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What if the environment changed?

Your eyes adapt in few seconds!
With a 100M->1M compression!
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vs.

Biologically-Realistic Timescale 
(Adaptation happens in few seconds)
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• [Atick, Redlich 1990] Principal component analysis (PCA) induces 
center-surround receptive fields and maximize information.

• A signature of a ganglion cell is the center-surround receptive field.
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[Kandel et al. 2013] 
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<latexit sha1_base64="ftvG0FlMShjh1WP0KY+zbi6bMiY="></latexit>

w3,3

<latexit sha1_base64="MRwkGaLLcR0A1Fxl+BhiRWWnwe8="></latexit>

w3,n

<latexit sha1_base64="S+F0ba+6qB3sakDl1dkijCipHg0="></latexit>

y3 =
X

i2[n]

x3,iw3,i

<latexit sha1_base64="kYn6ozMK1b6ZczlD/JTg4KIPXsI="></latexit>

Synapses

Time: 3
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A (Simplified) Mathematical 
Model for Retina

A feedforward 2-layer circuit with single output neuron.

...

<latexit sha1_base64="Y79/RzpFA3+vnbSg3XyS1OuqeP4="></latexit>

Photoreceptors

Ganglion Cell

Light
x3

<latexit sha1_base64="5EqnCyuJbsFItUOTtmyhqPaYikk="></latexit>

x3,1

<latexit sha1_base64="B5OImjAou/u5fS5KJlpBauCOdEA="></latexit>

x3,2

<latexit sha1_base64="L/IKYCkBWtKElOeyODWGfYx3bd8="></latexit>

x3,3

<latexit sha1_base64="GodTSbr6m4/wJL9EPV1hPa8rR8c="></latexit>

x3,n

<latexit sha1_base64="DeC1fjQ63ZQlgtLO/86F+83KBpE="></latexit>

w3,1

<latexit sha1_base64="/U0uh/GSjC6Azkzhlsf0P05B+c8="></latexit>

w3,2

<latexit sha1_base64="ftvG0FlMShjh1WP0KY+zbi6bMiY="></latexit>

w3,3

<latexit sha1_base64="MRwkGaLLcR0A1Fxl+BhiRWWnwe8="></latexit>

w3,n

<latexit sha1_base64="S+F0ba+6qB3sakDl1dkijCipHg0="></latexit>

y3 =
X

i2[n]

x3,iw3,i

<latexit sha1_base64="kYn6ozMK1b6ZczlD/JTg4KIPXsI="></latexit>

Synapses

Solving the streaming PCA?
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• The synapse varies w.r.t. time, a.k.a., synaptic plasticity.
• The update should be biologically-plausible, e.g., local.

xt

<latexit sha1_base64="PjlH8uxEdEOxn5iBB/8kr0t/buo=">AAACOHicbVDLSgNBEJz1bXzr0YOLQfBi2JWAegt68ahoVEhCmJ3tjUPmscz0atYln+BV/8U/8eZNvPoFTmIORi0YqKnqprsrSgW3GASv3sTk1PTM7Nx8aWFxaXlldW39yurMMKgzLbS5iagFwRXUkaOAm9QAlZGA66h7MvCv78BYrtUl5im0JO0onnBG0UkXvTa2V8tBJRjC/0vCESmTEc7aa95WM9Ysk6CQCWptIwxSbBXUIGcC+qVmZiGlrEs70HBUUQm2VQx37fs7Ton9RBv3FPpD9WdHQaW1uYxcpaR4a397A/E/r5FhctgquEozBMW+ByWZ8FH7g8P9mBtgKHJHKDPc7eqzW2ooQxfP2JRcZ6qDNBq7pEDefdhjsRMV3DMtJVVx0Uy1yPtFE6GHNimGv37JRRr+DvAvudqvhNXK0Xm1XDsehTtHNsk22SUhOSA1ckrOSJ0w0iGP5Ik8ey/em/fufXyXTnijng0yBu/zC3OvriY=</latexit>

yt

<latexit sha1_base64="UNYax0u3Gda50rVJmcKgF4gWaXU="></latexit>

wt�1

<latexit sha1_base64="8gwHD47zS6TlhYmhWDjg3b75GTo="></latexit>
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• The synapse varies w.r.t. time, a.k.a., synaptic plasticity.
• The update should be biologically-plausible, e.g., local.

