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Beyond inspiration:  
Three lessons from biology on building 

intelligent machines



Inspiration is a good start
…but not enough

Real progress will require gaining a more solid 
understanding of the principles of information 

processing at work in nervous systems.

This is both engineering and biology.



The evolution of eyes 
Land & Fernald (1992)



Three lessons from biology

• Tiny brains 

• Nonlinear processing in dendritic trees 

• Feedback



1. Tiny brains



86 billion neurons
20 Watts

<1 million neurons
< 1 mW



lens eye is indeed specialized for looking up through the water
surface to exploit terrestrial or celestial visual cues.

With this result, it is tempting to speculate that the upper
lens eye is used to detect the mangrove canopy through
Snell’s window, such that the approximately 1 cm large
animals can find their habitat between the mangrove prop
roots and remain there even in the presence of tidal or storm-
water currents. To evaluate the possibility that the upper lens
eye detects the position of the mangrove canopy through
Snell’s window, we made still pictures using a wide-angle
lens looking up through Snell’s window in the natural habitat.
The pictures were taken from just under the surface to make
Snell’s window cover the same area of the surface as seen
by the medusae. In the pictures, it was easy to follow the
mangrove canopy, which shifted from covering most of Snell’s
window to covering just the edge of Snell’s window when the
camera was slowly moved outward to about 20 m away from
the lagoon edge (Figure 2).

To determine what medusae of T. cystophora would see
with their upper lens eyes, we used the optical model [2] of
the eye to calculate the point-spread function of the optics at
different retinal locations. Applying these point-spread func-
tions to still images of Snell’s window in themangrove swamp,
we were able to simulate the retinal image formed in the upper
lens eyes as a jellyfish moves about in the mangrove lagoon.
The results (Figure 2) confirm that despite the severely under-
focused eyes and blurred image [2], the approximately 5 m tall
mangrove canopy can be readily detected at a distance of 4 m
from the lagoon edge and, with some difficulty, can be de-
tected even at a distance of 8 m (detection depends on the
amount of surface ripple and the height of themangrove trees).
These results thus predict that if T. cystophora medusae use
their upper lens eyes to guide them to the correct habitat at
the lagoon edge, then they would swim toward this edge if
they are closer than about 8 m away from it. Also, if they are
farther out in the lagoon, surface ripple and their poor visual

resolution will prevent detection of the mangrove canopy,
and the animals would not be able to determine the direction
to the closest lagoon edge.

Behavioral Assessment of Visual Navigation
Experiments were conducted on wild populations of
T. cystophora medusae in the mangrove lagoons near La
Parguera, Puerto Rico. Preliminary tests demonstrated that if
jellyfish were displaced about 5 m from their habitat at the
lagoon edge, they rapidly swam back to the nearest edge,
independent of compass orientation. To make controlled
experiments, we introduced a clear experimental tank consist-
ing of a cylindrical wall and a flat bottom, open upward, to the
natural habitat under the mangrove canopy. When the tank
was filled with water, it was lightly buoyant such that the walls
extended 1–2 cm above the external water surface, effectively
sealing off the water around the animals but without affecting
the visual surroundings. A group of medusae was released
in the tank, and as long as the tank remained under the canopy,
the medusae showed no directional preference but occasion-
ally bumped into the tank wall. The tank, with the trapped
water andmedusae, was then slowly towed out into the lagoon
from the original position under themangrove canopy. In steps
of 2–4 m, starting at the canopy edge, the positions of the
medusae within the tank were recorded by a video camera
suspended under the tank. At all positions, from the canopy
edge and outward, the medusae ceased feeding and swam
along the edges of the tank, constantly bumping into it, sug-
gesting that they responded to the displacement (Figure 3).
Most importantly, their mean swimming direction differed
significantly from random and coincided with the direction
toward the nearest mangrove trees (Table S1). This behavior
was indicated already at the canopy edge but was strongest
when the tank was placed 2 or 4 m into the lagoon (Figure 3).
At 8 m from the canopy edge, the medusae could still detect

Figure 1. Rhopalial Orientation and Visual Field
of the Upper Lens Eye

(A andB) In freely swimmingmedusae, the rhopa-
lia maintain a constant vertical orientation. When
the medusa changes its body orientation, the
heavy crystal (statolith) in the distal end of the
rhopalium causes the rhopalial stalk to bend
such that the rhopalium remains vertically
oriented. Thus, the upper lens eye (ULE) points
straight upward at all times, irrespective of
body orientation. The rhopalia in focus are situ-
ated on the far side of the medusa and have the
eyes directed to the center of the animal.
(C) Modeling the receptive fields of the most
peripheral photoreceptors in the ULE (the relative
angular sensitivity of all peripheral rim photore-
ceptors are superimposed and normalized ac-
cording to the color template). The demarcated
field of view reveals a near-perfect match to the
size and orientation of Snell’s window (dashed
line).
(D) The visual field of the ULE, of just below 100!,
implies that it monitors the full 180! terrestrial
scene, refracted through Snell’s window. LLE
denotes lower lens eye. Scale bars represent
5 mm in (A) and (B) and 500 mm in insets.

