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Overview
Networks in the brain are sparse

Neural activity is noisy

Brain might use noise to detect and prune redundant 
connections

Proof: graph sparsification + dynamical systems

Graphs and networks in neuroscience



Observation 1: Connections in the 
brain are sparse

Millions of neurons, but most do not talk to each other



Why study sparse networks?

Sparse = efficient (compare carbon footprint of dense 
networks in AI) 

Connection density disrupted in disease 

Many networks need to be coordinated with a small 
number of interactions

Possible source of pretty math

Brains are cool



Questions about sparse networks?

(one idea, sparse expander graphs)

What principles underlie information flow in these 
sparse networks? 

What are the computational advantages of sparse 
networks in the brain?

How does the brain find a sparse network that 
performs a given task?

(one idea, credit assignment. e.g., 
Chaudhuri & Fiete NeurIPS 2019)

(one idea, noise-driven pruning)



Brain seeks out sparsity

Synapses pruned during development, learning and 
possibly sleep



Q: How could the brain prune 
synapses?

?

A Asparse

Preserve properties of A or of 
dynamical system on A



Need to figure out which synapses 
are redundant

better keep this

maybe don’t need this

Hard problem: depends on every possible route through 
the network 

How do two neurons, somewhere deep in the brain, 
figure out their indirect connections? 

Must use local information



Observation 2: brains are 
(seemingly) noisy

Noisy activity 

Noisy state 

Random connectivity



1) Brains are not noisy 

2) Randomness averaged away 

3) Randomness repurposed for computation 

4) Brains actively generate randomness

Why are brains noisy?

Possible answers:

Biology can be extraordinarily robust and precise when 
it wants (though at a price)

Various questions related to randomized computation 
in the brain



Idea: neural networks could use noise 
to probe and prune connections

noise-driven 
pruning



How? Neurons play “telephone”

“giraffe”

“graph”

“grasp”

“sparse”

“giraffe” “graph”

“draft”

“parse”

“graft”

connection important connection redundant

(or spread rumors about each other)



Use noise to probe and prune network

1. Drive network with noise

2. Calculate correlations

Cij
<latexit sha1_base64="iYC9b/osPqzZWyAwIxUeMRc8zxQ=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgh6LvXisYD+gXUo2zbZps8mSZIWy9D948aCIV/+PN/+N6XYP2vpg4PHeDDPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTtpaJIrRFJJeqG2BNORO0ZZjhtBsriqOA004wbSz8zhNVmknxaGYx9SM8EixkBBsrtRuDlE3mg3LFrboZ0DrxclKBHM1B+as/lCSJqDCEY617nhsbP8XKMMLpvNRPNI0xmeIR7VkqcES1n2bXztGFVYYolMqWMChTf0+kONJ6FgW2M8JmrFe9hfif10tMeOunTMSJoYIsF4UJR0aixetoyBQlhs8swUQxeysiY6wwMTagkg3BW315nbRrVe+qWnu4rtTv8jiKcAbncAke3EAd7qEJLSAwgWd4hTdHOi/Ou/OxbC04+cwp/IHz+QOdF48n</latexit>

3. Compare correlations to    
    connection weight

wij
<latexit sha1_base64="Yeh7JMmgeXv05/wX6Pk9OOHTokM=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgh6LXjxWsB/QLiWbZtu02WRJskpZ+h+8eFDEq//Hm//GdLsHbX0w8Hhvhpl5QcyZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTuY3M799iNVmknxYKYx9SM8FCxkBBsrtZ76KRvP+uWKW3UzoFXi5aQCORr98ldvIEkSUWEIx1p3PTc2foqVYYTTWamXaBpjMsFD2rVU4IhqP82unaEzqwxQKJUtYVCm/p5IcaT1NApsZ4TNSC97c/E/r5uY8NpPmYgTQwVZLAoTjoxE89fRgClKDJ9agoli9lZERlhhYmxAJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmkBgDM/wCm+OdF6cd+dj0Vpw8plj+APn8wfs649b</latexit> 4. More correlated than   

    weight suggests? 
    Probably redundant



Learning rule:

Learning on weights + correlations = Hebbian, 
ubiquitous

preserve synapses with probability

pij / wij (Cii + Cjj � 2Cij)
<latexit sha1_base64="Vj4TgleQHjMhofGHTG9yOtdW1AQ="></latexit>

pij / |wij | (Cii + Cjj + 2Cij)
<latexit sha1_base64="pQh2eK31K7noePGl1bvR7zMoX0M="></latexit>

excitatory:

inhibitory:

Unsupervised, task-agnostic



Linear model of neural dynamics

dx

dt
= (�I+W )x+ input

<latexit sha1_base64="vxiaUz8cnNx0N3RnxPVtx8QIfXY=">AAACGnicbVDLSsNAFJ34rPVVdelmsAiKWBIVHwuh6EZ3FawtNKVMJhM7OHkwcyMtId/hxl9x40IRd+LGv3GSBvF1YIbDOfdy7z1OJLgC0/wwxsYnJqemSzPl2bn5hcXK0vKVCmNJWZOGIpRthygmeMCawEGwdiQZ8R3BWs7Naea3bplUPAwuYRixrk+uA+5xSkBLvYple5LQxB2kiQspPsYb27ZPoO84yXmKt3Brc6B/G9gAEh5EMaS9StWsmTnwX2IVpIoKNHqVN9sNaeyzAKggSnUsM4JuQiRwKlhatmPFIkJvyDXraBoQn6lukp+W4nWtuNgLpX4B4Fz93pEQX6mh7+jKbG3128vE/7xODN5hd3QSC+hokBcLDCHOcsIul4yCGGpCqOR6V0z7RGcFOs1yHsJRhv2vk/+Sq52atVvbu9ir1k+KOEpoFa2hDWShA1RHZ6iBmoiiO/SAntCzcW88Gi/G66h0zCh6VtAPGO+f/l2gXQ==</latexit>
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<latexit sha1_base64="fD8RbU0/LQl3MEtdDeEStTTSPhg="></latexit>

