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Neural networks are SOTA
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vision." arXiv preprint arXiv:2105.01601. 2021.

PhD Defense, 08/23/21: Efficient Deep Learning

lucasl@mit.edu



mailto:lucasl@mit.edu

he bigger, the better

Zero-shot One-shot Few-shot

175B Params

Natural Language

60 Prompt

Accuracy (%)

1.3B Params
Number of Examples in Context (K)
Brown, Tom, etal. "Language models are few-shot learners." arXiv preprint arXiv:2005. 14165 (2020).
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| ess resources, same performance?

0000000
00000000
000000000

}

0000000000

)

000000000000
—————
0000000000000 00

-

0000000
e
000000000
———
0000000000
0000000000
00000000000
000000000000
O00000 000000
0000000000000
0000000000000 0
O0000000000000

0000000000000 00

Il

|

| ess Parameters

— Effects on Generalization

lucasl@mit.edu

PhD Defense, 08/23/21: Efficient Deep Learning

"
i
CSAIL

I Ly
iyt
T


mailto:lucasl@mit.edu

(Goals of the talk

Derive a theoretical understanding of parameter efficiency in deep learning.
Understand the limitations and the potential of theoretical results.
Translate our findings into efficient algorithms in practice.

Examine the effects of pruning on the generalization performance.

ORONONO
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Outline

Theory of pruning
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Objective: neuron pruning

For a given network fg(x) with parameters 8 and €,6 € (0,1), generate a compressed, dense
reparameterization 8 (i.e., with less neurons) such that

P, o (f@ (x) e (1+ E)fg(X)) > (1-6) and Size(é) K size(0).
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Objective: neuron pruning

For a given network fg(x) with parameters 8 and €,6 € (0,1), generate a compressed, dense
reparameterization 8 (i.e., with less neurons) such that

P, o (f@ (x) e (1+ E)fg(X)) > (1-6) and Size(é) K size(0).
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Objective: neuron pruning

For a given network fg(x) with parameters 8 and €,6 € (0,1), generate a compressed, dense
reparameterization 8 (i.e., with less neurons) such that
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Objective: neuron pruning

For a given network fg(x) with parameters 8 and €,6 € (0,1), generate a compressed, dense
reparameterization 8 (i.e., with less neurons) such that

P, o (f@ (x) e (1+ E)fg(X)) > (1-6) and Size(é) K size(0).
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Objective: neuron pruning

For a given network fg(x) with parameters 8 and €,6 € (0,1), generate a compressed, dense
reparameterization 8 (i.e., with less neurons) such that

P, o (f@ (x) e (1+ E)fg(X)) > (1-6) and Size(é) K size(0).
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Related work
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—o Uniform budget allocation, He et al., 2018
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—o Sequential pruning process, Luo etal. 2017
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Related work
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Our method: neuron importance

Input
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Our method: neuron importance

—o Quantifyimportance sf of neuron j in layer €
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Our method: neuron importance
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Quantifyimportance sf of neuron j in layer €

Consider maximum contribution of activation af (x) in
ore-activation z£+1 (x)

: ~m_ax—‘% . neuron importance for fixed input

x~D
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Our method: neuron importance
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Our method: neuron importance
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Quantifyimportance sf of neuron j in layer €

Consider maximum contribution of activation af (x) in
ore-activation z£+1 (x)

at(x)
sf~max max—LL . neuron importance for any input

J xes i Zt(w)
x~D with high probability

Provable Prune step:
keepneuron j in layer € with probability p¢~ sf
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Our method: neuron importance
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Quantifyimportance sf of neuron j in layer €

Consider maximum contribution of activation af (x) in
ore-activation z£+1 (x)

£ L
w;a(x) , ,
sf~max max—2-—— ... neuron importance for any input

J xes i Zt(w)
x~D with high probability

Provable Prune step:
keepneuron j in layer € with probability p¢~ sf
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Neuron compression bounds

the number of neurons is bounded by O (Zﬁﬂ

For a given network fg (x) with parameters 8 and €, € (0, 1), PFP generates a compressed, dense
reparameterization 8 (i.e., with less neurons) such that P,..p ( fa(x) € (1 xe)fy (x)) >(1-6) and

12 (a%)" s log"/(s)
2

S* := “sum of sensitivities”

Quantifies “spread” of importance
within a layer

Af = “Propagation Complexity”

Ensures desired relative error within
layer

Considers propagation of error
across layers
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Theory of pruning

