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Architecture	of	Visual	Intelligence	and	its	Modules



Who	are	they?
What	is	there?
Where	are	they?
Where	is	Obama’s	foot?
What	are	they	doing?
Why	are	they	doing	it?
Are	they	friends?
How	old	are	they?
Who	is	looking	at	whom?
What	happened	before?
What	will	happen	next?
Search	for	all	the	mirrors
How	many	shoes	can	you	see?

Describe	the	scene

An	image	is	worth	a	million	words



Biologically-inspired	computations	are	powerful

Algorithms, 
solutions

Theories

Technology

Computational models

Tools, hypotheses, 
hardware

Listening to neuronal 
circuits

Decoding activity

Writing-in information

Over millions of years of evolution, “interesting” solutions to 
difficult problems have emerged through changes in neuronal 
circuits

• Hardware and software that work for many decades
• Parallel computation (with serial bottlenecks)
• Reprogrammable architecture
• Low power
• Single-shot learning
• “Discover” structure in data
• Fault tolerance
• Robustness to sensory transformations
• Component interaction and integration of sensory modalities



Bottom-up	models	of	object	recognition	(the	first	~100-
150	ms)

Krizhevsky et	al,	NIPS	2012

Serre	et	al	2007

Fukushima,	Mel,	
Olshausen,	LeCun,	
Riesenhuber,	Rolls,	
DiCarlo,	…	

Deep	convolutional	networks



There	is	more.	Much	more.	

Felleman and Van Essen 1991

A	schematic diagram	
of	visual	cortex	
connections	in	
macaque	monkeys

State-of-the-art	
computer	vision	
architectures	mimic	a	
small	fraction	of	visual	
cortex

There	is	much	more	to	
visual	cortex.	And	
there	is	the	rest	of	the	
brain	…



Visual cognition: a sequence of routines

Shimon Ullman. 1984. Visual routines

– Step 1. Bottom-up representation of the environment

– Step 2. Visual routines, sequences of elementary operations à
Using a fixed set of basic operations, the visual system can 
assemble different routines to extract an unbounded variety of 
shape properties and spatial relations



Visual cognition: a sequence of routines

Operations

Candidate	labels	for	foveated region

Candidate	representation	of	the	periphery

Inference	and	pattern	completion

Select	target	for	active	sampling	(eye	movements)

Determine	spatial	relations

Divide	et	impera

Temporal	comparisons

Store	information

Retrieve	previously	stored	information

Make	temporal	predictions



Visual cognition: a sequence of routines

1. Extract	initial	sensory	map	 à Call	VisualSampling
2. Propose	image	gist	 à Call	RapidPeripheralAssessment
3. Propose	foveal	objects	 à Call	FovealRecognition
4. Inference	from	1+2+3	 à Call	PatternCompletion
5. Temporary	information	storage	 à Call VisualBuffer
6. Task-dependent	sampling	 à Call	TargetAttentionProposal
7. Active	sampling	 à Call	EyeMovementImplementation
8. Detect	people	 à Call	PeopleDetection
9. Determine	spatial	relationships	 à Call	SpatialRelationships
10. Repeat	steps	3+4+5
11. Repeat		steps	6-7
12. Repeat	8-9
13. Got	answer?	 à Call	TaskTerminationDecision
14. If	satisfactory,	answer	the	question	à Call	TaskReport

What	are	they	doing?	



Visual cognition: a sequence of routines

1. Extract	initial	sensory	map	 à Call	initial sampling
2. Propose	image	gist	 à Call	rapid peripheral assessment

3. Propose	foveal	objects	
[PreliminaryLabels]=FovealRecognition(SensoryInput, History)
i. Query	V1,	V2,	V4,	PIT,	AIT	from SensoryInput
ii. Integrate	with	temporal	context	from	History
iii. Integrate	with	spatial	context	from	History
iv. Select	specific	classifier
v. Upload	information	to	classifier
vi. Propose	initial	labels	à PreliminaryLabels

4. Inference	from	1+2+3	 à Call	pattern completion
5. Temporary	information	storage	 à Call visual buffer
6. Task-dependent	sampling	 à Call	target eye movement proposal
7. Active	sampling	 à Call	eye movement implementation
8. Detect	people	 à Call	people detection
9. Determine	basic	spatial	relationships	 à Call	spatial relationships
10. Repeat	steps	3+4+5
11. Repeat		steps	6-7
12. Repeat	8-9
13. Got	answer	 à Call	task termination evaluation
14. If	satisfactory,	answer	the	question	 à Call	task report

What	are	they	doing?	