activity

for stability:  
λmax(-I + W) < 0

W = connection 
weights

-I to reflect 
activity leak

= Ax+ input
<latexit sha1_base64="WOTuSZIam0S8k4gkdmbQLsA61Hc=">AAAB/HicbVDLSsNAFJ3UV62vaJduBosgCCXR4mMhVN24rGAf0IYymU7aoZMHMzfSEOqvuHGhiFs/xJ1/Y5IGUeuBC4dz7uXee+xAcAWG8akVFhaXlleKq6W19Y3NLX17p6X8UFLWpL7wZccmignusSZwEKwTSEZcW7C2Pb5O/fY9k4r73h1EAbNcMvS4wymBROrr5Qt8OcGHuAdsAjH3ghCmfb1iVI0MeJ6YOamgHI2+/tEb+DR0mQdUEKW6phGAFRMJnAo2LfVCxQJCx2TIugn1iMuUFWfHT/F+ogyw48ukPMCZ+nMiJq5SkWsnnS6BkfrrpeJ/XjcE58yavcQ8OlvkhAKDj9Mk8IBLRkFECSFU8uRWTEdEEgpJXqUshPMUJ98vz5PWUdU8rtZua5X6VR5HEe2iPXSATHSK6ugGNVATURShR/SMXrQH7Ul71d5mrQUtnymjX9DevwDZBJRr</latexit>



Pruning rule
dx

dt
= Ax+ ⇠(t)

<latexit sha1_base64="6GxB50LpZItjLfOju16m3cnlmGg=">AAACBHicbVDJSgNBEO1xjXEb9ZhLYxAiQphocDkIUS8eI5gFMiH09PQkTXoWumskYcjBi7/ixYMiXv0Ib/6NPUkQNT4oeLxXRVU9JxJcgWV9GnPzC4tLy5mV7Ora+samubVdV2EsKavRUISy6RDFBA9YDTgI1owkI74jWMPpX6V+445JxcPgFoYRa/ukG3CPUwJa6pg525OEJu5glLgwwuf4YoAPsD3gBdjvmHmraI2BZ0lpSvJoimrH/LDdkMY+C4AKolSrZEXQTogETgUbZe1YsYjQPumylqYB8ZlqJ+MnRnhPKy72QqkrADxWf04kxFdq6Du60yfQU3+9VPzPa8XgnbYTHkQxsIBOFnmxwBDiNBHscskoiKEmhEqub8W0R3QqoHPLjkM4S3H8/fIsqR8WS0fF8k05X7mcxpFBObSLCqiETlAFXaMqqiGK7tEjekYvxoPxZLwab5PWOWM6s4N+wXj/Agz6lzA=</latexit>

Cij
<latexit sha1_base64="iYC9b/osPqzZWyAwIxUeMRc8zxQ=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgh6LvXisYD+gXUo2zbZps8mSZIWy9D948aCIV/+PN/+N6XYP2vpg4PHeDDPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTtpaJIrRFJJeqG2BNORO0ZZjhtBsriqOA004wbSz8zhNVmknxaGYx9SM8EixkBBsrtRuDlE3mg3LFrboZ0DrxclKBHM1B+as/lCSJqDCEY617nhsbP8XKMMLpvNRPNI0xmeIR7VkqcES1n2bXztGFVYYolMqWMChTf0+kONJ6FgW2M8JmrFe9hfif10tMeOunTMSJoYIsF4UJR0aixetoyBQlhs8swUQxeysiY6wwMTagkg3BW315nbRrVe+qWnu4rtTv8jiKcAbncAke3EAd7qEJLSAwgWd4hTdHOi/Ou/OxbC04+cwp/IHz+QOdF48n</latexit>

wij
<latexit sha1_base64="Yeh7JMmgeXv05/wX6Pk9OOHTokM=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgh6LXjxWsB/QLiWbZtu02WRJskpZ+h+8eFDEq//Hm//GdLsHbX0w8Hhvhpl5QcyZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTuY3M799iNVmknxYKYx9SM8FCxkBBsrtZ76KRvP+uWKW3UzoFXi5aQCORr98ldvIEkSUWEIx1p3PTc2foqVYYTTWamXaBpjMsFD2rVU4IhqP82unaEzqwxQKJUtYVCm/p5IcaT1NApsZ4TNSC97c/E/r5uY8NpPmYgTQwVZLAoTjoxE89fRgClKDJ9agoli9lZERlhhYmxAJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmkBgDM/wCm+OdF6cd+dj0Vpw8plj+APn8wfs649b</latexit>

white noise or OU with 
short correlation time

pij / |aij | (Cii + Cjj � 2sign(aij)Cij)
<latexit sha1_base64="f14KZMXl2iaeBEIFz/5q7DxAZbc="></latexit>