Visual Navigation in Box Jellyfish
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Jumping spider visual system



Jumping spider retina

horizontal section photoreceptor array



Jumping spiders do object recognition



Spider mimicry in flies



Prey capture

• attention
• orienting
• tracking

Turning in jumping spiders 123

was rare, easily recognizable, and confined to stimuli in front of the animal. Because

of the ease with which turning mediated by the principal eye and by the lateral eye

could be distinguished, the principal eyes were not routinely covered.

Target

Fig. 3. Diagram of a turn made by a jumping spider in the 'real world' (a) and in the experi-

mental situation (6). In the latter the animal's prosoma is fixed in space, but the substrate, a

card ring, is movable. The spider, ring and drum are not drawn to scale; i is the stimulus angle,

i.e. the angle between a line joining the target to a point between the postero-lateral eyes and

the spider's longitudinal axis; t is the angle turned by the spider, or the ring.

RESULTS

Turns made by unrestrained animals

Anyone who has watched jumping spiders can confirm that they turn to face moving

objects in one of two ways. They either make a single complete turn which results in

the spider's axis pointing straight towards the source of the movement (fixation), or

they will make one or more much smaller turns of 10-20° which may or may not result

in fixation. Sometimes one sees a combination of the two, with a small turn followed

by a much larger one. If the spider makes a turn which does not result in its axis

coming to within about 30° of the target, nothing more happens, unless the target

moves again, in which case another turn may be made. If the turn does result in

fixation many things may happen: the spider may creep towards it, turn and run

away, or begin a sexual display if the target turns out to be another jumping spider.

126 M. F. LAND

angle (i.e. they lie along a line passing through the origin with a slope of i) and that

the remaining 15 turns are all of less than 300 (see also Fig. 76), and their magnitudes

do not seem to be related to the stimulus angle. Fig. 6 shows the results of a much

more extensive experiment on a single spider, in which turns to the left and right of
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Fig. 5- Plot of the angle the spider turns the ring against the stimulus angle (see Fig. 3). The
stimulus angle is taken as the position of the leading edge of the black square at the midpoint
of each movement. Closed circles are plotted from the record shown in Fig. 4. Open circles
from the companion run to this with the target moving in the opposite direction (left to right).

the animal have been pooled. The histogram shows essentially the same features as

Fig. 5, and confirms that for stimulus angles of 6o° or greater there are two quite

distinct kinds of turns (the histograms of numbers of turns versus angle turned become

bimodal). In over a hundred repetitions of this experiment this result was confirmed:

turns are either close in magnitude to the stimulus angle or they are small.

These two kinds of turns will be referred to in future discussion as complete and

partial turns respectively. For convenience, a complete turn will be denned as one

whose amplitude is greater than half the stimulus angle, and a partial turn less than

half. Where the stimulus angle is less than 6o° it does not seem possible to draw this

distinction, since the histograms of number of turns versus angle turned are unimodal

(Fig. 6).

Notice that complete turns are those which, in the 'real world', would have brought

the spider's body axis to within a few degrees of the target, and thus resulted in

fixation. Partial turns, while always in the direction of the target, would not result in



back of the lure and dangled it on the end of a
human hair from the bend in the rod immediately
above the dish. We positioned the lure 10 mm
above the dish bottom and jiggled it by passing a

current through a hidden magnetic coil every 5 s
until the test spider oriented towards it.

Positioning the lure 10 mm above the dish
meant that the test spider could see the lure from

Figure 1 a-c.

Animal Behaviour, 53, 2260

Navigation

(Tarsitano & Jackson 1997)



One-day old jumping spider
(filmed in the Bower lab, Caltech)



One-day old jumping spider
(filmed in the Bower lab, Caltech)



One-day old jumping spider
(filmed in the Bower lab, Caltech)



…problem solving behavior, language, expert knowledge and 
application, and reason, are all pretty simple once the 
essence of being and reacting are available.  That essence is 
the ability to move around in a dynamic environment, sensing 
the surroundings to a degree sufficient to achieve the 
necessary maintenance of life and reproduction.  This part of 
intelligence is where evolution has concentrated its time--it is 
much harder.

