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Warmup: LISTA

» Least absolute shrinkage and selection operator (LASSO):
1
min §||b — Dx||3 + A||x||1, where b= Dx* 4 ¢
» Iterative Shrinkage Thresholding Algorithm (ISTA):

XKL = o (Wib + WaxK), k=0,1,2,...
where Wy = DT, Wo=1— DD, = 7\

> Learned ISTA (LISTA) with weights © = {W}, WK, 0k} K -
X = o (WEb + WEXK),  k=0,1,--- | K—1

Figure: ISTA Figure: Unrolled Learned ISTA Network
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A Typical Paradigm of Learning to Optimize (L20)

> F: a collection of optimization problems sharing a similar structure

» Learning to Optimize: given xg and N

?}i? Efcr Vf ({Xif}IN:O>]

i

st xfy =xf —Vi({xf,VF(x/)}i0.0), 0<i<N-—1

» (¢ emphasizes the dependence on f. The symbols V; represent
neural networks, while 6; refers to their corresponding weights
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(a) Classic Optimizer (b) Learning to Optimize
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The Bitter Lesson of Model-based L20

The biggest lesson that can be read from 70 years of Al research
is that general methods that leverage computation are ultimately
the most effective, and by a large margin.

—— The Bitter Lesson, March 13, 2019, Rich Sutton.

» Model-based L20 does not utilize the power of computation
> |t needs a problem-specific customization, not general enough

» Can we learn a direct mapping from data to solutions
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Deep Constraint Completion and Correction (DC3)

» Given the problem data x

min f(y) st gx(y) <0,h(y)=0
y€ER?

where f, g, and h are potentially nonlinear and non-convex
» Training a neural network Ny to approximate y given x

» A naive soft loss:

lior(9) = £(9) + Ag [ReLU (g(9))3 + Mn 1Dz, 9 = No(x)
» Supervised learning framework on example (x, y):

D) =19 =vl3. 9= No(x)
» Both can lead in practice to highly infeasible outputs
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DC3 equality completion

» Enforcing equality constraints by variable elimination

» First output a subset of the variables, z, then infer the remaining,
SOX(Z)Y according to hx([Z, QOX(Z)]) =0

> Backpropagation:

ihx z _ Ohy Ohy  Opx(z) _ Jh&px(z)

dz vx(2)

0= 0z | Opx(z) 8z 2P oz
-1
= 0px(2)/0z = — <J£) Jh

» Backpropagate losses through the network:

a o O Opulz) 80 Ot N,
&z 0z 0ol 0- 0z 0pn(2) ()
—_——

left matrix-vector product
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Inequality correction (Highly questionable)

P Decreasing the inequality violation by taking a gradient step

» Denote the gradient of inequality violation w.r.t. [z, px(z)] as

o (s (| o ]))

» For a step size v > 0, we define:

2

, Apy(z) = 8¢X(Z)Az

Az=V, 9z

2

> ([ or(2) D B [ E S } B LG

t times
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Algorithm: Deep Constraint Completion and Correction

Algorithm Deep Constraint Completion and Correction (DC3)

Require: Assume equality completion procedure @y : R™ — R™™™
1. procedure TRAIN(X)

2 init neural network Ng : R — R™

3 while not converged do

4 for x € X do

5 compute partial set of variables z = Np(x)

6: complete to full set of variables y = [ZT gsx(z)T]T eR"

7 correct to feasible (or approx. feasible) solution § = /)(Xt“*““)()"/)
8 compute constraint-regularized loss leoft ()

9: update 0 using Vglsose(§)

10: end for

11: end while

12: end procedure
13: procedure TEST(x, Np)

14: compute partial set of variables z = Ny(x)

. - T
15: complete to full set of variables 7 = [zT  ¢x(2)7]
16: correct to feasible solution y = p(xtte“)(}?)
17: return y

18: end procedure
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Comments on DC3

Intuitive and effective for enforcing feasibility

Assuming [z, ¢x(z)] already be close to feasible before correction
The correction process is proved to converge for linear constraints
The obtained feasible solution may be sub-optimal

» Backpropagating through p(;"ai")(y) needs more justification
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Lagrangian Duality for Constrained Deep Learning

» Consider the parametric constrained optimization

O(d) = argmin f(y,d) subject to gi(y,d) <0 (Vi € [m])
y

> Given a set of samples D = {(d,y; = O (d))},_;, we solve

0" = arggnin ZE (No (d1), 1)
I=1
subject to g; (Ny (dj),d)) <0 (Vi € [m],] € [n])

where L is a loss function, Ny« is the learned optimizer
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Lagrangian Dual Framework for Constrained Optimization