Asparse
ij =

(
Aij/pij with probability pij
0 otherwise

<latexit sha1_base64="LPgbe8GUikL5EpwtKN6qDuL+htE="></latexit>

More generally: synapses transition between 
stable and labile state



Pruning rule identifies important synapses
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Pruning rule provably preserves important 
features for a subset of linear systems

Combine ideas from graph sparsification and 
dynamical systems

Key quantity is set of sampling probabilities

Show that covariance of noise-driven dynamical system 
encodes sampling probabilities

Sparsify graph by sampling and reweighing a subset 
of edges (Spielman & Srivastava, 2011)



Sparsification of neural network matrices
A is N x N symmetric, diagonally-dominant, 
positive diagonal

|aii| >
X

i

|aij |
<latexit sha1_base64="GyxkqTGmkCyLSZF/mAEHadXCVU4=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWARXJVUi4+NFN24rGAf0IYwmU7asTOTMDMRSho3/oobF4q49S/c+TcmaRC1Hrhw5px7mXuPGzCqtGV9GoW5+YXFpeJyaWV1bX3D3NxqKT+UmDSxz3zZcZEijArS1FQz0gkkQdxlpO2OLlO/fUekor640eOA2BwNBPUoRjqRHHNngpyI0nhy3lMhdyjM3rfxxDHLVsXKAGdJNSdlkKPhmB+9vo9DToTGDCnVrVqBtiMkNcWMxKVeqEiA8AgNSDehAnGi7Ci7IIb7idKHni+TEhpm6s+JCHGlxtxNOjnSQ/XXS8X/vG6ovVM7oiIINRF4+pEXMqh9mMYB+1QSrNk4IQhLmuwK8RBJhHUSWikL4SzF8ffJs6R1WKkeVWrXtXL9Io+jCHbBHjgAVXAC6uAKNEATYHAPHsEzeDEejCfj1XibthaMfGYb/ILx/gV4bZev</latexit>

For each edge, define

Asparse
ij =

(
Aij/pij with probability pij
0 otherwise

<latexit sha1_base64="LPgbe8GUikL5EpwtKN6qDuL+htE="></latexit>

Let Set✏ 2 (0, 1)
<latexit sha1_base64="V7F7v9PO2L0E69e3VNH07Re/img=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQQUqixceu6MZlBfuAJpTJdNoOncyEmYlYQn/FjQtF3Poj7vwbJ2kQtR64cDjnXu69J4gYVdpxPq3C0vLK6lpxvbSxubW9Y++W20rEEpMWFkzIboAUYZSTlqaakW4kCQoDRjrB5Dr1O/dEKir4nZ5GxA/RiNMhxUgbqW+XPRIpygSHHuWw6hy7R3274tScDHCRuDmpgBzNvv3hDQSOQ8I1ZkipnutE2k+Q1BQzMit5sSIRwhM0Ij1DOQqJ8pPs9hk8NMoADoU0xTXM1J8TCQqVmoaB6QyRHqu/Xir+5/ViPbzwE8qjWBOO54uGMYNawDQIOKCSYM2mhiAsqbkV4jGSCGsTVykL4TLF2ffLi6R9UnNPa/XbeqVxlcdRBPvgAFSBC85BA9yAJmgBDB7AI3gGL9bMerJerbd5a8HKZ/bAL1jvXwARkz4=</latexit>

k > 3
<latexit sha1_base64="+LBFirTjU4FqWLIfNbzoEjEqTR4=">AAAB6nicbVDLSsNAFL2pr1pfVZduBovgqiS2+NhI0Y3LivYBbSiT6aQdOpmEmYlQQj/BjQtF3PpF7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swloS2SMhD2fWwopwJ2tJMc9qNJMWBx2nHm1ynfueBSsVCca+nEXUDPBLMZwRrI91NLmuDcsWu2hnQInFyUoEczUH5oz8MSRxQoQnHSvUcO9JugqVmhNNZqR8rGmEywSPaM1TggCo3yU6doSOjDJEfSlNCo0z9OZHgQKlp4JnOAOux+uul4n9eL9b+uZswEcWaCjJf5Mcc6RClf6Mhk5RoPjUEE8nMrYiMscREm3RKWQgXKU6/X14k7ZOqU6vWb+uVxlUeRxEO4BCOwYEzaMANNKEFBEbwCM/wYnHryXq13uatBSuf2YdfsN6/AOHQjaw=</latexit>

and

Then, with high probability
(skipping some details)

8x 2 RN (1� ✏)xTAx  xTAsparsex  (1 + ✏)xTAx
<latexit sha1_base64="Yts/8wWs6VES3Hb6vi/Eb1xAKEM="></latexit>

pij = K|aij | (Cii + Cjj � 2sign(aij)Cij)
<latexit sha1_base64="otzti2OnndAPc/2sFuOMB7F482E="></latexit>

(eigenvalues, eigenvectors, linear equation close to original)

K =
k log(N)

✏2
<latexit sha1_base64="/NX4h1PZ8Ob7ox4tSYpn7zWj1dQ=">AAACCHicbVDLSgMxFM3UV62vUZcuDBahbsq0Fh8LoehGEKSCfUCnlkyaaUMzyZBkhDLM0o2/4saFIm79BHf+jem0iK8DFw7n3Mu993gho0o7zoeVmZmdm1/ILuaWlldW1+z1jYYSkcSkjgUTsuUhRRjlpK6pZqQVSoICj5GmNzwb+81bIhUV/FqPQtIJUJ9Tn2KkjdS1ty/gCXR9iXA8dJnoFy73ktgloaJM8Jty0rXzTtFJAf+S0pTkwRS1rv3u9gSOAsI1ZkipdskJdSdGUlPMSJJzI0VChIeoT9qGchQQ1YnTRxK4a5Qe9IU0xTVM1e8TMQqUGgWe6QyQHqjf3lj8z2tH2j/qxJSHkSYcTxb5EYNawHEqsEclwZqNDEFYUnMrxANkUtEmu1wawvEYB18v/yWNcrG0X6xcVfLV02kcWbAFdkABlMAhqIJzUAN1gMEdeABP4Nm6tx6tF+t10pqxpjOb4Aest0/C+ZlX</latexit>



