.Conv2d(16,32,

nn.Conv2d(32,64,
nn.Flatten())

self.predictor = nn.Linear (256, 256)

self.loss_fn = nn.MSELoss()
forward(self, x, y):

x_features = self.encoder(x)
y_features = self.encoder(y)

pred = self.predictor(x_features)

pred, y_features

model = Model()

torch.randn((1, 3, 224, 224))
torch.randn((1, 3, 224, 224))
pred, y features = model(x, y)
model.loss_fn(pred, y_features)

3), 1), nn.ReLU(), nn.AvgPool2d((4,4), 4),
3), 1), nn.ReLU(), nn.AvgPool2d((4,4), 4),
3), 1), nn.ReLU(), nn.AvgPool2d((4,4), 4),

Learning Signal

Features

Features

t+1
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Basic Predictive Learning Framework

Learning Signal

Solution
* Use atrainable feature extractor.

* Transform current features to future features.

* Loss signal trains the predictive function and

feature extractor.

Features Features

* Limited temporal receptive field

* Model requires features from the past to accurately

dict the fut
predict the future n 1
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Basic Predictive Learning Framework

A

Cell

@

Forget Gate Input Gate

Neural
Netwark Layer

Output Gate
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Mounir, Ramy, Redwan Algasemi, and Rajiv Dubey. "Speech Assistance for Persons With Speech

Impediments Using Artificial Neural Networks." ASME 2017 International Mechanical Engineering
Congress and Exposition. American Society of Mechanical Engineers Digital Collection, 2017.
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Basic Predictive Learning Framework

Learning
Signal

®)
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t-3
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t-1
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Basic Predictive Learning Framework

class Model(nn.Module):

def __init__ (self):

super(Model, self). init ()

Learning

Signal
self.encoder = nn.Sequential(nn.Conv2d(3,16, 1), nn.RelLU(), nn.AvgPool2d((4,4), 4), &

(3,3),
nn.Conv2d(16,32, (3,3), 1), nn.RelU(), nn.AvgPool2d((4,4), 4),
nn.Conv2d(32,64, (3,3), 1), nn.RelLU(), nn.AvgPool2d((4,4), 4),
nn.Flatten())

self.predictor = nn.GRU(256, 256, 1)

self.loss_fn = nn.MSELoss() D /_\ /_\ D D

forward(self, x, y):

x_features = self.encoder(x).unsqueeze(1l)
y_features = self.encoder(y).unsqueeze(1l)
_, h = self.predictor(x_features)

h, y_features

model = Model()

x = torch.randn((4, 3, 224,

y = torch.randn((1, 3, 224,

pred, y_features = model(x,

loss = model.loss fn(pred, y features)

18



Basic Predictive Learning Framework

Solution — — Learning

. . Signal
* Use recurrent model with @

iInternal memory.

Problems

* Unit of tis undefined.

* Different timescales. D D D D D

t-3 t-2 t-1 t t+1

19



Basic Predictive Learning Framework

Solution @

Build hierarchical model @ @
Represent multiple @ @

timescales @ @ @ @ @ @

Problems

* How many levels? D D D D D D

* Temporal pooling?

t-3 t-2 t-1 t t+1 t+2
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l consider a two layer network

Cﬂjzﬂ

Actual

Predicted

Lotter, W., Kreiman, G., & Cox, D. (2016). Deep predictive coding networks for video
prediction and unsupervised learning. arXiv preprint arXiv:1605.08104.
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HPNet Architecture

k=21 k=23 k=25 k=27 k=29 k=31 k=33 k=35 k=37 k=39

GT

B-B

B-F

PredRNN++~ PredNet F-F

L9 | .« d

Qiu, J., Huang, G., & Lee, T. S. (2019). A neurally-inspired hierarchical prediction network for
spatiotemporal sequence learning and prediction. arXiv preprint arXiv:1901.09002.
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Importance of Prediction Error

* Prediction error is propagated backwards to train the feature extractor
and the prediction function.

* Prediction error is reasonably indicative of event boundaries, pointing to
the beginning and ending of events.

* The magnitude of prediction error indicates the temporal segmentation
granularity.

e Spatial prediction error can be used for action localization.

23



Importance of Prediction Error

Low prediction error is expected
within an event, given a good

prediction model.

Learning
Signal

24



Importance of Prediction Error

Learning

High prediction error is expected

within an event, given a good

|
|
|
|
prediction model. I@
|
|
|
|
|




Self Supervised Event Segmentation

e LSTM cell for internal memory of event model. Yy
* Error detection implemented as a low pass filter on
prediction error running average. Prodicted Future Inputs Learning Signal
* Gating signal triggered when error is above 1.5 il A;a
times the running average. Event Models P
 Adaptive learning controls learning rate [

Error Detection

' €t+1
It+1

|

1 1
Py(t) = Py(t — 1) + —(Ep(t) = Py(t — 1)) /P emeé’ﬁ‘éi'diic’uﬁﬁf S'ng\_ff“f”_"”f’f"_g”_“i _____ :
f Alearn%-;l
EF(E) L
= b P~ e
0. otherwise

Sensory Inputs
Frames

R

Aakur, S. N., & Sarkar, S. (2019). A perceptual prediction framework for self

supervised event segmentation. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (pp. 1197-1206).
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Self Supervised Event Segmentation

BG Take Bowl Pour Cereals Pour Milk Stir Cereals BG

Ground truth

HTK 1y |

I
ECTC Il
0.05 - ocpc ' NNl = .

ours asTy+ L) [

RNN + No AL

T T T T T Y \
-0.04 -0.02 0.00 0.02 0.04 RNN + AL

0.00 1

—0.05 4

Brake On Screw Wheel Put Things Back
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Self Supervised Event Segmentation