xt

<latexit sha1_base64="PjlH8uxEdEOxn5iBB/8kr0t/buo=">AAACOHicbVDLSgNBEJz1bXzr0YOLQfBi2JWAegt68ahoVEhCmJ3tjUPmscz0atYln+BV/8U/8eZNvPoFTmIORi0YqKnqprsrSgW3GASv3sTk1PTM7Nx8aWFxaXlldW39yurMMKgzLbS5iagFwRXUkaOAm9QAlZGA66h7MvCv78BYrtUl5im0JO0onnBG0UkXvTa2V8tBJRjC/0vCESmTEc7aa95WM9Ysk6CQCWptIwxSbBXUIGcC+qVmZiGlrEs70HBUUQm2VQx37fs7Ton9RBv3FPpD9WdHQaW1uYxcpaR4a397A/E/r5FhctgquEozBMW+ByWZ8FH7g8P9mBtgKHJHKDPc7eqzW2ooQxfP2JRcZ6qDNBq7pEDefdhjsRMV3DMtJVVx0Uy1yPtFE6GHNimGv37JRRr+DvAvudqvhNXK0Xm1XDsehTtHNsk22SUhOSA1ckrOSJ0w0iGP5Ik8ey/em/fufXyXTnijng0yBu/zC3OvriY=</latexit>

yt

<latexit sha1_base64="UNYax0u3Gda50rVJmcKgF4gWaXU="></latexit>

wt = F (wt�1, xt, yt)

<latexit sha1_base64="+GwcFF2SQjGxxhR8koYtQXb4Ubg="></latexit>
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• The synapse varies w.r.t. time, a.k.a., synaptic plasticity.
• The update should be biologically-plausible, e.g., local.

xt

<latexit sha1_base64="PjlH8uxEdEOxn5iBB/8kr0t/buo=">AAACOHicbVDLSgNBEJz1bXzr0YOLQfBi2JWAegt68ahoVEhCmJ3tjUPmscz0atYln+BV/8U/8eZNvPoFTmIORi0YqKnqprsrSgW3GASv3sTk1PTM7Nx8aWFxaXlldW39yurMMKgzLbS5iagFwRXUkaOAm9QAlZGA66h7MvCv78BYrtUl5im0JO0onnBG0UkXvTa2V8tBJRjC/0vCESmTEc7aa95WM9Ysk6CQCWptIwxSbBXUIGcC+qVmZiGlrEs70HBUUQm2VQx37fs7Ton9RBv3FPpD9WdHQaW1uYxcpaR4a397A/E/r5FhctgquEozBMW+ByWZ8FH7g8P9mBtgKHJHKDPc7eqzW2ooQxfP2JRcZ6qDNBq7pEDefdhjsRMV3DMtJVVx0Uy1yPtFE6GHNimGv37JRRr+DvAvudqvhNXK0Xm1XDsehTtHNsk22SUhOSA1ckrOSJ0w0iGP5Ik8ey/em/fufXyXTnijng0yBu/zC3OvriY=</latexit>

yt

<latexit sha1_base64="UNYax0u3Gda50rVJmcKgF4gWaXU="></latexit>

wt = F (wt�1, xt, yt)

<latexit sha1_base64="+GwcFF2SQjGxxhR8koYtQXb4Ubg="></latexit>

✦ The Hebbian plasticity [Hebb 1949]: Update is local and fire 
together wire together, e.g.,                               .wt = wt�1 + xtyt

<latexit sha1_base64="txqpJa7PMeUMPg/M0lXSZoJQlHo="></latexit>
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• The synapse varies w.r.t. time, a.k.a., synaptic plasticity.
• The update should be biologically-plausible, e.g., local.

xt
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yt

<latexit sha1_base64="UNYax0u3Gda50rVJmcKgF4gWaXU="></latexit>

wt = F (wt�1, xt, yt)

<latexit sha1_base64="+GwcFF2SQjGxxhR8koYtQXb4Ubg="></latexit>

✦ The Hebbian plasticity [Hebb 1949]: Update is local and fire 
together wire together, e.g.,                               .