Sparsification by sampling

A =

0

@
⇤ a12 a13
a21 ⇤ a23
a31 a32 ⇤

1

A

<latexit sha1_base64="TASmev5KrD6uAU/0jAXFO7VSyxQ="></latexit>

0

@
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1
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<latexit sha1_base64="EFWtZvESCHu0xe1bHO/daRxVdxA="></latexit>

0

@
⇤ 0 a13
0 ⇤ 0
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1

A

<latexit sha1_base64="sObdWPmIDVv4qj0BbdbtmcvM/ek="></latexit>

0

@
⇤ 0 0
0 ⇤ a23
0 a32 ⇤

1

A

<latexit sha1_base64="Xm8hhIiBm2ZFu7wmdt/73UQXoXU="></latexit>

+
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

=<latexit sha1_base64="0M450rhcbyoqjwRFIQqzrDBkTkg=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPhZC0Y3LFuwD2lAm05t27GQSZiZCCf0CNy4UcesnufNvnKRB1HrgwuGce7n3Hi/iTGnb/rQKS8srq2vF9dLG5tb2Tnl3r63CWFJo0ZCHsusRBZwJaGmmOXQjCSTwOHS8yU3qdx5AKhaKOz2NwA3ISDCfUaKN1LwalCt21c6AF4mTkwrK0RiUP/rDkMYBCE05Uarn2JF2EyI1oxxmpX6sICJ0QkbQM1SQAJSbZIfO8JFRhtgPpSmhcab+nEhIoNQ08ExnQPRY/fVS8T+vF2v/wk2YiGINgs4X+THHOsTp13jIJFDNp4YQKpm5FdMxkYRqk00pC+Eyxdn3y4ukfVJ1Tqu1Zq1Sv87jKKIDdIiOkYPOUR3dogZqIYoAPaJn9GLdW0/Wq/U2by1Y+cw++gXr/Qul54z5</latexit> +
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

see Spielman & Srivastava 2011 for 
more on this strategy

+
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

=<latexit sha1_base64="0M450rhcbyoqjwRFIQqzrDBkTkg=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPhZC0Y3LFuwD2lAm05t27GQSZiZCCf0CNy4UcesnufNvnKRB1HrgwuGce7n3Hi/iTGnb/rQKS8srq2vF9dLG5tb2Tnl3r63CWFJo0ZCHsusRBZwJaGmmOXQjCSTwOHS8yU3qdx5AKhaKOz2NwA3ISDCfUaKN1LwalCt21c6AF4mTkwrK0RiUP/rDkMYBCE05Uarn2JF2EyI1oxxmpX6sICJ0QkbQM1SQAJSbZIfO8JFRhtgPpSmhcab+nEhIoNQ08ExnQPRY/fVS8T+vF2v/wk2YiGINgs4X+THHOsTp13jIJFDNp4YQKpm5FdMxkYRqk00pC+Eyxdn3y4ukfVJ1Tqu1Zq1Sv87jKKIDdIiOkYPOUR3dogZqIYoAPaJn9GLdW0/Wq/U2by1Y+cw++gXr/Qul54z5</latexit> +
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

p1 p2 p3

Asparse
<latexit sha1_base64="+ElGWgk1w6VEkwqFPIsqVNL0qIM=">AAAB+nicbVDLSsNQEL2pr1pfqS7dBIvgqqRafOyqblxWsA9oQ7m5nbSX3jy4d6KWmE9x40IRt36JO//GJA2i1gMDh3NmmJljB4IrNM1PrbCwuLS8Ulwtra1vbG7p5e228kPJoMV84cuuTRUI7kELOQroBhKoawvo2JPL1O/cglTc925wGoDl0pHHHc4oJtJAL58Poj7CPUYqoFJBHA/0ilk1MxjzpJaTCsnRHOgf/aHPQhc8ZIIq1auZAVoRlciZgLjUDxUElE3oCHoJ9agLyoqy02NjP1GGhuPLpDw0MvXnRERdpaaunXS6FMfqr5eK/3m9EJ1TK+JeECJ4bLbICYWBvpHmYAy5BIZimhDKJE9uNdiYSsowSauUhXCW4vj75XnSPqzWjqr163qlcZHHUSS7ZI8ckBo5IQ1yRZqkRRi5I4/kmbxoD9qT9qq9zVoLWj6zQ35Be/8CRGCUzA==</latexit>