Language,	symbols,	abstractions,	context,	plans [Module	4]

Example	problem:	What	are they	doing?
Visual	routines:	Interpreting	the	task/goal



Example	problem:	 What	are	they	doing?
Visual	routines:	Initial	glimpse
Detecting	objects	near	fixation,	getting	the	gist	of	a	scene
[Module	1]	
Ventral	visual	cortex
~150	ms

VisualSampling

PeripheralAssessment

FovealRecognition

PatternCompletion



Active	sampling	via	eye	movements



Eye	movements

Subject	1 Subject	2 Subject	3

Subject	4 Subject	5 Subject	6

10	deg



Bottom-up	saliency,	Common	sense	knowledge,	Visual	search	(faces,	gaze,	actions)
Interactions	between	ventral	visual	cortex	and	pre-frontal	cortex
150-250	ms

VisualBuffer

TargetAttention

EyeMovement

Example	problem:	What	are	they	doing?
Visual	routines:	Where	to	look	next?



Object	recognition,	Working	memory
Interactions	between	ventral	visual	cortex,	pre-frontal	cortex,	MTL
200-350	ms

Example	problem:	What	are	they	doing?
Visual	routines:	Recognition,	Spatiotemporal	relationships

PeopleDetection

SpatialRelationships

FovealRecognition

PeripheralAssessment



Bottom-up	saliency,	Common	sense	knowledge,	Visual	search	(faces,	gaze,	actions)
Interactions	between	ventral	visual	cortex	and	pre-frontal	cortex
350-400	ms

Example	problem:	What	are	they	doing?
Visual	routines:	Where	to	look	next?

VisualBuffer

TargetAttention

EyeMovement



Illusion	of	full	image	understanding
When	to	stop?	
Cast	an	answer

Example	problem:	What	are	they	doing?	
Visual routines:	decision	making	and	output

TaskTermination

TaskReport



Why are there so many feedback and recurrent 
connections?

Markov et al 2014

V2

There are more horizontal + top-down projections than 
bottom-up ones (e.g. Douglas 2004, Callaway 2004)

What are feedback/recurrent signals doing? 
When?
Why?
How?  



Visual cognition: a sequence of routines

Operations

Candidate	labels	for	foveated region

Candidate	representation	of	the	periphery

Inference	and	pattern	completion

Select	target	for	active	sampling	(eye	movements)

Determine	spatial	relations

Divide	et	impera

Temporal	comparisons

Store	information

Retrieve	previously	stored	information

Make	temporal	predictions



Visual cognition: a sequence of routines

1. Extract	initial	sensory	map	 à Call	initial sampling
2. Propose	image	gist	 à Call	rapid peripheral assessment
3. Propose	foveal	objects	 à Call	foveal recognition
4. Inference	from	1+2+3	 à Call	pattern completion
5. Temporary	information	storage	 à Call visual buffer
6. Task-dependent	sampling	 à Call	target eye movement proposal
7. Active	sampling	 à Call	eye movement implementation
8. Detect	people	 à Call	people detection
9. Determine	basic	spatial	relationships	à Call	spatial relationships
10. Repeat	steps	3+4+5
11. Repeat		steps	6-7
12. Repeat	8-9
13. Got	answer	 à Call	task termination evaluation
14. If	satisfactory,	answer	the	question	à Call	task report

What	are	they	doing?	



There	is	more.	Much	more.	

