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original signal
quantized signal
quantization noise
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An Inherent Problem
+ Real numbers do not rea”g exist in Plﬁgsical

world, or at least in current cligital computers

o Create lots of headaches, a.k.a. numerical

analysis

o We all deal with it, often bg

ignoring it anc hoPing things
clo not brcak. -
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QNN Problem
min 2(w)

s 7:loss we aimto minimize, €.g. cross-entropy as a

surrogate for misclassification error

® () quantization set, usua”9 consists of ﬁnitelg many

Values, e.g. 0= (+1)4for binarg nets

© Solviﬂg QNN 15 very cha”enging but we “just” aim to

compete against the continuous network:

min £(W*)
weR4
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Binarg Connect

Wr. =W ntsz(P(w;k))

o

o The quantizer e the sign function, thresholds

continuous Weights w* into discrete (binarg) ones.

© Mang other choices of P have been invented since.

® octhng P = id, we recover the usual SGD for training
NNs.
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“Straight-through”
£ S

repara meterize

min 2(w ﬁ min f<P(W*)>
weQ | w*eR?
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i al ght—-vth rou gh -

repara meterize

min £(w ﬁ min f<P(W*))
weQ | w*eR?

+ Forward pass: applg quantizer =
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“Stra; ght-vth rou g}w :
repara meterize

min 2(w min £ (P(w*))

weQ | w*eR?

pass: applg quantizer P

pass: quantizer =

T A W
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“Stra; ght-vth rou g}w :
repara meterize

min 2(w min £ (P(w*))

weQ | w*eR?

pass: applg quantizer P

pass: quantizer =

TR AWAL D V£ % A\ i
W;’l1 = e e K(P(Wf))
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e jup ] ght-vth rou g}w ”

. reparameterize :
min £(w min ¢ (P(W*))
weQ | w*eR?
© pass: applg quantizer =
< pass: quantizer [

TR AWAL D V£ % A\ i
W W 1, ePewesy VK(P(W;k))

e TR

* Black magic 1S necessarg? VP

d

oes not exist!
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Proximal Quantization

Wil P<Wt = 77175”(“’;))
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Proximal Quantization

Wil (Wt = ntVf(Wt))

< Constantlg studied since 60s, to this clag

i s o DU ———
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Proximal Quantization

Wil (Wt =0 f(wt))
- Constantlg studied since 60s, to this clag

* Again, with P = id, we recover the usual SGD for

training NNs
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Proximal Quantization

Wil (Wt =0 f(wt))
- Constantlg studied since 60s, to this clag

s Again, with P = id, we recover the usual SGD for
training NNs

*» If £ is smooth and 1, < n,, converges (warning: may

not mean much!)
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Proximal Quantization
Wil (Wt = ntVf(Wt))
Constantlg studied since 60s, to this clag

Again, with P = id, we recover the usual SGD for
training NNs

If ¢ is smooth and , < 1, converges (warning: may

not mean much!)

In imPlementation: . co!
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The Similaritg and Subtletg




- The Similaritg and Subtletg "

diy bty e T

* BC: W, =P(WH), Wt =wi-n, V(W) |
|
O w=P(w)), W o= Wt—ﬂtVf(Wt)

* PT: ; W;‘fH — Wt*—ﬂtVf(Wt*)




" The Similaritg and Subtletg

* BC: W, =P(WF), wt =wi-n V(W) :
i_
* PQ Wf = P(W;k)a W;:—l = Wt_r]tVK(Wt) L

® O W, — P(W;k)a w: = Wt_ntVK(W;k)

(El

« PT: W :Wz*_”tv”ﬂ(w;k)

ol
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ResNet20

i S ¥yl

PT Doesn’t Work At ALL
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ResNet56

CIFAR-
10

93.01

10.41

39.15

10.00

9.99

10.06

s Training the BatchNorm layers for ePoch
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The Problem of PQ
w, = P(w?), wr = Wt—if]tVK(Wt)

* Small uPclate ntVK(Wt) leadstow,, | = w,

R i,
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What Makes a Good

Quantizer?