=<latexit sha1_base64="0M450rhcbyoqjwRFIQqzrDBkTkg=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPhZC0Y3LFuwD2lAm05t27GQSZiZCCf0CNy4UcesnufNvnKRB1HrgwuGce7n3Hi/iTGnb/rQKS8srq2vF9dLG5tb2Tnl3r63CWFJo0ZCHsusRBZwJaGmmOXQjCSTwOHS8yU3qdx5AKhaKOz2NwA3ISDCfUaKN1LwalCt21c6AF4mTkwrK0RiUP/rDkMYBCE05Uarn2JF2EyI1oxxmpX6sICJ0QkbQM1SQAJSbZIfO8JFRhtgPpSmhcab+nEhIoNQ08ExnQPRY/fVS8T+vF2v/wk2YiGINgs4X+THHOsTp13jIJFDNp4YQKpm5FdMxkYRqk00pC+Eyxdn3y4ukfVJ1Tqu1Zq1Sv87jKKIDdIiOkYPOUR3dogZqIYoAPaJn9GLdW0/Wq/U2by1Y+cw++gXr/Qul54z5</latexit>

+
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>



Key ideas in sparsification proof:

2) Convert to and approximate identity

3) Sample pieces to yield Isparse. Bound ||I - Isparse||2 
using matrix Chernoff bound (Tropp 2012)

4) Choose probabilities to optimize concentration 
bound. Probabilities depend on A, A-1.

1) Write A as sum of positive 
definite pieces (= edges) A =

X

(i,j)2E

~uij~u
T
ij

<latexit sha1_base64="fqL24x99D+ngxvoQGgibl7G01lE=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARKkhJtXhZCFURXFboDZoaJtNpO+1kEuZSKCGv4cZXceNCEZe68m1M2iL18sPAx3/O4cz53YBRqSzr00jNzS8sLqWXMyura+sb5uZWTfpaYFLFPvNFw0WSMMpJVVHFSCMQBHkuI3V3cJXU60MiJPV5RY0C0vJQl9MOxUjFlmNaF/Ac2lJ7TpijB/19m3J4HUF7SHCoIyek/WiW7yqOmbXy1ljwLxSmkAVTlR3z3W77WHuEK8yQlM2CFahWiISimJEoY2tJAoQHqEuaMXLkEdkKx5dFcC922rDji/hxBcfu7ESIPClHnht3ekj15O9aYv5Xa2rVOW2FlAdaEY4nizqaQeXDJCbYpoJgxUYxICxo/FeIe0ggrOIwM+MQzhIdf5/8F2qH+cJRvnhbzJYup3GkwQ7YBTlQACegBG5AGVQBBvfgETyDF+PBeDJejbdJa8qYzmyDHzI+vgAyuKCl</latexit>

I =
X

(i,j)2E

vijv
T
ij

<latexit sha1_base64="1kf5kaqjsTV9jIkturuNf9TrRQ8=">AAACDXicbVDLSgMxFM34rPVVdekmWIUKUma0+FgIRRF0V6EvaOuQSTNt2kxmSDKFMswPuPFX3LhQxK17d/6NaTuIWg/cy+Gce0nucQJGpTLNT2Nmdm5+YTG1lF5eWV1bz2xsVqUfCkwq2Ge+qDtIEkY5qSiqGKkHgiDPYaTm9C9Hfm1AhKQ+L6thQFoe6nDqUoyUluzM7g08h00ZenaUowe9/Sbl8CqGAzuivXjS78p2JmvmzTHgNLESkgUJSnbmo9n2cegRrjBDUjYsM1CtCAlFMSNxuhlKEiDcRx3S0JQjj8hWNL4mhntaaUPXF7q4gmP150aEPCmHnqMnPaS68q83Ev/zGqFyT1sR5UGoCMeTh9yQQeXDUTSwTQXBig01QVhQ/VeIu0ggrHSA6XEIZyMcf588TaqHeesoX7gtZIsXSRwpsA12QA5Y4AQUwTUogQrA4B48gmfwYjwYT8ar8TYZnTGSnS3wC8b7FwKEmxM=</latexit>

~vij = A�1/2~uij
<latexit sha1_base64="97Lv00IjtlJaeoF1hsPIyzmmcGk=">AAACDHicbVDLSsNAFJ34rPVVdelmsAhurEktPhZC1Y3LCvYBbSyT6aQdO5mEmUmhhHyAG3/FjQtF3PoB7vwbJ2kQtR4YOJxzLnfucQJGpTLNT2Nmdm5+YTG3lF9eWV1bL2xsNqQfCkzq2Ge+aDlIEkY5qSuqGGkFgiDPYaTpDC8TvzkiQlKf36hxQGwP9Tl1KUZKS91CsTMiOBrF3YjexfAMnt9G+9ZBOU7lcCLrlFkyU8BpYmWkCDLUuoWPTs/HoUe4wgxJ2bbMQNkREopiRuJ8J5QkQHiI+qStKUcekXaUHhPDXa30oOsL/biCqfpzIkKelGPP0UkPqYH86yXif147VO6JHVEehIpwPFnkhgwqHybNwB4VBCs21gRhQfVfIR4ggbDS/eXTEk4THH2fPE0a5ZJ1WKpcV4rVi6yOHNgGO2APWOAYVMEVqIE6wOAePIJn8GI8GE/Gq/E2ic4Y2cwW+AXj/QuTdpt3</latexit>

pij / |aij |
�
A�1

ii +A�1
jj � 2sign(aij)A

�1
ij

�
<latexit sha1_base64="1KIFlU/e7hMPTm5NkL+inAoqfPc="></latexit>



How do we compute sampling 
probabilities?