S“perViSiDn Appl‘oach MOF IOU Supervision Apprﬂach MOF Sllpel'ViSiOIl Appl‘ﬂach Fl
HTK(64)[20] 56.3 - . [: ] D70 Full Discriminative Clustering[3] | 41.4%
Full ED-TCN[27] | 433 | 42.0 IDT**[21] 54.3% KNN+GMM[30] + GT | 69.2%
TCFPNE 10] 52.0 54.9 Full S-CNN + LSTM[_ 1 ] 66.6% OCDC + Text Features [(7] 28.9%
GRUL) 605 | - TDRN[?] 68.1% Weak 0CDC [6] 31.8%
ECTC[E ;]] o |2 ST-CNN + Seg[21] | 72.0% KNN+GMM[ 0] 32.2%
Weak Fine2Coarse[2¢] | 33.3 | 47.3 TCN[27] 73.4% Ours (RNN + No AL) 25.9%
TCEPN +ISBA[10] | 38.4 | 40.6 None LSTM + KNN[4] | 54.0% None Ours (RNN + AL) 29.4%
Noe KNN+GMM[30] | 346 | 47.1 Ours (LSTM + AL) | 60.6% Ours (LSTM + No AL) 36.4%
Ours LSTM + AL) | 42.9 | 469 Table 2: Segmentation Results on the 50 Salads dataset, at Ours (LSTM + AL) 39.7%

Table 3: Segmentation Results on the INRIA Instructional
Videos dataset. We report F1 score for fair comparison.

Table 1: Segmentation Results on the Breakfast Action
dataset. MoF refers to the Mean over Frames metric and
IoU is the Intersection over Union metric.

granularity ‘Eval‘. **Models were intentionally reported
without temporal constraints for ablative studies.
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Predicted Future Inputs W
Yi

Wildlife Extended Videos

Event Models
h
. A
* Bahdanau attention is used to -
©
visualize the location of the bird. ( >
* Motion-weighted loss is used instead gietion } ( Spatio-Temporal
o A Error Detection
of pure prediction loss.
L ! AN OY- ! n&H2112 ! :
€t — ||(It+l — )77 O( t+1 — Ii)" H I T I
Perceptual Processing Learning Signal E
Encoder unit =0 oo -- ’
Oet 1
Alearﬂmp
I Iy

Sensory Inputs
Frames

Mounir, R., Gula, R., Theuerkauf, J., & Sarkar, S. (2020). Temporal Event Segmentation using
Attention-based Perceptual Prediction Model for Continual Learning. arXiv preprint 29
arXiv:2005.02463.



Wildlife Extended Videos

Frame Level Event Segmentation ROC

Prediction Loss Motion Weighted Loss
1 e e — 1.0
0.8 Y- R e
-------- LSTM+ATTN, i = 0
—_ —— LSTM+ATTN, ¢ = 500 —
© 0.6 ---- LSTM+ATTN, ¢ = 1000 0.6 — LSTM+ATTN, ¢ = 500
o | £S5 L LSTM+ATTN+MW, g = 0 o || & | LSTM+ATTN, w = 1000
0.4 LSTM+ATTN+MW, y = 500 | & 0.4 —— LSTM+ATTN+MW, ¢ = 500
05 o EI:+$TE+er @ = 1000 vy LSTM+ATTN+MW, ¢ = 1000
- —— LSTM, g = 500 0.2 —— LSTM, g = 500
0.0 ---- LSTM,y=21000 | |V LSTM, ¢ = 1000
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR) False Positive Rate (FPR)
Activity Level Event Segmentation ROC
Prediction Loss + Adaptive Thresholding Motion Weighted Loss + Adaptive Thresholding
0.95[ | — 0.95-
0.90 0.90
—0.85 —— LSTM+ATTN, ¢ = 0.0010 = 0.85 A7 —— LSTM+ATIN, ¢ = 0.0001
g ----- LSTM+ATTN, ¢ = 0.0060 0 fo= LSTM+ATTN, ¢ = 0.0021
% .80 — LSTM+ATTN+MW, ¢ = 0.0010 | 0,80 —— LSTM+ATTN+MW, ¢ = 0.0001
----- LSTM+ATTN+MW, ¢ = 0.0060 0.75 -—--- LSTM+ATTN+MW, ¢ = 0.0021
0.75 —— LSTM, ¢ = 0.0010 - LSTM, ¢ = 0.0001
ozol T LSTM, ¢ = 0.0060 o70{f LSTM, ¢ = 0.0021
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8

False Positive Rate per Minute (FPR/M) False Positive Rate per Minute (FPR/M)
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Wildlife Extended Videos

Raw Video Frames

Raw Video Frame

Bahdanau Attention

Bahdanau Attention
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Wildlife Extended Videos

Bahdanau Attention Prediction Loss Attention

Raw frames Bahdanay Antention Prediction Loss Attention
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‘

* Pretrained Spatial Region Proposal.

Energy-based Action Localization
* Prediction error peaks filter the
object proposals.

* Energy-based optimization ensures { Pred.ctedFuture.nputs }‘meg&gﬂal

action localization and temporal LSTM Cell
consistency.

Event Models

Spatio-Temporal
Error Detection

€1

I I,
Perceptual Processing Learning Signal :
Encoder unit 0 Ngo-oooooo oo !
N Oetiy
) ] learn 6’11)p
E(Bit) = wa ¢(ij, Bit) + wed(Bit, {Bj,t—1})
It+1
Sensory Inputs
Frames
Aakur, S. N., & Sarkar, S. (2020). Action Localization through Continual Predictive Learning. arXiv 33

preprint arXiv:2003.12185.



Energy-based Action Localization
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Energy-based Action Localization

UCF Sports

JHMDB

THUMOS’13
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Thank you!
Questions?
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