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Whg We Must Model |

& Nature spontaneouslg organizes

TS Emergent structures
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Whg We Must Model 2

TS .__,ngineerecl sgstems also sporwtaneouslg

organize
* Internet route ﬂapping

Power-law Internet organization

Financial markets crash
Power gricls fail sPectacularlg

Social Pattcm formation on the web
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Consequence

o Fach needs its own exl:)ianatory (Function) basis

+ Problem:

‘.imergent structures not gi\/en direct|9 bg the system

coordinates or the goveming equations of motion




Why we must Model 3

o Fundamental Mathematics: Intrinsic Randomness

* Nonlinear c Hnamical sgstems [Kolmogorov 1958]:
+ Chaotic systems: Shannon entropy hy > 0
* Kolmogorow(lhaitin [1963] complexi‘cg of Data:
o Size of shortest Turing Machine Program to
Preclict Data
*» KC complexitg = Shannon entropy [Brudno 1978]
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fixPonential Increase in Prediction Resources
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Consequence

« No short cuts!
o No closed-form solutions
* NoO coml:)utational speecLuPs

* Must coml:)ute full trajectory

TS Right representation is critical for reclucing the

Precliction error as far as Possible (but gl Farther!)




Fast:

Fundamental in Nonlinear Dgnamics!

Fach nonlinear sgstem requires its own rel:)resentation

Selecting balance between ascribing structure or

noise to a measurement clel:)encls on rePresentation
Fundamental issue: Theorg building
Subsicliarg Issue:

Statistical fluctuations due to finite data saml:)le




Future:

Fundamental in Designing Multiageﬂt Sgstems

»
| Environment‘
(rooty 3 ‘
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The Feedback Lool:)

World

Observations

J

Actions

Model

Policg

Agent

~N




Knowleclge + Action

* A central Cha”enge:
Actions change the world
and so
its statistics,

and

what is knowable.
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/—\Pproaches

Mocleling:

o Statistical inference
Strategjzing:

o Game tlﬁeorg
AclaPting:

* Reinforcement Iearning
GrouP behavior:

TS Pol:)ulation clgnamics (evo!ution & ecologg)
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APProachesz Sticking Points

Mocleling:

o Statistical inference: static, batch mode
Strategjzing:

+ Game tlﬁeorﬂz equilibriaj no transients
AclaPting:

o Reinforcement learning: a Priori clesign, brittle
GrouP behavior:

« Population clgnamics (evolution & ecolog ) :
individuals have no structure (clon’t learn

Where are the basic Principles’:’
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Interactive Leaming

(Susanne Still, Chris Ellison, & JPC)

+ Problem: fixperiment to Learn World Model

o Theworld behaves: X= X X

Past Futu Fe

° Agent learns model of the world: States R
* Agent take actions A
o Those actions attect the world

o Now the world is different!

* How to close the feedback Iool:)?

arxiv.org; 0708.0654 [Phgsics.gemphl & 0708.1580][cs.IT]
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Passivelg Leaminga Model

& Pattern cliscoverg:

<—

o |_earn the world’s hidden states Pr(R| X)
» Causal shielcling:
Pr(XX) = Pr(X [R)Pr(X |R)
o Search in the space of models: R e M

XS Objec’tivc function

min_ (I[}_(,R] —I—ﬁ][X,X \R])

Model: l\/\aP from Info states contain Reduce info historg

histories to states about histories has about future
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Passivelg Leaminga Model

| OPtimal states Pr(R X ) are Gibbs distributions:

Prope(R] X) = — L g=PE(R)
where 2(X,P)
E(R,X) =D (Pr(X | X)||Pr(X m))
Pr(X |R) = Prg =7 > Pr(X | X)Pr(R| X)Pr(X)
%




Passivelg Leaminga Model

o Solve these equations selmc—-consistentlg
.« Parametrized Familg of models Pr(R] )<_() Rg

. & Structure or Noise?

3 trades-off model size against Prediction error
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What Do Solutions Mean?

Causal Models
+ Causal architecture given bg e-Machine M.

XS OPtimal Preclictor:
hu(M) < hu(R)

+ Minimal size (within oPtimal Preclictors ¥

N

Cu(M) < Cu(R)

* Unique (within min, opt Preclictors)

©  JPC & K. Young, ln?erring Statistical Complexitg, Phgsical Review Letters 63 (1989) 105-108.
- C.R. Shalizi & JPC, Journal Statistical Physics 104 (2001) 817-879.
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Passivelg Leaminga Model

+ Theorem: Low~tem|:>erature limit
SEm ey
Recover e-Machine:

Rg — M

< Conclusion: Best causal aPProximates.
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Passivelg Leaminga Model

Optimal balance structure & error

At each level 5 of apl:)roximation

Causal Rate Distortion Curve

In theorg

H[Past] et
eM limit

R(D)
[[Past:Rivals]

Slope = inverse T = Beta

1D limit

0 Distortion E = [[Past;Future]

I[Past;Future|Rivals]
= E - I[Future;Rivals]
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Passivelg Leaminga Model

OPtimal balance structure & error

At each level 5 of approximation

In Prac’cice: | earn an oo-state world (SNS: simple nondeterminstic source)
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Interactive Leaming

* Decision: Using model, take actions

® Policy: Pr(A )?) (or fromR)

XS .’ixl:)erimentation objecti\/e function

max _ (I[{R, A}; X] - M[R; X] - pI[4; X))
Pr(R|X),Pr(A|X)
Model: MaP from

histories to states

Info states/actions Info states contain Info actions contain

contain about futures about histories about histories

Policg: MaP from

histories to actions
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Interactive Leaming: Results

OPtimal model: Recover causal architecture
OPtimai Policies

Causa”y equivalent Policies

Curiosity: Take informative actions

Control: Make world easier to model

Balance Oi: exploitation anci controi

arxiv.org; 0708.0654 [Phgsics.gen~Pi1] & 0708.1580][cs.IT]
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Connections

* Note iLeaming subsumes:
o Causal modeling

o (Game t]ﬁeorg

XS .’Equilibrium economics

* Reinforcement Iearning




Knowledge Action

Deviation from knowleclge:

»  Model evaluation (e.g., Precliction error)

Valuation: Commitment of resources to action

. Policg evaluation (e.g., average reward)

How? Augment oojective function

* Change relative weigqting of Lagrange multipliers: )\ & U
* Add new terms: S

.ixaml:)les:

*  “Science”’: Need accurate knowledge, at expense of Producing it
*  “Politics”: Need world to behave, indepenclent of knowleclge or cost

o These are Positions on causal rate-distortion curve
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The Feedback Lool:)

4 )
World
\ J
Observations Actions
4 )
4 ) 4 )
Model Policg
\ J \_ J
Agent
\Pr’ecliction Error Valuationj

Deviation 1Crom knowledge

Commitment of resources to actions
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Main message

® Closirxg the looP:
How interaction clﬁanges the world &
I’IOW one aclaPts to those changes

& Theoretical foundations (& algorithms) for

closing the feedback ‘ool:) are now available.




Conclusion

* Pasic Principles follow from
+ Information theorg (rate distortion)
» Statistical Phgsics

| » Balance exploitation & exploration

» Balance structure & error

| * Balance exploitation & control

. Cha”enge: Fold in risk




Fros Pects

o Collective Cognition:

2

)

)

2

Pattern cliscovery e

, | (haent )
Interactive Ieammg
Aclal:)tation clgnamics (Paerty

imergent Policg clesign (hasrty )
Multiagent clgnamical sgstems
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