dx

dt
= Ax+ input

<latexit sha1_base64="aiYHJgTSCFevojEzDYf5BeR8c8c=">AAACCnicbVDJSgNBFOxxjXEb9eilNQiCECYaXA5C1IvHCGaBzBB6enqSJj0L3W8kYZizF3/FiwdFvPoF3vwbOwuixoKGouo9Xle5seAKLOvTmJmdm19YzC3ll1dW19bNjc26ihJJWY1GIpJNlygmeMhqwEGwZiwZCVzBGm7vaug37phUPApvYRAzJyCdkPucEtBS29yxfUlo6vWz1IMMn+OLPj7ANrA+pDyME8jaZsEqWiPgaVKakAKaoNo2P2wvoknAQqCCKNUqWTE4KZHAqWBZ3k4UiwntkQ5raRqSgCknHUXJ8J5WPOxHUr8Q8Ej9uZGSQKlB4OrJgEBX/fWG4n9eKwH/1BlHYiEdH/ITgSHCw16wxyWjIAaaECq5/iumXaK7Ad1eflTC2RDH35GnSf2wWDoqlm/KhcrlpI4c2ka7aB+V0AmqoGtURTVE0T16RM/oxXgwnoxX4208OmNMdrbQLxjvXyZlmrM=</latexit>

white noise

dx

dt
= Ax+ ⇠(t)

<latexit sha1_base64="6GxB50LpZItjLfOju16m3cnlmGg=">AAACBHicbVDJSgNBEO1xjXEb9ZhLYxAiQphocDkIUS8eI5gFMiH09PQkTXoWumskYcjBi7/ixYMiXv0Ib/6NPUkQNT4oeLxXRVU9JxJcgWV9GnPzC4tLy5mV7Ora+samubVdV2EsKavRUISy6RDFBA9YDTgI1owkI74jWMPpX6V+445JxcPgFoYRa/ukG3CPUwJa6pg525OEJu5glLgwwuf4YoAPsD3gBdjvmHmraI2BZ0lpSvJoimrH/LDdkMY+C4AKolSrZEXQTogETgUbZe1YsYjQPumylqYB8ZlqJ+MnRnhPKy72QqkrADxWf04kxFdq6Du60yfQU3+9VPzPa8XgnbYTHkQxsIBOFnmxwBDiNBHscskoiKEmhEqub8W0R3QqoHPLjkM4S3H8/fIsqR8WS0fF8k05X7mcxpFBObSLCqiETlAFXaMqqiGK7tEjekYvxoPxZLwab5PWOWM6s4N+wXj/Agz6lzA=</latexit>

covariance matrix Cij = E [xixj ]
<latexit sha1_base64="eERWiPUyTNzYcY2IVHlMmBiHVNM=">AAACDXicbVDLSsNAFJ34rPVVdekmWAVXJdHiYyEUi+Cygn1AEsJkOmmnnUzCzI20hP6AG3/FjQtF3Lp359+YtEXUeuDC4Zx7ufceL+JMgWF8anPzC4tLy7mV/Ora+sZmYWu7ocJYElonIQ9ly8OKciZoHRhw2ookxYHHadPrVzO/eUelYqG4hWFEnQB3BPMZwZBKbmG/6iasN7qwAwxdz0uuRjanPlgDlw3cni1ZpwuOWygaJWMMfZaYU1JEU9TcwofdDkkcUAGEY6Us04jASbAERjgd5e1Y0QiTPu5QK6UCB1Q5yfibkX6QKm3dD2VaAvSx+nMiwYFSw8BLO7Oj1V8vE//zrBj8MydhIoqBCjJZ5Mdch1DPotHbTFICfJgSTCRLb9VJF0tMIA0wPw7hPMPJ98uzpHFUMo9L5ZtysXI5jSOHdtEeOkQmOkUVdI1qqI4IukeP6Bm9aA/ak/aqvU1a57TpzA76Be39C6g+nLY=</latexit>



AC + CAT = �I
<latexit sha1_base64="do9Z9enO/k4mFEE/Wad8k3ZAM0I=">AAAB9XicbVDLSsNAFJ3UV62vqks3g0UQxJJo8bEQWrvRXYW+oE3LZDpph04mYWailND/cONCEbf+izv/xkkaRK0HLhzOuZd773ECRqUyzU8js7C4tLySXc2trW9sbuW3d5rSDwUmDewzX7QdJAmjnDQUVYy0A0GQ5zDScsbV2G/dEyGpz+tqEhDbQ0NOXYqR0lKvUoVHsFrp1eEVPL7t5wtm0UwA54mVkgJIUevnP7oDH4ce4QozJGXHMgNlR0goihmZ5rqhJAHCYzQkHU058oi0o+TqKTzQygC6vtDFFUzUnxMR8qSceI7u9JAayb9eLP7ndULlXtgR5UGoCMezRW7IoPJhHAEcUEGwYhNNEBZU3wrxCAmElQ4ql4RwGePs++V50jwpWqfF0l2pUL5O48iCPbAPDoEFzkEZ3IAaaAAMBHgEz+DFeDCejFfjbdaaMdKZXfALxvsX7leQVg==</latexit>

C is solution to Lyapunov equation

If A is normal, then

pij / |aij |
�
C�1

ii + C�1
jj ± 2C�1

ij

�
<latexit sha1_base64="YbD+yBZ/0HH/qBqvk4J2Tv+OZvs="></latexit>

(when dynamical system is stable)

