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Why we use attentional processing in machine vision systems.


My motivation for this project

e Attempt to understand the benefits of
attention for machine vision in a general setting

e Attempt to understand the principles behind
its emergence in biology
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Photoreceptors in other animals:
visual streaks and beyond
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Alces = moose, carprelous = deer, ammotragus = goat, raphicerus campestris = steenbook, tragulus = mouse deer


Further retinal structure:
chromatic vision concentrated outside area centralis

Percentage of cone population which is S-type in flattened retinae
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Anhelt et al., “Independent variation of retinal S and M cone photoreceptor
topographies: A survey of four families of mammals”, Visual Neuroscience,
2006.



Okay, zoologist.
a commoh concern

e |f attention is a way to focus processing on a
subset of the input, why should machine
vision scientists care?

 We can just throw more hardware at the
problem.



Availability of computational power

Moore’s Law

The Fifth Paradigm Logarithmic Plot
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Biology evolved more hardware. But it still focused it selectively.


A possible explanation

e “The streak, or any other distribution, is rather
seen as minimising redundancy only for a
subset of the image ... [not] significant in the
animal’s lifestyle.”

A. Hughes, Letter to the Editors of Vision Research, 1981.



Uneven retinal sampling =
compression code?

“relative entropy ... is the
maximum compression possible ...
One minus the relative entropy is
the redundancy.”

— C. Shannon, The Mathematical Theory
of Communication, 1948.

the information relevant to the animal is represented more efficiently by
uneven sampling



Why should we compress some visual
information?

 Higher spatial acuity in some areas means
potentially better decision making on subsets of
the input which are important behaviorally

e No matter how much hardware you have, it’s
probably better to focus it (as naturally selected
in Animalia), because it gives you a better system
without additional mechanical cost

e Can we quantify this?



Unpacking this in a restricted case:
the advantage of spatial attention for
object detection




Disclaimer: attention

e Definition: Preferential allocation of more
processing resources to some sensory input
(e.g., more processors, more firing, more
neurons, etc.).



Begin with a toy experiment
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Pedestrian detection: Recall at several detection thresholds

i Pedestrian Detection: Precision, TPs, and FPs
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Fig. 1. Result of running detector over entire video. As the number of windows

processed per frame increases, recall rate increases (left), while precision rate

decreases (right). Left: curves for different settings of the SVM detection threshold.

Recall = fraction of targets detected
Precision = fraction of detections which are targets

As more “fixation windows” are processed, precision decreases since the false




The catch

* So you make more mistakes if you process
unlikely target locations in the exact same fashion
as you process likely target locations.

 But— what if you bias detectors, i.e. reflect this
reduced likelihood of being a target via
modulation by the prior. Then what?

* Yes, in that case it’s better to process the whole
scene.



But what if you can make more accurate
detections when you make fewer of them?

e This just reflects a conversation of
computational resources: you can either make

more, less accurate detections, or fewer, more
accurate ones.

 Then, it again becomes better to process the
most likely locations.

e How? It gets messy.



Begin with a simple model

1. The visual world is observed.

2. Locations in the scene are prioritized.

3. Some number of locations is
\ processed by object detectors

4. The behavior of the system depends
on the reliability of these detections.




— How image locations are prioritized (including
whether the prioritization is due to bottom-up or
top-down effects)

— How visual processing is carried out exactly

 We will only examine logical conclusions of
such a model.



Some modeling assumptions

1. On statistics of detector output

. On how “information content” of a detector
is measured

. On how this “information content” degrades
with number of detectors employed

. Nature of location prioritization



p(target {present,absent}).

Assume: D is a real value, and that the conditionals are normal.
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=1 or +1

H(o) = log(oVv2me) Larger o =>
less informative
I(c) = Hy— H(o)




3. How o increases with number of
detectors employed

* Let’s model our computational resource as having a fixed number of
computational “nodes”.
* How should performance degrade if we use only some of them to compute?
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using 4 computational nodes using 1 computational node
per detector => can have per detector => can have

many detectors even more, weaker detectors



Assume: Logarithmic information
content loss

e Suppose each node can encode one possible
state in an ensemble. Then R nodes can
encode log(R) bits, and R/s nodes can encode
log(R/s)=log(R) — log(s) bits.

e This is a ‘sparse’ coding scheme (evidence
from V1 to Hippocampus)



How this translates to increasing o

e If we use all R resource nodes to perform a
detection, let’s say we have a detector which
has output Gaussian with entropy Hy.
corresponding to opr.

e Then if we use just R/s nodes, our output
should be log(s) bits more entropic, meaning

Opr, = 5°Opr,



Expected Number of Targets in First w Windows
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From experiment:

Average number of targets in first F windows
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Based on priority-model param
k, compute probability each
location has a target, and flip a
coin to decide if it does.

Pick a number of locations, N, and
expected number of targets in
scene, n.

Reach maximum likelihood Pick a number of windows w to

conclusion (detect, not detect) at process. This modulates the
each window based on detector standard deviation of detector

output and prior probability (from output based on window
k-parameterized priority model). content.

Count up false positive and false negatives, and report
average over many trials.




w*(a) = arg min {aE[FPC(w)| 4+ (1 — a)E[FNC(w)|}

# of windows processed in a frame
average # of target-containing windows in a frame

poverty of prior information =-lower k, better a priori sorting of windows
standard deviation of detector output, if only one detector is used
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Fig. 6. The optimal number of windows out of 100 to process, for increasing «,

the importance of avoiding false positives relative to false negatives. sigmal= o pr,
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Compute. Before, P(d=0) P(d=1). After, p(d=0) p(d=1). Why does this fall off? The gaussian detectors still contain some information in principle, but they are too similar, and the decision collapses to the prior. 


Conclusions

e We see that in the animal kingdom, selective,
overt visual attention has emerged in species of
all brain sizes.

 We present a model which can choose between
processing all locations or only the most
important given a fixed resource.

e We conclude that, in animal or machine, selective
spatial attention to subsets of the visual input is
always preferable to the lack thereof.
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What next?


Thanks for listening! Questions?
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