N
~
+
=

o)
e} £+1
8 v 8 wrg
2 3 2
ot
Input 8 "? g
VXxES 8 8 8
8 S 3
8 S RS
o
£—-1 £ £+1

|||i|- 3:“” PnD Defense, 08/23/21: Efficient Deep LLeaming lucasl@mit.edu 25



mailto:lucasl@mit.edu

Mhir &4 PhD Defense, 08/23/21: Efficient Deep Leaming lucasl@mit.edu

Outline

/\ Pruning Algorithms

i

26

CCCCC


mailto:lucasl@mit.edu

Sudget allocation: leveraging bounds in practice

Theorem: Relative error € = f(m?) in layer € depends
on number of samplesm?
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— Solve efficiently via binary search
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Results: prune-only

resnetl8, ImageNet resnet50, ImageNet resnetl01, ImageNet
100 100 ——— Ref Net
--- Reference Net --- Reference Net ererence Ne
— Qurs —— Qurs 80 —— OQOurs
S 80 — fT < 80 — FT S T ;Tf
— —_— — — = —— SoftNet
5 -~ SoftNet s SoftNet 560
o i -
o 60 o L
n n ‘qm';
< 2 =40
40
------------------------------- 20————————————————————————
80 85 90 95 80 85 90 95 80 85 90 95
Retained Parameters (%) Retained Parameters (%) Retained Parameters (%)
(a) ResNetl8 (b) ResNet50 (c) ResNetl101
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Results: budget allocation

vggl6, BN, CIFAR10

_________

224 x224x3 224 x224x64

15 -—-- Fixed Prune Ratio
—— OQOurs

56{x 56 x 256

8 % 28 x 512 7x7x512
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ﬁ %1 x 14 x 512 1x1x4096 1x1x1000
/

/
Vi
=) convolution+ReLU
max pooling
fully nected+RelLU
softmax

=
o

Percentage of Total Budget

2 4 6 8 10 12 14
Layer Index

(@) VGGI6 architecture (b) Budget Allocation for VGG16
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Early layers are over-sampled
- small filters, large iImages

Middle layers are under-sampled
- large filters, small images

Last layer s over-sampled
- classification layer!
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Results: iterative pruning

Prune filters
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Results: iterative pruning

resnet56, CIFAR10

o vgg16, BN, CIFAR10
—--- Reference Net 1 -=-- Reference Net
8 —— QOurs 10 —— Ours
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A more generic approach to pruning

O— |  —®

1 )) 1 )
Local step Global step
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8 g

e = e*(prune_ratio) If = Fll < ellfll where e = e(e?, ..., e5)

Efficiently implementable and easy to evaluate minimize cost(e?l, ..., e) s.t. size(é) <B
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Pruning via low-rank decomposition

CCCCC
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Pruning via low-rank decomposition

CCCCC
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Pruning via low-rank decomposition

CCCCC
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Pruning via low-rank decomposition

CCCCC
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Pruning via low-rank decomposition

CCCCC
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# params = j(fk + ¢)
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Pruning via low-rank decomposition

Per-layer budget
bl .., bt

A

Solve for all layers:
Randomly initialize min, ?EI?L)]( e (k%)% ’
1 Y L — ] terate min e*(j, k)
s.t. size(§) < B J%k

—

# subspaces
kY, .. kE

I II il- h_c”jh PhD Defense, 08/23/21: Efficient Deep Learning

— Optimal Netyyork
Decomposition
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Pruning via low-rank decomposition

Per-layer budget
bl .., bt

A

w540 A0 Solve for all layers:
Randomly initialize ji,..jLLE[L] J
Kl gL — terate min (¢, k%)
s.t. size(0) < B J%k

—

# subspaces
kY, .. kE

Global Step
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Pruning via low-rank decomposition

Per-layer budget
bl .., bt

A

w540 A0 Solve for all layers:
Randomly initialize ji,..jLLE[L] J
R — terate min ‘(j¢, k)
s.t. size(0) < B il

—

# subspaces
kY, .. kE

Global Step Local Step
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—4— L-Rank FT

INg via low-rank decomposition: results
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Outline

(Generalization

Test loss
Train loss : /
Flat Sharp
minimum minimum
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What are the effects of pruning”

How we prune”? VWhat is preserved? What is lost”?
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What are the effects of pruning”
How we prune”?

resnet20, CIFAR10
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What are the effects of pruning”

What is presenved?
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What is preserved during pruning?

resnet20, CIFAR10
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What is preserved during pruning?
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What is preserved during pruning?

resnet20, CIFAR10
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What is preserved during pruning?

resnet20, CIFAR10
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What are the effects of pruning”

What is presenved?
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What are the effects of pruning”

What is /OSl‘ "/

EBE Ol s Dtreutos BE D@ Test Do

resnet20, CIFARLO
100.0%

l-l."u ~

100.0%

Y prune Porestial, 6 = 0.5%
(b) Weight prune potential

resnet20, CIFARLO

Prune Potertial, O = 0.5%
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What is lost during pruning”?
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for noise for corruptions
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Prune potential