C / A�1
symm

<latexit sha1_base64="rwm5H++2lT4zFlLzrcDx2tPx5HU=">AAACAHicbVDLSsNAFJ34rPUVdeHCzWAR3FgSLT521W5cVrAPaGOYTCft0JkkzEyEErLxV9y4UMStn+HOv3GSBlHrgYHDOfcy9xwvYlQqy/o05uYXFpeWSyvl1bX1jU1za7stw1hg0sIhC0XXQ5IwGpCWooqRbiQI4h4jHW/cyPzOPRGShsGtmkTE4WgYUJ9ipLTkmrsN2I9EGKkQXrqJnHCe3iVHduqaFatq5YCzxC5IBRRouuZHfxDimJNAYYak7NlWpJwECUUxI2m5H0sSITxGQ9LTNECcSCfJA6TwQCsD6IdCv0DBXP25kSAu9W2enuRIjeRfLxP/83qx8s+dhAZRrEiApx/5MYM6btYGHFBBsGITTRAWVN8K8QgJhJXurJyXcJHh9DvyLGkfV+2Tau2mVqlfFXWUwB7YB4fABmegDq5BE7QABil4BM/gxXgwnoxX4206OmcUOzvgF4z3L05Mll4=</latexit>

If A is symmetric, then C / A�1
<latexit sha1_base64="SSCGTwDX/YYb69A1GxrC2GtFPUE=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0m0+NhVu3FZwT6gjWUynbRDJ5NhZlIooX/ixoUibv0Td/6NkzSIWg9cOJxzL/fe4wtGlXacT6uwtLyyulZcL21sbm3v2Lt7LRXFEpMmjlgkOz5ShFFOmppqRjpCEhT6jLT9cT312xMiFY34vZ4K4oVoyGlAMdJG6tt2HfaEjISO4PVDcuLO+nbZqTgZ4CJxc1IGORp9+6M3iHAcEq4xQ0p1XUdoL0FSU8zIrNSLFREIj9GQdA3lKCTKS7LLZ/DIKAMYRNIU1zBTf04kKFRqGvqmM0R6pP56qfif1411cOkllItYE47ni4KYQfNnGgMcUEmwZlNDEJbU3ArxCEmEtQmrlIVwleL8++VF0jqtuGeV6l21XLvJ4yiCA3AIjoELLkAN3IIGaAIMJuARPIMXK7GerFfrbd5asPKZffAL1vsXXuGS+w==</latexit>

(use ev basis of A)



Proof summary

A =

0

@
⇤ a12 a13
a21 ⇤ a23
a31 a32 ⇤

1

A

<latexit sha1_base64="TASmev5KrD6uAU/0jAXFO7VSyxQ="></latexit>

0

@
⇤ a12 0
a21 ⇤ 0
0 0 ⇤

1

A

<latexit sha1_base64="EFWtZvESCHu0xe1bHO/daRxVdxA="></latexit>

0

@
⇤ 0 a13
0 ⇤ 0
a31 0 ⇤

1

A

<latexit sha1_base64="sObdWPmIDVv4qj0BbdbtmcvM/ek="></latexit>

0

@
⇤ 0 0
0 ⇤ a23
0 a32 ⇤

1

A

<latexit sha1_base64="Xm8hhIiBm2ZFu7wmdt/73UQXoXU="></latexit>

+
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

=<latexit sha1_base64="0M450rhcbyoqjwRFIQqzrDBkTkg=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPhZC0Y3LFuwD2lAm05t27GQSZiZCCf0CNy4UcesnufNvnKRB1HrgwuGce7n3Hi/iTGnb/rQKS8srq2vF9dLG5tb2Tnl3r63CWFJo0ZCHsusRBZwJaGmmOXQjCSTwOHS8yU3qdx5AKhaKOz2NwA3ISDCfUaKN1LwalCt21c6AF4mTkwrK0RiUP/rDkMYBCE05Uarn2JF2EyI1oxxmpX6sICJ0QkbQM1SQAJSbZIfO8JFRhtgPpSmhcab+nEhIoNQ08ExnQPRY/fVS8T+vF2v/wk2YiGINgs4X+THHOsTp13jIJFDNp4YQKpm5FdMxkYRqk00pC+Eyxdn3y4ukfVJ1Tqu1Zq1Sv87jKKIDdIiOkYPOUR3dogZqIYoAPaJn9GLdW0/Wq/U2by1Y+cw++gXr/Qul54z5</latexit> +
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

+
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

=<latexit sha1_base64="0M450rhcbyoqjwRFIQqzrDBkTkg=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPhZC0Y3LFuwD2lAm05t27GQSZiZCCf0CNy4UcesnufNvnKRB1HrgwuGce7n3Hi/iTGnb/rQKS8srq2vF9dLG5tb2Tnl3r63CWFJo0ZCHsusRBZwJaGmmOXQjCSTwOHS8yU3qdx5AKhaKOz2NwA3ISDCfUaKN1LwalCt21c6AF4mTkwrK0RiUP/rDkMYBCE05Uarn2JF2EyI1oxxmpX6sICJ0QkbQM1SQAJSbZIfO8JFRhtgPpSmhcab+nEhIoNQ08ExnQPRY/fVS8T+vF2v/wk2YiGINgs4X+THHOsTp13jIJFDNp4YQKpm5FdMxkYRqk00pC+Eyxdn3y4ukfVJ1Tqu1Zq1Sv87jKKIDdIiOkYPOUR3dogZqIYoAPaJn9GLdW0/Wq/U2by1Y+cw++gXr/Qul54z5</latexit> +
<latexit sha1_base64="WKTSF5VXv2uG1Eb+g64c2+4GnZY=">AAAB6HicbVDLSsNAFL2pr1pfVZduBosgCCXR4mNXdOOyBfuANpTJdNKOnUzCzEQooV/gxoUibv0kd/6NkzSIWg9cOJxzL/fe40WcKW3bn1ZhaXllda24XtrY3NreKe/utVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NApWKhuNPTiLoBHgnmM4K1kZong3LFrtoZ0CJxclKBHI1B+aM/DEkcUKEJx0r1HDvSboKlZoTTWakfKxphMsEj2jNU4IAqN8kOnaEjowyRH0pTQqNM/TmR4ECpaeCZzgDrsfrrpeJ/Xi/W/qWbMBHFmgoyX+THHOkQpV+jIZOUaD41BBPJzK2IjLHERJtsSlkIVynOv19eJO3TqnNWrTVrlfp1HkcRDuAQjsGBC6jDLTSgBQQoPMIzvFj31pP1ar3NWwtWPrMPv2C9fwGKn4zn</latexit>