✦ The Homeostatic plasticity [Turrigiano 2008]: Stabilize the 
network by normalizing the strength of incoming synapses.

wt = wt�1 + xtyt

<latexit sha1_base64="txqpJa7PMeUMPg/M0lXSZoJQlHo="></latexit>
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A Mathematical Model 
(Subject to biological constraints)

A Computational Task 
(Capturing Experimental Observation)

What’s the Compression 
Mechanism in Retina?

!9

Streaming PCA Synaptic Learning

Biologically-Realistic Timescale 
(Adaptation happens in few seconds)

Tiny Dependency on #Photoreceptors!
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>
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<latexit sha1_base64="2Ye546v9shNqVG0BBjksegadsaU="></latexit>
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(Local update)

Learning rate

Violate synaptic scaling! How about normalization?
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Idea: Mimic power method.

wt  (I + ⌘t · xtx
>
t )wt�1

<latexit sha1_base64="2Ye546v9shNqVG0BBjksegadsaU="></latexit>

wt  
(I + ⌘t · xtx>

t )wt�1

k(I + ⌘t · xtx>
t )wt�1k2

<latexit sha1_base64="Unv6u7abAxwjHVRb5lKIExGs7EE="></latexit>
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Idea: Mimic power method.

wt  (I + ⌘t · xtx
>
t )wt�1

<latexit sha1_base64="2Ye546v9shNqVG0BBjksegadsaU="></latexit>

wt  
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t )wt�1
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<latexit sha1_base64="Unv6u7abAxwjHVRb5lKIExGs7EE="></latexit>

Homeostatic Plasticity 
(Synaptic scaling)

Hebbian Plasticity 
(Local update)

Learning rate

Violate synaptic scaling! How about normalization?
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wt  
(I + ⌘t · xtx>

t )wt�1

k(I + ⌘t · xtx>
t )wt�1k2

<latexit sha1_base64="Unv6u7abAxwjHVRb5lKIExGs7EE="></latexit>
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(Synaptic scaling)

Hebbian Plasticity 
(Local update)
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wt  
(I + ⌘t · xtx>

t )wt�1

k(I + ⌘t · xtx>
t )wt�1k2

<latexit sha1_base64="Unv6u7abAxwjHVRb5lKIExGs7EE="></latexit>

The update is not local, e.g., updating         requires knowledge 
of         . How about Taylor’s expansion?

wt,1

<latexit sha1_base64="4ci+x3Xhz+KWHsBECemiGBm8cuU="></latexit>

wt,2

<latexit sha1_base64="7vxOcdTFbDTYhj/3pkVDSJuVMRA="></latexit>

Homeostatic Plasticity 
(Synaptic scaling)

Hebbian Plasticity 
(Local update)
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wt  
(I + ⌘t · xtx>

t )wt�1

k(I + ⌘t · xtx>
t )wt�1k2

<latexit sha1_base64="Unv6u7abAxwjHVRb5lKIExGs7EE="></latexit>

The update is not local, e.g., updating         requires knowledge 
of         . How about Taylor’s expansion?

wt,1

<latexit sha1_base64="4ci+x3Xhz+KWHsBECemiGBm8cuU="></latexit>

wt,2

<latexit sha1_base64="7vxOcdTFbDTYhj/3pkVDSJuVMRA="></latexit>

Homeostatic Plasticity 
(Synaptic scaling)

Hebbian Plasticity 
(Local update)

yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>

where                          is the correlation.