Felleman and Van Essen 1991

A	schematic diagram	
of	visual	cortex	
connections	in	
macaque	monkeys

State-of-the-art	
computer	vision	
architectures	mimic	a	
small	fraction	of	visual	
cortex

There	are	recurrent	
connections	at	every	
processing	stage



Pattern	completion	is	a	hallmark	of	intelligence

A, C, E, G, 

1, 2, 3, 5, 7, 11, 

Even though it was raining heavily, 
Jonathan decided to go out without 
an …

V-s-a- R-c-g-i-i-n

I

13

Visual Recognition

Umbrella

Also: 
Other sensory modalities
Music
Reading a story
Social interactions



Objects	can	be	recognized	from	partial	information

20	bubbles

10	bubbles

6	bubbles

4	bubbles



Evaluating	pattern	completion
20	bubbles

10	bubbles

6	bubbles

4	bubbles

Hanlin	Tang,	Bill	Lotter,	Martin	Schrimpf



Strong robustness to limited visibility



• Short	delays	(SOA<20ms):	mask	reduces	visibility

• Longer	delays:	mask	is	purported	to	disrupt	recurrent/top-down	processing

Backward masking interrupts processing 
(presumably of feedback/recurrent computations)

Models: Masks:

Lamme V,	Roelfsema P	(2000)

V1:	Bridgeman	1980,	Maknik and	Livinsgtone 1998,	Lamme et	al	2002
IT:	Kovacs	et	al	1995,	Rolls	et	al	1999



Evaluating	pattern	completion	abilities

20	bubbles

10	bubbles

6	bubbles

4	bubbles



Backward masking disrupts pattern completion



Backward	masking	also	disrupts	recognition	of	
occluded	objects

Bregman	1981



Peeking inside the human brain

•Patients with pharmacologically intractable epilepsy
•Multiple electrodes implanted to localize seizure focus

•Patients stay in the hospital for about 7-10 days

•All experiments are approved by the Institutional Review Boards

•All testing is performed with the subjects’ consent

Neurosurgeons: William Anderson, Joseph Madsen, Itzhak Fried

Time (sec)

V 
(μ

V)



Reliable, selective and rapid responses in human inferior 
temporal cortex

Inferior temporal gyrus

Tang et al 2014



Visual selectivity along the human ventral visual cortex

2205 electrodes
27 subjects

Main areas showing visual 
selectivity
Inferior-occipital gyrus
Fusiform gyrus
Medial temporal gyrus
Inferior temporal gyrus
Temporal pole

Agam, Liu, Singer, Tang
Gross, Desimone, Logothetis, Richmond, 
Tanaka, DiCarlo, Rolls, Connors, Ito, Vogels



Example	responses	during	object	completion

Inferior Temporal Gyrus Tang	et	al,	2014



The	behavioral	effect	of	masking	correlated	with	the	
neural	response	latency	on	an	image-by-image	basis



Bottom-up	models	significantly	underperform	in	
recognition	of	partial	images

See	also	Pepik et	al	2015,	Wyatte	et	al	2012



Every	feed-forward	model	that	we	tested	is	well	below	
humans	in	pattern	completion



At	higher	levels	of	visibility,	feed-forward	models	
capture	human	performance



2D	object	representation	at	the	top	of	the	model	
hierarchy	is	not	robust	to	occlusion

Stochastic	neighborhood	embedding.	Van	der	Maaten 2008



The	neural	latency	for	each	image	was	correlated	with	
the	distance	to	category	center



Hopfield	network	with	binary	neurons

Each neuron i has two states: Vi=0 or Vi=1

V = [V1,V2 ,...,VN ]Ensemble: 

Synaptic strength: Tij

If two neurons are not connected: Tij=0

No self connections: Tii=0

V=V(t)

Tij
j
∑ Vj (t) > 0Update	rule: Vi(t)=1 iff	

Note:

Hopfield,	1982



A	recurrent	network	may	ameliorate	the	
problem	of	missing	information

p = prototypes  (fixed)



Recurrent	Hopfield	network	(RNNh)	improves	
recognition	performance	for	partial	images

NOTE:			0	free	parameters



Training	with	occluded	objects	leads	to	matching	
human	performance	in	pattern	completion



Temporal	evolution	in	recurrent	networks



Correlation	between	RNN	models	and	human	
performance	for	individual	objects



Recurrent	neural	networks	match	human	
performance	in	pattern	completion



Pattern completion with novel objects



Computational model results for the novel objects



Visual cognition: a sequence of routines

Operations

Candidate	labels	for	foveated region

Candidate	representation	of	the	periphery

Inference	and	pattern	completion

Select	target	for	active	sampling	(eye	movements)

Determine	spatial	relations

Divide	et	impera

Temporal	comparisons

Store	information

Retrieve	previously	stored	information

Make	spatiotemporal	predictions



There	is	more.	Much	more.	