sample p1 p2 p3

For good pi, Asparse close to A with only O(Nlog(N)) edges

Compute pi from dynamical system on graph



noise-driven 
pruning

Cij
<latexit sha1_base64="iYC9b/osPqzZWyAwIxUeMRc8zxQ=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgh6LvXisYD+gXUo2zbZps8mSZIWy9D948aCIV/+PN/+N6XYP2vpg4PHeDDPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTtpaJIrRFJJeqG2BNORO0ZZjhtBsriqOA004wbSz8zhNVmknxaGYx9SM8EixkBBsrtRuDlE3mg3LFrboZ0DrxclKBHM1B+as/lCSJqDCEY617nhsbP8XKMMLpvNRPNI0xmeIR7VkqcES1n2bXztGFVYYolMqWMChTf0+kONJ6FgW2M8JmrFe9hfif10tMeOunTMSJoYIsF4UJR0aixetoyBQlhs8swUQxeysiY6wwMTagkg3BW315nbRrVe+qWnu4rtTv8jiKcAbncAke3EAd7qEJLSAwgWd4hTdHOi/Ou/OxbC04+cwp/IHz+QOdF48n</latexit>

wij
<latexit sha1_base64="Yeh7JMmgeXv05/wX6Pk9OOHTokM=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgh6LXjxWsB/QLiWbZtu02WRJskpZ+h+8eFDEq//Hm//GdLsHbX0w8Hhvhpl5QcyZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTuY3M799iNVmknxYKYx9SM8FCxkBBsrtZ76KRvP+uWKW3UzoFXi5aQCORr98ldvIEkSUWEIx1p3PTc2foqVYYTTWamXaBpjMsFD2rVU4IhqP82unaEzqwxQKJUtYVCm/p5IcaT1NApsZ4TNSC97c/E/r5uY8NpPmYgTQwVZLAoTjoxE89fRgClKDJ9agoli9lZERlhhYmxAJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmkBgDM/wCm+OdF6cd+dj0Vpw8plj+APn8wfs649b</latexit>

Graph sparsification + dynamical systems

Use noise to probe and prune network (uses 
randomness in two ways)

Prune synapses based on weight and covariance

Idea summary



Properties of algorithm

Parallel

Randomized

Dynamical system

Computing sparsification probabilities/matrix inverse 
is non-trivial

Based on local, biologically-accessible information

Network-level homeostatic mechanism



Separation of learning and pruning

unsupervised

Q: How do we learn a sparse network solution?

could be happening simultaneously or in separate epochs

perhaps separate into:

learning pruning
task-driven task agnostic, homeostatic

greedily add synapses 
where might be useful

Hebbian anti-Hebbian

remove synapses while trying 
to preserve existing dynamics

may be reward or 
error driven



Some features of the brain this rule 
might explain

Noise, esp. during sleep

Various kinds of plasticity during sleep. Synaptic 
strengths seem to go both up and down.

Sweeps of excitability during slow-wave sleep: shift 
network into diagonally-dominant regime?

Synapses in different states: labile vs. fixed

Seemingly random drift: multiple synapses b/w same 
2 neurons are weakly correlated



Conclusions
Networks in the brain are sparse

Neural activity is noisy

Brain might use noise to detect and prune redundant 
connections

Proof: graph sparsification + dynamical systems

Separate learning and pruning rules

Preliminary results! Working on extending along 
multiple directions



Graphs and networks in 
neuroscience

Image: Human Connectome Project

Show up in all sorts of places. I'm going to briefly 
mention a few interesting directions (with a math bias).



Same network exists at multiple levels

Structural networks (anatomy)

Dynamical system with network structure (physiology)

Distributed computation (function)

How do we fuse these frameworks/levels of understanding?



Networks in the brain are plastic

1) Change due to learning

2) Change due to homeostatic plasticity

3) Drift

4) Development and evolution

How do we understand these changing networks? 

Bigger question: what in the brain is stable?



Which features of a network matter? 
Which can we ignore?

What are the right invariants?

What are the right macroscopic variables?



Very partial observations of a network

What can we conclude from these partial 
observations?

Observe 10–1000 neurons out of millions (or more). 

How to stitch together data from multiple 
observations, sessions, modalities, levels of 
description?



Computation on abstract networks

Do these abstract graphs have counterparts in the 
brain?

Abstract graphs have been a productive way of 
thinking about error-correcting codes, conditional 
independence in probability distributions, etc.



Challenges and opportunities:

Increasing amounts of data; shortage of theories, 
models and analysis tools

Challenge: Domain specific knowledge

Neuro as source of interesting mathematical 
questions



Idea: neural networks could use noise 
to probe and prune connections

noise-driven 
pruning

THANK YOU!


