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An example: Deep Compression [ICLR, 201 6]

Quantization: less bits per weight
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[Han, Mao, Dally, ICLR 2016]



Deep Compression: Step |, prune
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Deep Compression: Step 2, quantize
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Deep Compression: Step 3, compress

Huffman Encoding

———————————

Encode Weights
Encode Index

-———————_’

|
I
I
I
I
I
I
I
I
I
I
l

I I I IS S IS S S B e



Deep Compression: Experiments

Network Top-1 Error  Top-5 Error | Parameters Eggp HES5
LeNet-300-100 Ret 1.64% - 1070 KB
LeNet-300-100 Compressed | 1.58% - 27 KB 40 X
LeNet-5 Ref 0.80% - 1720 KB

LeNet-5 Compressed 0.74% - 44 KB 39 X
AlexNet Ref 42."718% 19.73% 240 MB

AlexNet Compressed 42.78% 19.70% 6.9 MB 39 X
VGG-16 Ref 31.50% 11.32% 552 MB

VGG-16 Compressed 31.17% 10.91% 11.3 MB 49 ¥

network pruning works!




Network Pruning, |980-2013

ssue:

training to full acc and THEN pruning
S EXpensIve

Q: Can we avolid!
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1 he Lottery licket Hypothesis



Lottery Tic|<et HypOthesis (LTH)

nable to full a
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Lottery licket Hypcthess (LTH)

Frankle, Carbin, ICLR 2019

e YR » =<

“there exist sparse subnetworks at init that can be trained to full accuracy”

[dentity f true, kinda big deal
VWe can avoid pruning/retraining cycle

Q: How do you win the lottery??
5. (Sometimes) GOTO 3

note: winning the lottery does

not come for free



| ottery tickets >> random subnets
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lottery ticket = subnetwork + original welignhts

reinitializing subnetwork
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Many many extensions
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Challenges of Pruning At Initialization



Pruning at initialization does’'t seem work

Random networks areas good as (or better than)
claimed lottery tickets..

1o Methor I

Finding good tickets at Init seems hara.
Current Tix = walt for a few epochs




Sanity Checks [Frankle’21]
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currently no “pruning at init” algorithm works
better than optimizing sparsity levels

R

so there's no signal at Init!
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Fixing IMP



e “vanilla

e Rew]

nding to In

fiIX = rewind shortly after Init
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| ottery lickets are hard to get at Init

Linear Mode Connectivity and the Lottery Ticket Hypothesis
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| ottery lickets are hard to get at Init

Linear Mode Connectivity and the Lottery Ticket Hypothesis

e Rewinding to Iteration K rathe
* Experimental analysis through the existence of linear connectivity
'y emerges early In training, but not at inrt (hard to find models that exhibit it)

e Connectivr
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An Interesting finding



T he value of values

Deconstructing Lottery Tickets:
Zeros, Signs, and the Supermask

Hattie Zhou Janice Lan Rosanne Liu Jason Yosinski
Uber Uber Al Uber Al Uber Al
hattieQuber.com  janlanQuber.com rosanne@uber.com  yosinski@Quber.com




Why do lottery tickets perform well??

e A Study on what allows LTs to be good

Revisiting the IMP algorithm
|, Randomly Initialize weights
2. pick“importance” metric M
3. Irain for small number of rterations
4. Prune bottom p% of according to M
5. Rollback top 100-p7% non-zero welights

6. re-train to full accuracy
/. (Sometimes) GOTO 3




Mask Criteria

large init  small init magnitude
large final small final 1ncrease

large final small final large init  small 1nit movement  random
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original LI R criterion pretty good
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What to do with surviving weights®

* Relnitialize
» Shuffle original values
* Replace with sign(w)*std(init. values)

sign/zero are most iImportant

0.701 0.751 s,
_\\
N \
0.65 - - \/‘ - 0.70 - L - -
100.0% 41.0% 16.8% 6.9% 2.8% 1.2% 100.0% 41.0% 16.8% 6.9% 2.8% 1.2%
Weights Remaining Weights Remaining
—— rewind (large final) reinit, init sign —— reshuffle, init sign —— constant, init sign

—— random reinit, rand sign reshuffle, rand sign constant, rand sign



What to do with pruned weights?

* freeze to init value
* set to zero

Zero 1s special:

learning the supermask similar to training

* ndication that pruning (without training) attains non-trivial test error

c 1.0
@)




Pruning 1s all you need!!



What’s Hidden in a Randomly Weighted Neural Network?

Vivek Ramanujan * '

Ali Farhadi ¥

Abstract

Training a neural network is synonymous with learn-
ing the values of the weights. In contrast, we demon-
strate that randomly weighted neural networks contain sub-
networks which achieve impressive performance without
ever modifying the weight values. Hidden in a randomly
weighted Wide ResNet-50 [32] we find a subnetwork (with
random weights) that is smaller than, but matches the per-
formance of a ResNet-34 [9] trained on ImageNet [4]. Not
only do these “untrained subnetworks” exist, but we pro-
vide an algorithm to effectively find them. We empiri-
cally show that as randomly weighted neural networks with
fixed weights grow wider and deeper, an “untrained subnet-
work” approaches a network with learned weights in ac-
curacy. Our code and pretrained models are available at:
https://github.com/allenai/hidden-networks.

1. Introduction
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A neural network
7 which achieves
good performance

Randomly initialized A subnetwork
neural network N 7" of N

Figure 1. If a neural network with random weights (center) is suffi-
ciently overparameterized, 1t will contain a subnetwork (right) that
perform as well as a trained neural network (left) with the same
number of parameters.
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LI H

% B ?E D =S

Strong L[ H; prunlng is all you need

U



VVoah, hola on...
You can get a high accuracy model...
WITHOUT SGDY?