Felleman and Van Essen 1991

A	schematic diagram	
of	visual	cortex	
connections	in	
macaque	monkeys

State-of-the-art	
computer	vision	
architectures	mimic	a	
small	fraction	of	visual	
cortex

There	are	ubiquitous	
top-down	connections	
throughout	this	
architecture



Neurophysiology led the way to basic filters

Hubel – Nobel Lecture
Hubel and Wiesel 1968 

Orientation selectivity
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Reversible inactivation of feedback signals (from 
V2/V3 to V1)

Camille	Gomez-Laberge,	JoJo Nassi and	Richard	Born



Nassi et al 2013, Gomez-Laberge et al 2014, 2016

Feedback inactivation does not change 
orientation or direction selectivity



Composite
1.5 columns
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Feedback inactivation leads to reduced surround 
suppression
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Stimulus diameter (degrees)
Nassi et al 2013, Gomez-Laberge et al 2014, 2016 Recurrent	connections	also	contribute	to	surround	

suppression	(Adesnik et	al	2012)



Feedback inactivation effects are delayed

Nassi et al 2013, Gomez-Laberge et al 2014, 2016



Composite
1.5 columns

B

A simple normalization model to explain area 
summation curves

RROG (x) = R0 +
D(x)

σ + N(x)

RROG (x) = R0 +
kD[wDerf (x / 2wD )

2 ]
σ + kN [wNerf (x / 2wN )

2 ]



Deep Learning Implementation of Predictive Coding

Essential elements:
– “Representation” 

neurons:  hold “state of 
world”

– Predictions

– Targets

– “Error” neurons

Lotter	et	al	2015,	2016



Testing the model on natural video sequences

Trained on KITTI Dataset (Geiger et al. 2013)
Tested on CalTech Pedestrian Dataset (Dollar et al. 2009) Lotter	et	al	2015,	2016



Removing feedback signals leads to reduced surround 
suppression

X

X

Lotter	et	al	2015,	2016

Monkey	V1

Prednet Model	E0



Training for prediction à successful image classification

Lotter	et	al	2015,	2016



Visual cognition: a sequence of routines

Operations

Candidate	labels	for	foveated region

Candidate	representation	of	the	periphery

Inference	and	pattern	completion

Select	target	for	active	sampling	(eye	movements)

Determine	spatial	relations

Divide	et	impera

Temporal	comparisons

Store	information

Retrieve	previously	stored	information

Make	spatiotemporal	predictions



Visual search

Miconi	et	al,	2016



Feedback 
signals in 
visual 
search

Miconi	et	al,	2016



The model can find objects in cluttered images

Thomas	Miconi,	Laura	Groomes



The model’s performance is comparable to human 
behavior

Thomas	Miconi,	Laura	Groomes



Further comparisons between humans and model



Cat
s

Fixation
(500	ms)

Target	
presentation
(1500	ms)

Delay
(500	ms)

Array	
presentation
(until	target	
found)

5	
de

gr
ee
s

Mengmi Zhang

Invariance	in	visual	search



VGG-16
(30th layer)

VGG-16
(30th layer)

Weight	
shared
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224
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y

Stimuli	
Array

ArrayPos1
ArrayPos2
ArrayPos3
ArrayPos4
ArrayPos5
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Inhibition	of	
Return

224

224

Top-down	
stream

Bottom-up	
stream

Action	Space

Invariance	in	visual	search	-- Model

Mengmi Zhang



Invariance	in	visual	search	– Example

Mengmi Zhang



Invariance	in	visual	search	-- Performance

Mengmi Zhang



Invariance	in	visual	search	(Natural	images)

Mengmi Zhang



Invariance	in	visual	search	(Natural	images)

Mengmi Zhang



Visual cognition: a sequence of routines

Operations

Candidate	labels	for	foveated region

Candidate	representation	of	the	periphery

Inference	and	pattern	completion

Select	target	for	active	sampling	(eye	movements)

Determine	spatial	relations

Divide	et	impera

Temporal	comparisons

Store	information

Retrieve	previously	stored	information

Make	spatiotemporal	predictions



Context example 1



Context example 2



Context example 3



Context example 4



Context example 5
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Moving forward