For & € [0,1), given network fg, and data distribution D the prune potential P(8, D) is defined as

P(0,D) = "maximum prune ratio with accuracy loss at most 6"
resnet20, CIFAR10 Prune potential for
>+1.0% . 0=0
e 1 H H ) E = -

Quantifies "overparameterization” of S 0.0%meennanrenesienilh

network s :
E 1.0% -

| | £ —}— PFP :SipP 7
Approximated using many prune- 2 0% FT o —=iwr ¥
. . T
retrain cycles 20.0% 40.0% 60.0% 80.0% 100.0%

Pruned Parameters
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Prune potential for noise

eps=0.43

eps=0.00

eps=0.21

eps=0.32

eps=0.11
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Prune potential after small noise
injections in input

Pruned networks are more affectea
oy out-of-distribution

"Robust overparameterization” vs.
‘nominal overparameterization”
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resnetl8, ImageNet
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Prune potential for corruptions
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Distribution:

B2 Train
B Test

EAB@A Train
R Test

* Significantly reduced prune potential under distribution changes (!)
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—XCESS error

For a network fp, train distribution D, and test distribution D' the excess error is defined as

e(8,D") = "additional error incurred on test distribution"
CIFAR10 Jpeg Speckle —— Gauss
- WT, resnet20, CIFAR10
Quantifies performance drop for 5 0.0% e = f
distribution changes 5 25% 1t : EACESS SITORIor -
S s0% : «— “(Gauss” test distribution
- - & ;s and 80% prune ratio
Difference in excess error for = -7.5% °P
—=  pruned and unpruned network §-10.0% . W |
indicates performance drop 20.0% 40'0%run6e0h0;§o 80.0% 100.0%
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—XCESS error

resnet20, CIFAR10
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Excess error averaged over multiple
corruptions

Pruned networks exhibit higher
EXCESS error

Nominal prune curve is not indicative
of out-of-distribution performance!
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What is lost during pruning”?
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What is lost during pruning”?
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What is lost during pruning”?
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What is lost during pruning”?
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Sparse Flow: pruning continuous-depth models

Neural ODEs %20 _ £((t),t,6), where z(to) = z

(Neural Ordinary Differential Equations) dt

ONFs Base distribution: z, ~ p, (2¢), Target distribution: z,, ~ p, (z,)

(Continuous Normalizing Flows) Change of variable: log p(Z(tn)) = log p(Z(tO)) - fttol Tr (622)) at

Zy ~ pzo(zo) az(t) Zn ~ pzn(zn)

> = f(z(1),t,0) >

Base Distribution ot Target Distribution

Image credit: Torchdyn code repository, https://github.convDiffEgML/torchdyn
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Sparse Flow: pruning continuous-depth models

Neural ODEs %20 _ £((t),t,6), where z(to) = z

(Neural Ordinary Differential Equations) dt

ONFs Base distribution: z, ~ p, (2¢), Target distribution: z,, ~ p, (z,)

(Continuous Normalizing Flows) Change of variable: log p(Z(tn)) = log p(Z(tO)) - fttol Tr (622)) at

Zy ~ pzo(zo) az(t) Zn ~ pzn(zn)

> = f(z(1),t,0) >

Base Distribution ot Target Distribution

Image credit: Torchdyn code repository, https://github.convDiffEgML/torchdyn
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Sparse

-low: pruning continuous-depth models

Neural ODEs 92O _ £(4(0),t,0), where z(t,) = z,

(Neural Ordinary Differential Equations)

ot

CNFs

Base distribution: z, ~ p, (2¢), Target distribution: z,, ~ p, (z,)

(Continuous Normalizing Flows) Change of variable: log p(Z(tn)) = log p(Z(tO)) - fttol Tl‘( - ) dt

9z(t)
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Sparse Flow: pruning continuous-depth models
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Sparse Flow: toy datasets

—— Unstructured Pruning  ----- Structured Pruning
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Sparse Flow: CIFAR10
'8 Pruning Neural ODEs improves generalization M,‘AAF'
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Memorization during training

Illir%L PhD Defense, 08/23/21: Efficient Deep Leaming Jucasl@mit.edu 69


mailto:lucasl@mit.edu

Nominal vs. ropbust
overparameterization

ResNetl8
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Neyshabur et al. 2019
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(b) ResNet-18

Ye et al. 2019
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Related work and discussion

Implicit regularization via
overparameterization
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Conclusion

Built a theoretical understanding of parameter efficiency in deep learming.
Discussed the potential and limitations of our theoretical analysis.
L everaged our theoretical understanding to design practical pruning algorithms.

Investigated the effect of pruning on the generalization capabilities of the network.
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