<latexit sha1_base64="3oQGa9ROJ7fu0QhvF9XxeRhCSj0="></latexit>

wt = wt�1 + ⌘tyt · (xt � ytwt�1)
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The update is not local, e.g., updating         requires knowledge 
of         . How about Taylor’s expansion?
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wt,2

<latexit sha1_base64="7vxOcdTFbDTYhj/3pkVDSJuVMRA="></latexit>

Homeostatic Plasticity 
(Synaptic scaling)

Hebbian Plasticity 
(Local update)

yt = x>
t wt�1
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wt  
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t )wt�1k2

<latexit sha1_base64="Unv6u7abAxwjHVRb5lKIExGs7EE="></latexit>

The update is not local, e.g., updating         requires knowledge 
of         . How about Taylor’s expansion?

wt,1

<latexit sha1_base64="4ci+x3Xhz+KWHsBECemiGBm8cuU="></latexit>

wt,2

<latexit sha1_base64="7vxOcdTFbDTYhj/3pkVDSJuVMRA="></latexit>

Homeostatic Plasticity 
(Synaptic scaling)

Hebbian Plasticity 
(Local update)

yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>

where                          is the correlation.

(ML Oja’ Rule)

(Bio Oja’ Rule)
<latexit sha1_base64="3oQGa9ROJ7fu0QhvF9XxeRhCSj0="></latexit>

wt = wt�1 + ⌘tyt · (xt � ytwt�1)
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yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>

Oja’s Rule & Retina
<latexit sha1_base64="3oQGa9ROJ7fu0QhvF9XxeRhCSj0="></latexit>

wt = wt�1 + ⌘tyt · (xt � ytwt�1)
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...

<latexit sha1_base64="Y79/RzpFA3+vnbSg3XyS1OuqeP4="></latexit>

Photoreceptors

Ganglion Cell

Synapses

yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>
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<latexit sha1_base64="Y79/RzpFA3+vnbSg3XyS1OuqeP4="></latexit>

Photoreceptors

Ganglion Cell

Synapses

yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>

Light
xt

<latexit sha1_base64="PolTMCZRsDVf9yJifh1L3hi8fPo="></latexit>

xt,1

<latexit sha1_base64="wweAbU46jlW0u2z+oAlkIU+uAO8="></latexit>

xt,2

<latexit sha1_base64="yeIIuB/vbOPhb8XjogG6ENaeDEU="></latexit>

xt,n

<latexit sha1_base64="xF29gmhX13jV/5kR5I42S7PQc34="></latexit>

Oja’s Rule & Retina
<latexit sha1_base64="3oQGa9ROJ7fu0QhvF9XxeRhCSj0="></latexit>

wt = wt�1 + ⌘tyt · (xt � ytwt�1)
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<latexit sha1_base64="Y79/RzpFA3+vnbSg3XyS1OuqeP4="></latexit>

Photoreceptors
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yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>

Light
xt

<latexit sha1_base64="PolTMCZRsDVf9yJifh1L3hi8fPo="></latexit>
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<latexit sha1_base64="wweAbU46jlW0u2z+oAlkIU+uAO8="></latexit>

xt,2

<latexit sha1_base64="yeIIuB/vbOPhb8XjogG6ENaeDEU="></latexit>

xt,n

<latexit sha1_base64="xF29gmhX13jV/5kR5I42S7PQc34="></latexit>

wt�1,1

<latexit sha1_base64="EP8lbi8TvjUFzOUYq05jAMESwZY="></latexit>

wt�1,2

<latexit sha1_base64="qjdR0AfqQ63HrGv0kFBfjxxsA0M="></latexit>

wt�1,n

<latexit sha1_base64="A8bK8NItHxJLMRgRnsy2Os37QMU="></latexit>

Oja’s Rule & Retina
<latexit sha1_base64="3oQGa9ROJ7fu0QhvF9XxeRhCSj0="></latexit>

wt = wt�1 + ⌘tyt · (xt � ytwt�1)
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<latexit sha1_base64="Y79/RzpFA3+vnbSg3XyS1OuqeP4="></latexit>

Photoreceptors

Ganglion Cell

Synapses

wt,i = wt�1,i + ⌘tyt · (xt + ytwt�1,i)

<latexit sha1_base64="g59evNHVUPTVY5qPxyl+CFwe3jo="></latexit>

yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>

yt = x>
t wt�1

<latexit sha1_base64="vL9fcCRl4DaKhPj2zMfDBhPcXWs="></latexit>
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wt = wt�1 + ⌘tyt · (xt � ytwt�1)
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Only convergence in the limit result had been known 😳

The higher order term makes the analysis difficult 😢



Prior Work

!13

Only convergence in the limit result had been known 😳

Theorem ([Duflo 2013], informal).