.e., Can we always approximate a target NN
by pruning a larger random network!




Conclusions & Open Problems

* " [rainable sparse nets are desirable

e "carly’” LIH = winning tickets exist at initialization

* |ater stage LIH = well, not quite, you have to train a bit first

* Finding LTs at init seems hard. Is it impossible though?

* Many extensions to BERI, Low-rank models, structured pruning
* Pruning is learning? WFeta/

Open Questions:
* Sparsity vs overparameterization
e (Can we prune at initialization
* Where's the math?/



Part Il: [ heory

(mostly existential results)



Do lottery tickets exist!

* Fven In the absence of computational concerns, do LT's exist?
* |f sO, under what conditions!?

* Provable poly-time algorithms!



Malach et al. Proving the Strong LTH
()

Proving the Lottery Ticket Hypothesis: Pruning is All You Need B s

Note:
This proves ANY THING can be found In a larger net, e.g,

vanilla LTs at init,
later rteration Lls
“optimal” LIs

the original network. We prove an even stronger hypothesis (as was also conjectured in Ramanujan et o O

al., 2019), showing that for every bounded distribution and every target network with bounded weights, a A neural network Rand omly initialized A subnetwork
sufficiently over-parameterized neural network with random weights contains a subnetwork with roughly

. S ' ' neural network N 7" of N
the same accuracy as the target network, without any further training. 7 which achieves
good performance

OO O O

BUT ... Ramanujan et al, prune a random WideResnet50
to approximate a Resnet 34




Sketch of Malach et al.

Main idea:
It there are enough welghts
one can approximately find the target NN

i —— i ——— — P

pruning a highly over-parameterized network|

|

target weight

X; ~ Uniform R.V

Lemma: if we draw |/€ random welghts,
one will be e-close to target with constant. probability

S0 we can't improve on this?



Our work: Exponentially tigshter Strong LI H

| * ‘Our work]




[he Subset Span approach



Malach theorem = pruning €-nets

X
2

X3 x %<

X 7 \ /

X5 X5

X; ~ Uniform R.V
generating enough so that any pruning = finding closest point to
number falls £-close e-net

poly(|/g) dependence unavoidable

what If we combine subsets of those random weights!



SUBSET Span

target weight]

mSin t—ZXZ- :

x <>

pruning = finding best subset sum to approximate target

Note: this Is like a “batch” version of single parameter pruning

Q: how many RVs do | need for an €-approximation?



Lueker 1998]

Exponentially Small Bounds on the Expected Optimum
of the Partition and Subset Sum Problems”

George S. Lueker
Department of Information and Computer Science
University of California, Irvine

Irvine, CA 92697-3425

Theorem 2.4. Let X1, Xo,..., X, be iid. uniform over |[—1,1], and let 0 < n < %
Suppose that n/2 > Clnn~!. Then, except with probability bounded by

exp ( (n/2 - Clnnl)Q) ,

2N

all values in [—%, %] have admissible 2n-approximations.

The Subset span Is very expressive:
cvery number in [-1,1], can be approximated by taking

a subset of log(1/€) RVs




—low 1O approximate a single weight

Direct application of Lueker’s
theorem

w

e O w = -

(a) Target weight

(b) Over-parameterized linear network

How do we transform the linear net to a Rel.u?

Constraint: Welghts have to be uniform and ud.




—low 1O approximate a single weight

L ueker's theorem still holds If the distribution of a*b contain Uniform(-1, 1]




from welghts to neurons to networks

w - X | wix Wx
)

: '45

S 7
A\“'

All that is left: operator norm bounds for each approximation layer so that

min SUpP ||f(X) — (SQ[ O MQZ)J((SQZ_l O, Mgl_l) .o 0'((81 O Ml)X)H < E.
S,€{0,1}%*% -1 |1x|<1



Lower bound via Packing

Theorem 2. (informal) There exists a 2-layer neural network with width d which cannot be approximated to
error within € by pruning a randomly initialized 2-layer network, unless the random network has width at

least 2(dlog(1/€)).

Proof 1dea:

How many €-separated linear functions can we pack
N a large pruned matrix?

E i
i .’"‘ ‘J

S

R
W

— I e



Learning C Pruning

Any neural network be approximated by pruning
a logarthmically overparameterizec

network of random™ welghts

l NN \ Note:

5 {oc his Is an existential result. Although
our proof Is algorithmic, we do no
pDropose a new pruning algorithm

O O O O
A neural network Randomly initialized A subnetwork
7 which achieves neural network N 7" of N

good performance




one experiment



lype of Overparam Matters a

e Comparison for pruning wider nets
e FC RelU nets
v O

O wx

w

(a) Target weight

e NNets with linear "diamond’’ structure

(b) Over-parameterized linear network

e Nets with RelLU “diamond’’ structure

(¢) Over-parameterized ReLU network

Final Test Set Accuracy

Ot

Pruning via the Ramanujan et al. algorithm

Accuracy vs Number of Parameters
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(c) LeNetb



Conclusions & Open Problems

e A DlogD random net contains ALL networks of size D!
e Vanilla LTs exist! So do Perfect LTs!

e [he IMP's problem Is not existence, but algorithmic.

e One can learn by pruning

Open Question:
e Can we fix IMP?
* Prune + train existential results!
e (Can pruning be faster than training! (better for hardware?)
 Network architectures amenable to pruning
e Jowards a 'no-backprop’ training framework
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