— Rodney Brooks, “Intelligence without representation,” 
Artificial Intelligence (1991)



2. Nonlinear processing in dendritic trees
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A brief history of neural networks
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A brief history of neural networks

2000’s
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be difficult to achieve ([71]; see also Figure 7 in [72]). The
precise lower limit on compartment size in the thin
dendrites of pyramidal cells remains to be determined,
perhaps through the use of voltage-sensitive dyes [73] and
highly focal uncaging techniques [74].

Getting at the inner neuron
What are the implications of these findings for single-
neuron computation? Could there be an underlying prin-
ciple that permits the full complexity of a dendritic tree to
be represented in highly simplified terms? The available
data suggest that the thin terminal branches of the apical
and basal trees of pyramidal cells provide a set of inde-
pendent non-linear ‘subunits’ that sum up their synaptic
inputs and then apply a sigmoidal thresholding non-
linearity to the output. In this scenario, how should the
outputs of multiple subunits be combined to influence
the cell’s overall response? In the few experimental
studies that have addressed the question of location
dependent synaptic summation, so far only involving

simple spatial integration scenarios, the data are most
consistent with a linear or sublinear summation rule for
signals that originate in different dendritic branches
[30,75–78]. Building on these findings, one can formulate
a working model in which the thin branches are the
integrative subunits of pyramidal neurons. According to
this model, each thin-branch subunit sums up its synaptic
drive and then applies a sigmoidal thresholding non-
linearity to the result, and the subunit outputs are
summed linearly within the main trunks and cell body
before output spike generation. This hypothesis is inter-
esting, in that it states that an individual pyramidal
neuron functions something like a conventional two-layer
abstract ‘neural network’ [12], in which the thin dendritic
branches themselves act like classical point neurons
(Figure 3b).

Poirazi and co-workers [79!!] used a detailed CA1 pyr-
amidal cell model [80!] to test the two-layer neural net-
work hypothesis. The authors used a complex set of

Figure 3
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Current Opinion in Neurobiology

Simplified models of pyramidal cells. (a) CA1 pyramidal cell morphology [123]. A grey triangular soma was added for clarity. (b) Two-layer sum-of-
sigmoids model as discussed by Poirazi et al. [79!!]. All thin branches are treated as independent subunits with sigmoidal thresholds whose outputs
are summed linearly in the main trunks and cell body. Small grey circles labelled ai represent subunit weights, which might vary as a function of
location or branch order. (c) A next generation single neuron model could include a multiplicative interaction between proximal and distal integrative
regions of the cell. Overall output of such a three-layer model might be expressed using the form y1 þ ay2.

Dendrites, bug or feature? Häusser and Mel 377

www.current-opinion.com Current Opinion in Neurobiology 2003, 13:372–383

Hausser & Mel (2003)

A single neuron 
may be better 
approximated 
as a multilayer 
neural network
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3. Feedback
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V1 contains a highly recurrent microcircuit
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Hierarchical Bayesian inference in visual cortex 
(Lee & Mumford, 2003)

areas of the image are in shadow. Second, the high-level
knowledge of the identity of an individual suggests that a
face should have certain proportions, as measured from
the low-level data in V1. Both sets of information would
go into the full explanation of the image.

This basic formulation can also capture the interaction
among multiple cortical areas, such as V1, V2, V4, and
the inferotemporal cortex (IT). Note that although feed-
back goes all the way back to the LGN and it is simple to
include the LGN in the scheme, the computational role of
the thalamic nuclei could potentially be quite different.30

Hence we decide not to consider the various thalamic ar-
eas, the LGN, and the nuclei of the pulvinar, in this pic-
ture at present. The formalism that we introduce applies
to any set of cortical areas with arbitrary connections be-
tween them. But for simplicity of exposition, we assume
that our areas are connected like a chain. That is, we as-
sume that each area computes a set of features or beliefs,
which we now call xv1 , xv2 , xv4 , and xIT , and we make
the simplifying assumption that if, in the sequence of
variables (x0 , xv1 , xv2 , xv4 , xIT), any variable is fixed,
then the variables before and after it are conditionally in-
dependent. This means that we can factor the probabil-
ity model for these variables and the evidence x0 as

P!x0 , xv1 , xv2 , xv4 , xIT"

! P!x0!xv1"P!xv1!xv2"P!xv2!xv4"P!xv4!xIT"P!xIT"

and make our model an (undirected) graphical model or
Markov random field based on the chain of variables:

x0 ↔ xv1 ↔ xv2 ↔ xv4 ↔ xIT .