Let       be a random unit vector and         be the learning rate. 
If (i)                    and (ii)                    , then 
 

almost surely where      is the normalized top eigenvector of 
the covariance matrix.

w0

<latexit sha1_base64="4CYgj0KRcOH6Zd9qY9GLCCN6lys="></latexit>

{⌘t}

<latexit sha1_base64="pWFBiNq0LMK0H31GCBi88ubpp7o="></latexit>

X

t

⌘t = 1

<latexit sha1_base64="xvIw/cAHbHJQnf7h8De+2Prl27o="></latexit>

X

t

⌘t
2 < 1

<latexit sha1_base64="yDygcqvg7kYXzAi7Fk1dZ8HOBoI="></latexit>

lim
t!1

hwt,v1i2 = 1

<latexit sha1_base64="M+WhhYQ/SAOXJ6boAG7112yh2fA="></latexit>

v1

<latexit sha1_base64="dvETLajlLX+EpsxdhQYn+Z02Yc4="></latexit>

The higher order term makes the analysis difficult 😢



Main Theorem

!14



Main Theorem

!14

We prove the first convergence rate analysis



We prove the first convergence rate analysis and match 
the information-theoretic lower bound 🙂

Main Theorem

!14

We prove the first convergence rate analysis



We prove the first convergence rate analysis and match 
the information-theoretic lower bound 🙂

Main Theorem

!14

We prove the first convergence rate analysis

Theorem (Oja’s rule efficiently solves streaming PCA).

Let       be a random unit vector and            . There exist 
learning rate        with                          and 
 
 

where            are the top two eigenvalues, such that

w0

<latexit sha1_base64="4CYgj0KRcOH6Zd9qY9GLCCN6lys="></latexit>

{⌘t}

<latexit sha1_base64="pWFBiNq0LMK0H31GCBi88ubpp7o="></latexit>

✏, � > 0

<latexit sha1_base64="QEJFaQMP7KMrIU74bKjyZ5ULWfY="></latexit>

⌘t = ⇥(1/log t)

<latexit sha1_base64="BayKqiQ3NTa9qM0XgLm1EL5yO8k="></latexit>

�1,�2

<latexit sha1_base64="klC9mh86CY+QiXtFzKyBlvX8K+Y="></latexit>

Pr


9t � T,

hwt,v1i2

kwtk22
< 1� ✏

�
< � .

<latexit sha1_base64="FZS8tgZEep9JnXlLzUesF/Z+o4Q="></latexit>

T = ⇥̃

✓
�1

min{✏, �2} · (�1 � �2)2

◆

<latexit sha1_base64="BoTC576uHwgaH2urweFcdTScOKs="></latexit>



We prove the first convergence rate analysis and match 
the information-theoretic lower bound 🙂

Main Theorem

!14

We prove the first convergence rate analysis

Theorem (Oja’s rule efficiently solves streaming PCA).

Let       be a random unit vector and            . There exist 
learning rate        with                          and 
 
 

where            are the top two eigenvalues, such that

w0

<latexit sha1_base64="4CYgj0KRcOH6Zd9qY9GLCCN6lys="></latexit>

{⌘t}

<latexit sha1_base64="pWFBiNq0LMK0H31GCBi88ubpp7o="></latexit>

✏, � > 0

<latexit sha1_base64="QEJFaQMP7KMrIU74bKjyZ5ULWfY="></latexit>

⌘t = ⇥(1/log t)

<latexit sha1_base64="BayKqiQ3NTa9qM0XgLm1EL5yO8k="></latexit>

�1,�2

<latexit sha1_base64="klC9mh86CY+QiXtFzKyBlvX8K+Y="></latexit>

Pr


9t � T,

hwt,v1i2

kwtk22
< 1� ✏

�
< � .

<latexit sha1_base64="FZS8tgZEep9JnXlLzUesF/Z+o4Q="></latexit>

This improves the 

best known result on 

streaming PCA!