Proximal Quantizer

P¥(w*) := argmin 2%\\W>I< — WH% + r(w)
w

o If r(w) = 15(W), reduce to Projection: iinding the
discrete weiglﬂt w in Q that is closest to the

continuous Weignt wW*,

* More genera”g, the reguiarizer r(w) Penaiizes

deviation from discreteness (i.e. from Q).

® -3 |owinggraclua| transitioning from continuous

to discrete.
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How to choose the regularizer r?

. Tﬂpical choices: 1o(W), dist,(W), distzQ(W)

« Fromrto P: tedious and uninsl:)iring calculation

PY(w*) := argmin 2LUHW>x< — WH% + r(w)
A\
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How to choose the regularizer r?

. Tﬂpical choices: 1o(W), dist,(W), distzQ(W)

« Fromrto P: tedious and uninsl:)iring calculation

PY(w*) := argmin 2LUHW>x< — WH% + r(w)
A\

+ Don’t!




A Direct Design APProach

Theorem 3.1 ([41, Proposition 3]). A (possibly multi-valued) map P: R = R is a proximal map (of |
- some function r) if and only if it is (nonempty) compact-valued, monotone and has a closed graph. L
The underlying function r is unique (up to addition of constants) iff P is convex-valued, while r is |

convex iff P is nonexpansive (i.e. 1-Lipschitz continuous). E

; Theorem 3.2. Let P, : R = R%, i =1,..., k be proximal maps. Then, the averaged map

|

| P:= Zle o; P, where o; > 0, Zle o; = 1, 9)
is also a proximal map. Similarly, the product map |
: P:=P; xPyx: - xPg, wt=(w},...,wi)— (P1(w7),...,Pr(w)) (10) |

is a proximal map (from R to R).

b & Bt ik

i g Aty G n &

* Ol:>6:ra‘cior1a||9J all we need to knowis P

B e i B g N

*ris required for theoretical analgsis: existence suffices |

./

S5, : i v




@ p=0,0=0.2.

Figure 1: Different instantiations of the proximal map L in (13) for Q = {-1,0,1}.



Demgsthcging BC with 3

technical tools
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Generalized Conditional Gradient

min f(W*) + g(W*)
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Generalized Conditional Gradient
Hli*n JW*) + g(w*)

* Step - inearize ¥ at current iterate W;I<

min f(W¥) + (W¥ — w¥) - V/(w)+g(w*)
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Generalized Conditional Gradient
Hli*n JW*) + g(w*)

* Step - inearize ¥ at current iterate W;I<

min f(W¥) + (W¥ — w¥) - V/(w)+g(w*)
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Generalized Conditional Gradient
min f(w*) + g(w*) |

|

° Step I: linearize f at current iterate W |

min f(W¥) + (W¥ — w¥) - V/(w)+g(w*)

* Step 2: solve above to obtain z* = Vg* ( -V f(w;k))
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Generalized Conditional Gradient
ﬂilvin JIW™) + g(W*)
* Stepl: inearize f at current iterate W
Uilv{kn JOWE) + (W™ — W) - VAW )+ g(w™)
* Step 2: solve above to obtain zF =V g*(—V f(w;k)) |

XS Stel:) 5 w: =(1 —/IZL)W;l< +/1tz;’<, /1t e [0,1]
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1 = (1, 1)




it i 3 L
< TR

g e Pe——

Ir1 = (1, 1)




e i .2 Lt A

nin __la® +

X1 = (1, 1)

P g Pe— - T~




L1

— (1,1)




il il 3L e s

WW"}-‘ P s et S i el s

X1

= (17 1)




D

Primal and Dual

min (W) + r(w) mi*n C*(—W*) + r*(w*)

Fenchel conjugate: £¥(WF) := max w' w¥ — £(W)

Twins: solving one helps solving the other.

‘.‘Z‘_xaml:)le: linear Programming clualitg.

Note: Tl’]é clual IS alwags a CONVEX Problem.

B

|
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Moreau Envelope

ool e
MZ(w*) := min ZHW* — w||5 + r(w)

W
, , n =1
+ Smooth aPPrOXImatlon |

* U controls error:

N —roas o | 0

L g Uy
VI\/Ir = p =Pr>x< (/ﬂ)

I e D e a B T e e P L
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GCG —> Smoothened Dual

min £(w) + r(w)

W

min £*(— W*) + r*(w¥*)

min £*(— W*)+M (W)

wE

* Asu | Owe aPProach the original dual.