1. Other	cues	(e.g.	stereo,	what	is	in	front	of	what,	context,	world	knowledge)
a. Stereo	cues,	what	is	in	front	of	what
b. Context
c. World	knowledge (people	sit	on	chairs,	things	fall	if	there	is	no	support,	kitchens	

may	have	coffeemakers	but	not	giraffes)

2. How	to	integrate	information	across	space	and	time	to	understand	a	scene
a. Integrating	fovea	and	periphery
b. Integrating	information	across	saccades

3. The	role	of	memory	
a. To	compare	sensory	inputs	to	stored	representations
b. Working	memory



Computational roles of recurrent/feedback signals

1. Pattern completion (recurrent computations)
2. Predictive coding (feedback computations)

2.1	Surround	suppression

2.2	Predicting	the	next	frame	in	video	sequences	

2.3	Predicting	eye	movements	during	visual	search

2.4	The	role	of	contextual	information	in	visual	recognition



Context	matters

Martin	Schrimpf



Context	leads	to	better	educated	guessing

Martin	Schrimpf



Backward	masking	disrupts	object	recognition

Martin	Schrimpf



From biological codes to computational codes

Biological	
codes

Computer	
codes





Summary

Pattern completion: Recurrent 
connections can help recognize heavily 
occluded objects and make inferences 
from partial information

Feedback signals enhance surround 
suppression and may provide a signal for 
predictive coding that can help in 
unsupervised learning



Holistic	responses	(?)



Model performance in masking experiment

%	Occlusion

Pe
rfo
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Unmasked Masked



We can interrogate neural circuits in the 
human brain



Figure S4: Performance of the RNN1 model 
Using the same format and conventions as in Figure 6C, we show performance as a function of object visibility for the RNN1 model. The performance of 
the fc7 model and human performance are copied from Figure 6C for comparison purposes. 

Supplementary	Figure	4



Figure S5: Dynamic evolution of the feature representation for RNNh.
Using the same format and conventions from Figure 6B, this figure uses tSNE to visualize the dynamic evolution of the feature representation for the 
RNNh model at 3 time points (t=0, t=16 and t=256). Over time, the representation of the partial images (filled circles) approach the correct category in the 
corresponding clusters for the whole images (empty circles).

Supplementary	Figure	5



Methods	to	study	the	brain	at	different	scales

Kreiman.	Physics	of	Life	Reviews 2004



Peeking inside the brain

Newsome	et	al (1989)
Nature 341:52-54

Kuffler,	S.	(1953)
J.	Neurophys.	16:	37-68Hubel	and	Wiesel	(1959)	J.	

Physiol.	148:	574-591

Desimone et al (1984)
J. Neurosci. 4:2051-2062



Ò

Key canons of visual recognition

1. Selectivity 2. Tolerance (scale, position, etc.)

3. Speed (~100-200 ms) 4. Inference

Similar,
yet distinct

Different,
yet similarÒÓ =≈ ✚

★
♩♪



The model can find objects in cluttered images



Feedback 
signals in 
visual 
search

Miconi	et	al,	2016



The model can find objects in cluttered images



Further comparisons between humans and model



Computational roles of recurrent/feedback signals

1. Pattern completion (recurrent computations)
2. Predictive coding (feedback computations)

Image	by	Hanlin	Tang



Looking	at	Gabor	Tuning	in	Network

CV	=	1	– R
r_k:		firing	rate	at	that	
angle



First	Layer	of	
Network

Highest	Layer	in	
Network



Compared	to	Random	Initial	
Weights



More Quantitative Evaluation

CalTech Pedestrian 



Assessing Representation:  Decoding Steering Angle



Electrode types for invasive recordings

1 à Low impedance macro contacts (< 1 kΩ)

2 à High impedance microwires (~ 1MOhm)

•Subdural (occipito-temporal cortex, frontal cortex)

•Large coverage

1 2



Performance	for	occluded	objects



A simple model for simple cells

A feed-forward model for orientation selectivity in V1
(by no means the only model)



Multiple Time Step Prediction



A C DB

E G HF

0.04° (p = 0.01)

p = 0.7 p = 0.2 p = 0.8 p = 0.006

5 s-1 (p = 0.06) 0.08 (p < 0.001)7 s-1 (p < 0.001)

Feedback increases the normalization width: wN



Calculation of PredNet states



Multiple Time Step Prediction



Predictive coding in visual cortex

Rao and	Ballard,	1999