T = ⇥̃

✓
�1

min{✏, �2} · (�1 � �2)2

◆

<latexit sha1_base64="BoTC576uHwgaH2urweFcdTScOKs="></latexit>



We prove the first convergence rate analysis and match 
the information-theoretic lower bound 🙂

Main Theorem

!14

We prove the first convergence rate analysis

Theorem (Oja’s rule efficiently solves streaming PCA).

Let       be a random unit vector and            . There exist 
learning rate        with                          and 
 
 

where            are the top two eigenvalues, such that

w0

<latexit sha1_base64="4CYgj0KRcOH6Zd9qY9GLCCN6lys="></latexit>

{⌘t}

<latexit sha1_base64="pWFBiNq0LMK0H31GCBi88ubpp7o="></latexit>

✏, � > 0

<latexit sha1_base64="QEJFaQMP7KMrIU74bKjyZ5ULWfY="></latexit>

⌘t = ⇥(1/log t)

<latexit sha1_base64="BayKqiQ3NTa9qM0XgLm1EL5yO8k="></latexit>

�1,�2

<latexit sha1_base64="klC9mh86CY+QiXtFzKyBlvX8K+Y="></latexit>

Pr


9t � T,

hwt,v1i2

kwtk22
< 1� ✏

�
< � .

<latexit sha1_base64="FZS8tgZEep9JnXlLzUesF/Z+o4Q="></latexit>

T = ⇥̃

✓
�1

min{✏, �2} · (�1 � �2)2

◆

<latexit sha1_base64="BoTC576uHwgaH2urweFcdTScOKs="></latexit>



We prove the first convergence rate analysis and match 
the information-theoretic lower bound 🙂

Main Theorem

!14

We prove the first convergence rate analysis

Theorem (Oja’s rule efficiently solves streaming PCA).

Let       be a random unit vector and            . There exist 
learning rate        with                          and 
 
 

where            are the top two eigenvalues, such that

w0

<latexit sha1_base64="4CYgj0KRcOH6Zd9qY9GLCCN6lys="></latexit>

{⌘t}

<latexit sha1_base64="pWFBiNq0LMK0H31GCBi88ubpp7o="></latexit>

✏, � > 0

<latexit sha1_base64="QEJFaQMP7KMrIU74bKjyZ5ULWfY="></latexit>

⌘t = ⇥(1/log t)

<latexit sha1_base64="BayKqiQ3NTa9qM0XgLm1EL5yO8k="></latexit>

�1,�2

<latexit sha1_base64="klC9mh86CY+QiXtFzKyBlvX8K+Y="></latexit>

Pr


9t � T,

hwt,v1i2

kwtk22
< 1� ✏

�
< � .

<latexit sha1_base64="FZS8tgZEep9JnXlLzUesF/Z+o4Q="></latexit>

T = ⇥̃

✓
�1

min{✏, �2} · (�1 � �2)2

◆

<latexit sha1_base64="BoTC576uHwgaH2urweFcdTScOKs="></latexit>



We prove the first convergence rate analysis and match 
the information-theoretic lower bound 🙂

Main Theorem

!14

We prove the first convergence rate analysis

Theorem (Oja’s rule efficiently solves streaming PCA).

Let       be a random unit vector and            . There exist 
learning rate        with                          and 
 
 

where            are the top two eigenvalues, such that

w0

<latexit sha1_base64="4CYgj0KRcOH6Zd9qY9GLCCN6lys="></latexit>

{⌘t}

<latexit sha1_base64="pWFBiNq0LMK0H31GCBi88ubpp7o="></latexit>

✏, � > 0

<latexit sha1_base64="QEJFaQMP7KMrIU74bKjyZ5ULWfY="></latexit>

⌘t = ⇥(1/log t)

<latexit sha1_base64="BayKqiQ3NTa9qM0XgLm1EL5yO8k="></latexit>

�1,�2

<latexit sha1_base64="klC9mh86CY+QiXtFzKyBlvX8K+Y="></latexit>

Pr


9t � T,

hwt,v1i2

kwtk22
< 1� ✏

�
< � .