* M, is ditferentiable, with Lil:)schitz cont gracl.

‘. Punrt it o s - aRis oty — —~ r—————— =
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GCG —> Smoothened Dual

min £(w) + r(w)

W

min £*(— W*) + r*(w¥*)

* Asu | Owe aPProach the orlgmal dual.

* M, is ditferentiable, with Lil:)schitz cont gracl.

‘. Punrt it o s - aRis oty — —~ r—————— =




A il i 2.5 S Ay
[

GCG —> Smoothened Dual

min £(w) + r(w)

W

min £*(— W*) + r*(w¥*)

* Asu | Owe aPProach the orlgmal &ual

* M, is ditferentiable, with Lipschitz cont gracl.
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Unpacking

* Stepl: W, := VME(WF) = P AW/ )

s

* Step 2: ¥ 1= — VE**(w)

s Step: w¥ = (1 — )w¥ + Az¥, A € [0,1]

» % is the convex hull of f, the best convex

aPProximation IN sOome sense
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Simplhcying
. Upon change-oﬁ-variable:

1/u

W, =P (m_wip), Wi, =w'-—nNe (W)

1

» Allowp=p,=7_, to adapt with iteration:

1z,
W, = Pr*’j '(w}), w* =w}—nVIrH(w,)

© Replace with non convex originals:

W, = P:/”f—l(w;k), W;i_l =WF—n V(W)

T Ty -~ e 3
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The Nut is Cracked
o fr(w) = 1o(W), reduce to Projection

1/7
WP W) W;‘jrl = WF—n,VI(W,)

+ Thisis cxact|9 BinaryConnect!

]

s Even for convex £ and r, New interpretation of

the (regularized) dual averaging algorithm.
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Proximal Connect
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Proximal Connect

w, = Pr(w}) Wk =Wk =,V E(W)

+1
—1
v, =1+ Z 1,
=1

* v, =1/, - 00 and P - P,.

* Diverging v, was a crucial hack prior to our

justhqcation here.

= ‘.iasily derive imProvecl convergence guarantees.




Experi ments
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Fine~tuning

Table 2: Fine-tuning pretrained ResNets. Final test accuracy: mean and std over three runs.

Model Quantization BC [10] PQ [5] rPC (ours) PC (ours)
ResNet20 Binary 90.31 (0.00) 89.94 (0.10) 89.98 (0.17) 90.31 (0.21)
Ternary 74.95 (0.16) 91.46 (0.06) 91.47 (0.19) 91.37 (0.18)
Quaternary  91.43 (0.07) 91.43(0.21) 91.43(0.06) 91.81(0.14)
ResNet56 Binary 02.22 (0.12) 92.33 (0.06) 92.47 (0.29) 92.65 (0.16)
Ternary 74.68 (1.4) 93.07 (0.02) 92.84 (0.11) 93.25 (0.12)
Quaternary  93.20 (0.06) 92.82 (0.16) 92.91 (0.26) 93.42 (0.12)

N A P——
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Fnd-to-end Training

Table 3: End-to-end training of ResNets. Final test accuracy: mean and std over three runs.

Model Quantization BC [10] PQ [5] rPC (ours) PC (ours)
ResNet20 Binary 87.51(0.21) &1.59(0.75) 81.82(0.32) 89.92 (0.65)
Ternary 27.10 (0.21) 47.98 (1.30) 47.17(1.94) 84.09 (0.16)
Quaternary  89.91 (0.09) 85.29 (0.09) 85.05(0.27) 90.17 (0.14)
ResNet56 Binary 89.79 (0.45) 86.13(1.71) 86.25(1.50) 91.26 (0.59)
Ternary 30.31 (7.79) 50.54 (3.68) 42.95(1.57) 84.36 (0.75)
Quaternary  90.69 (0.57) 87.81(1.60) 87.30(1.02) 91.70 (0.14)
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Conclus1on




Summarg

< Existing quantization aigorithms are not that different

i:rom eacii other

* A convenient ciesign of Proximai quantizers

*» BC s GCG applieci to the smoothened dual
+ ProxConnect unifies and extends SOTA

< Open Possibilities for acceleration and new aPPIications

¢
¢
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