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Vision as unconscious inference

Hermann von Helmholtz
(1821-1894)

Ḥasan Ibn al-Haytham
(965-1040)

Analysis by synthesis

figure from Stefanics et al., 2014

Bayesian brain



Reading

• Vul, E., Alvarez, G., Tenenbaum, J. B., & Black, M. J. (2009). Explaining 
human multiple object tracking as resource-constrained approximate 
inference in a dynamic probabilistic model. [link]
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http://papers.nips.cc/paper/3828-explaining-human-multiple-object-tracking-as-resource-constrained-approximate-inference-in-a-dynamic-probabilistic-model.pdf
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Cognitive capacity limitations during MOT

The ability to track multiple objects is highly capacity-limited: As more 
objects need to be tracked, tracking accuracy decreases. What limits 
our ability to track objects? 

Several hypotheses have been entertained:

• Number of objects is limited (fixed slots hypothesis).

• Limitation on a flexible cognitive resource like attention or memory.

• What appears as a cognitive resource limitation, may be explained 
from the structure of the task itself and sensory noise.
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Figures 1&2 from Vul et al., 2009

• Accuracy decreases as more objects 
are tracked

• Accuracy increases if objects move 
slower

• Accuracy increases if objects are 
further apart from each other



Model assumptions

• Human behaviour in a MOT task can be described by a Bayesian 
tracking framework

• Humans have a generative model of the objects motion and how they 
produce the observations.

• Optimal tracking: We assume that the humans’ internal generative 
model is the same as the one that produced the observations.

• The evidence (observations) is then used to infer a posterior over the 
latent variables in the generative model (object position and speed)
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Generative model for one object

Ornstein-Uhlenbeck process 
(“Brownian motion on a spring”)
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spring constant

friction



Generative Model
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[0.3, 0.1], [-0.04, 0.03]
[-0.3, 0.8], [0.05, -0.01]

mt: “unlabeled” bag of observations

St: state of tracked objects (position and velocity)

object1: 
• position: [-0.3, 0.8]
• velocity: [0.05, -0.01]
object 2: 
• position: [0.3, 0.1]
• velocity: [-0.04, 0.03]

γt: permutation vector

Example

St 

[2, 1]γt 

mt



Inference with the generative model
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mt: “unlabeled” bag of observations

St: state of tracked objects (position and velocity)

observed

hidden

fixed/hyperparameters

γt: permutation vector

Given my all observations m0 

until mt, what should my belief 
St be?



Inference with the generative model
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mt: “unlabeled” bag of observations

St: state of tracked objects

observed

hidden

fixed/hyperparameters

γt: permutation vector

-> Given my last belief about the position and velocity of the 
objects (St-1) and the new observations mt, what should my new 
belief St be?

Given my all observations m0 until mt, what should my belief St be?

Markov condition

The posterior factorizes into two components:

belief about assignment of 
observation to objects

updated position/speed
for each object given
the assignments



Intuitions for the particle filter
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prediction: belief about 
object position/speed at 
time t based on the last  
belief St-1.

observation

a
b

2

1

proposal distribution
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a b

21

b a
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a b

21

b a

updated beliefs St

(via Kalman filter)

Importance weight per particle: 
how representative is it for the 
posterior

The posterior is approximated 
with a set of particles. Each 
particle is a hypothesis of St 
and γt



Observation likelihood

• Perceptual uncertainty of position: linear increase in uncertainty with 
eccentricity, in line with cortical magnification.

• Perceptual uncertainty as a function of speed: as speed increases, 
uncertainty grows proportionally, in line with Weber's law.
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Schira et al. (2010)



Model predictions and results

• Increasing speed and decreasing distance between objects both make the task 
harder.

• Faster speed: uncertainty in prediction increases

• Less spacing: confusions (wrong assignments) increase

• Humans de/increasing distance between points to “comfortably” track 3 of 6 
objects.

20



Cognitive limitations?

• Are spacing and speed effects on tracking accuracy the consequence of cognitive 
capacity limitations? Not necessarily, these effects are the consequence of the 
structure of the task and limits on the available perceptual information.

• But the model has to be augmented with a set-size dependent noise (attentional 
or memory limitations) to capture the tradeoff between number of targets and 
speed.

21



22

• highly abstracted toy tasks
• high experimental control

Traditional cognitive science Real-world vision

• real-world complexity, ecological validity
• less experimental control

multiple-object tracking

containment object attentionsame/different



object slots
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t-1 t t+1

prediction

observation

belief
…1 2 3

Peters, Butkus, & Kriegeskorte, 2022; Peters, Butkus, & Kriegeskorte, 2024
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• models better than humans without 
occlusion

• models worse than humans for long 
occlusions 

Humans vs. machines
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no fixation fixation models

Gaze as determinant of performance

Modeling gaze improves the fit to 
human behaviour.

How do humans track multiple objects through occlusion?

high precision fovea

low precision 
periphery

p
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o
n

Peters, Butkus, & Kriegeskorte, 2022; Peters, Butkus, & Kriegeskorte, 2024
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