<latexit sha1_base64="FZS8tgZEep9JnXlLzUesF/Z+o4Q="></latexit>

T = ⇥̃

✓
�1

min{✏, �2} · (�1 � �2)2

◆

<latexit sha1_base64="BoTC576uHwgaH2urweFcdTScOKs="></latexit>



Biological Perspectives

!15



Biological Perspectives

!15

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].



Continual Learning

Biological Perspectives

!15

Efficient Coding Principle

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].



Continual Learning

Biological Perspectives

!15

Efficient Coding Principle
[Barlow 1961] the main goal of a 
sensory system is to maximize the 
information in the neural encoding.

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].



Continual Learning

Biological Perspectives

!15

Efficient Coding Principle
[Barlow 1961] the main goal of a 
sensory system is to maximize the 
information in the neural encoding.
~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: What’s the underlying dynamic? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].



Continual Learning

Biological Perspectives

!15

Efficient Coding Principle
[Barlow 1961] the main goal of a 
sensory system is to maximize the 
information in the neural encoding.
~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: What’s the underlying dynamic? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~
We provide the first provable 
explanation for fast adaptation. 

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].



Continual Learning

Biological Perspectives

!15

Efficient Coding Principle
[Barlow 1961] the main goal of a 
sensory system is to maximize the 
information in the neural encoding.
~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: What’s the underlying dynamic? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~
We provide the first provable 
explanation for fast adaptation. 

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].

Adaptation happens throughout lifetime.



Continual Learning

Biological Perspectives

!15

Efficient Coding Principle
[Barlow 1961] the main goal of a 
sensory system is to maximize the 
information in the neural encoding.
~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: What’s the underlying dynamic? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~

~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: How is it possible to continually 

have efficient adaptation? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~

We provide the first provable 
explanation for fast adaptation. 

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].

Adaptation happens throughout lifetime.



Continual Learning

• The learning rate remains large and 
the guarantee is for-all-time.


• Specifically, we have                    .

Biological Perspectives

!15

Efficient Coding Principle
[Barlow 1961] the main goal of a 
sensory system is to maximize the 
information in the neural encoding.

X

t

⌘t
2 = 1

<latexit sha1_base64="7W9ZJURXRfaA3+32KKCP2QWBcRM="></latexit>

~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: What’s the underlying dynamic? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~

~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
Q: How is it possible to continually 

have efficient adaptation? 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~

We provide the first provable 
explanation for fast adaptation. 

Retina adapts to illumination, contrast, spatial frequency etc. in few 
seconds despite high-dimensional inputs [Shapley 1994].

Adaptation happens throughout lifetime.



Few Words on the Proofs

!16



Few Words on the Proofs

!16

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

Suggest the right way to analyze!

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

Suggest the right way to analyze!

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

Suggest the right way to analyze! Flexible and nearly optimal!

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

Suggest the right way to analyze! Flexible and nearly optimal!

Step 1: Linearization & Moment Analysis 
Step 2: Improvement Analysis 
Step 3: Interval Analysis

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1



Few Words on the Proofs

!16

See the the full version [arXiv 1911.02363v2] or a follow-up paper 
[arXiv 2006.06171] focusing on the proof framework/techniques!

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

Suggest the right way to analyze! Flexible and nearly optimal!

Step 1: Linearization & Moment Analysis 
Step 2: Improvement Analysis 
Step 3: Interval Analysis

<latexit sha1_base64="qrFo7AX5hcyJ/iMuTRQiRKWJO/g="></latexit>

wt = wt�1 + ⌘tytxt � ⌘tyt
2wt�1

https://arxiv.org/abs/1911.02363
http://arxiv.org/abs/2006.06171


Few Words on the Proofs

!16

See the the full version [arXiv 1911.02363v2] or a follow-up paper 
[arXiv 2006.06171] focusing on the proof framework/techniques!

Continuous Analysis Stopping Time Framework

The higher order term makes the previous analysis (for other 
streaming PCA algorithm) fail in analyzing Oja’s rule 😢

Suggest the right way to analyze! Flexible and nearly optimal!

Step 1: Linearization & Moment Analysis 
Step 2: Improvement Analysis 
Step 3: Interval Analysis

The technique 

improves 3 different 

ML problems!
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