From this it follows that

P!xv1!x0 , xv2 , xv4 , xIT" ! P!x0!xv1"P!xv1!xv2"/Z1 ,

P!xv2!x0 , xv1 , xv4 , xIT" ! P!xv1!xv2"P!xv2!xv4"/Z2 ,

P!xv4!x0 , xv1 , xv2 , xIT" ! P!xv2!xv4"P!xv4!xIT"/Z4 .

More generally, in a graphical model one needs only po-
tentials #(xi , xj) indicating the preferred pairs of values
of directly linked variables xi and xj , and we have

P!xv1!x0 , xv2 , xv4 , xIT"

! #!x0 , xv1"#!xv1 , xv2"/Z!x0 , xv2" ,

P!xv2!x0 , xv1 , xv4 , xIT"

! #!xv1 , xv2"#!xv2 , xv4"/Z!vv1 , xv4",

P!xv4!x0 , xv1 , xv2 , xIT"

! #!xv2 , xv4"#!xv4 , xIT"/Z!xv2 , xIT",

where Z(xi , xj) is a constant needed to normalize the
function to a probability distribution. The potentials
must be learned from experience with the world and con-
stitute the guts of the model. This is a very active area
in machine learning research.4,6,8,19,20

In this framework each cortical area is an expert for in-
ferring certain aspects of the visual scene, but its infer-
ence is constrained by both the bottom-up data coming in
on the feedforward pathway (the first factor in the right-
hand side of each of the above equations) and the top-
down data feeding back (the second factor) [see Fig. 2(a)].

Each cortical area seeks to maximize by competition the
probability of its computed features (or beliefs) xi by com-
bining the top-down and bottom-up data with use of the
above formulas (the Z’s can be ignored). The system as a
whole moves, game theoretically, toward an equilibrium
in which each xi has an optimum value given all the other
x’s. In particular, at each point in time, a distribution of
beliefs exist at each level. Feedback from all higher ar-
eas can ripple back to V1 and cause a shift in the pre-
ferred beliefs computed in V1, which in turn can sharpen
and collapse the belief distribution in the higher areas.
Thus long-latency responses in V1 will tend to reflect in-
creasingly more global feedback from abstract higher-
level features, such as illumination and the segmentation
of the image into major objects. For instance, a faint
edge could turn out to be an important object boundary
after the whole image is interpreted, although the edge
was suppressed as a bit of texture during the first
bottom-up pass. The long-latency responses in IT, on the
other hand, will tend to reflect fine details and more-
precise information about a specific object.

The feedforward input drives the generation of the hy-
potheses, and the feedback from higher inference areas

Fig. 2. (a) Schematic of the proposed hierarchical Bayesian in-
ference framework in the cortex: The different visual areas
(boxes) are linked together as a Markov chain. The activity in
V1, x1 , is influenced by the bottom-up feedforward data x0 and
the probabilistic priors P(x1!x2) fed back from V2. The concept
of a Markov chain is important computationally because each
area is influenced mainly by its direct neighbors. (b) An alter-
native way of implementing hierarchical Bayesian inference by
using particle filtering and belief propagation: B1 and B2 are
bottom-up and top-down beliefs, respectively. They are sets of
numbers that reflect the conditional probabilities of the particles
conditioned on the context that has been incorporated by the be-
lief propagation so far. The top-down beliefs are the responses
of the deep layer pyramidal cells that project backward, and the
bottom-up beliefs are the activities of the responses of the super-
ficial layer pyramidal cells that project to the higher areas. The
potentials # are the synaptic weights at the terminals of the pro-
jecting axons. A hypothesis particle may link a set of particles
spanning several cortical areas, and the probability of this hy-
pothesis particle could be signified by its binding strength via ei-
ther synchrony or rapid synaptic weight changes.
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image
data

‘V1’ ‘V2’ ‘V3’



Generative models

image

output

image

underlying causes

an
al

ys
is synthesis

Discriminative models vs.



20 years of learning about vision: Questions answered, 
questions unanswered, and questions not yet asked.   In: 20 
Years of Computational Neuroscience.  J.M. Bower, Ed. 
(Symposium of the CNS2010 annual meeting)

Lewicki MS, Olshausen BA, Surlykke A, Moss CF (2014)  Scene 
analysis in the natural environment.  Frontiers in Psychology, 5, 
article 199.

Olshausen BA (2014)  Perception as an inference problem.  
In:  The Cognitive Neurosciences V, M. Gazzaniga, R. Mangun, Eds.  
MIT Press.

http://redwood.berkeley.edu/bruno