» Given multipliers A = (A1, ..., Am), Lagrangian loss writes

Lx(Ng (dr),yr,di) = £ (No(di), 1) + > Nigi (No () , )
i=1

» Npg«(y) is an approximation of the oracle O with

9*()\) = argénin Z ﬁ)\ (Ng (d/) .y, d/)
I=1

» The Lagrangian dual computes the optimal multipliers
n

A" = argmaxmin Z Ly (Ng(d),yr,dp)
AN

> The strongest Lagrangian relaxation of O is Np«(yx)
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Algorithm

Algorithm LDF for Constrained Optimization Problems

Require: D = (d,y,)]_; : Training data
1. a,s = (sp,s1,...) : Optimizer and Lagrangian step sizes
2N« 0 vie[m
3: for epoch k=0,1,... do
for all (y;,d)) € D do
1 <= Nooaey (i)
00— OLV9£)\k()7/,y/, d/)
end for
ML N L s S g9 d)) Vi€ [m]
end for

© e N a s
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Self-Supervised Primal-Dual Learning

» Lagrangian dual framework has no guarantee for feasibility!
» Consider the Augmented Lagrangian loss
Ly(9,d) = f(@.d)+ > Nigi (9. d)+p > vigi(9,d))
i=1 i=1
where § = Np (d)) and v(-) = max{-,0}2 measures the violation

» Dual learning uses the dual network My to obtain \*
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Algorithm

Algorithm Self-Supervised Primal-Dual Learning

Require: D = (d,y,)]_; : Training data
1: a, B, pmax - Primal and dual step sizes, upper bound of p
2N« 0 vie[m
3: for epoch k=0,1,... do

4: for all (y;,d)) € D do

5: Vi Ngk(d[)

6: 0« 60— OéV9£)\k()7/, d/)

7 end for

8: for all (y/, d/) € D do

9: Freeze \K « M¢k(d/),)7/ — Nek(d/)

10: ¢ ¢ — BV || My(di) — max{A* + pg(91), 0}
11: end for

12: p < min {ap, Ppmax}

13: end for
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Transformer-based L20

> JAX learned optimization package

Inspired from BFGS, it constructs a rank one update each step

Axk = Bfsk, BRI — Bk+z ul (u,)T, BiHL — Bk+1) HBk+1H

| FC 128 FC 128 Nx2 {akd
(ReLU) (ReLU) ea l l
dL | Adafactor _z . __INx128 Nx
. ax ! Features (s Nx 128 B[4, exp(4a) © d]| —»Ax
A Encoder—|— Encoder—|— Encoder—|
,,ﬁi‘s:zﬁﬁﬁy Linear Linear Linear
Block "= 1o each row of ., Nx n ., NXx
N x the input dvxi {nxi L v
B Q) L O—s

\Transformer Encoder

‘
‘
‘ ‘
| Multi-Head (3) FC FC |
gy = Attention ? *| LayerNorm ™= 556, GeLU) H (128, GeLU) ? T
‘ ‘
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Vel O: Training Versatile Learned Optimizers by Scaling Up

> JAX learned optimization package
» Trained with four thousand TPU-months of compute

» Requires no hyperparameter tuning, automatically adapting

Hyperparameter free :
= \/eLO (1 trial)

LOpt (RNN MLP) (1 trial)
—— LOpt (STAR) (1 trial)

Hyperparameter tuned :
—— OptList (10 trials)
Shampoo (14 trials)
—— NAdamW (1k trials)

p LI S ——— —————————h* - AdamLR* (14 trials)

0.0 02 0.4 06 08 1.0
Task percentile

Speedup over LR-tuned Adam
N

Figure: Optimizer performance on the 83 canonical tasks in the VeLOdrome
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Symbolic Discovery of Optimization Algorithms

» Google automl repository

> A total cost of 3K TPU V2 days

» Discover the Lion (EvolLved Sign Momentum) algorithm

Program 2: An example training loop,
where the optimization algorithm that we
are searching for is encoded within the
train function. The main inputs are the
weight (w), gradient (g) and learning rate
schedule (1r). The main output is the
update to the weight. v1 and v2 are two ad-
ditional variables for collecting historical
information.
w = weight_initialize()
vl = zero_initialize()
v2 = zero_initialize()
for i in range(num_train_steps):
1r = learning_rate_schedule(i)
g = compute_gradient(w, get_batch(i))
update, vi, v2 = train(w, g, vi, v2, 1lr)
w = w - update

Program 3: Initial program
(AdamW). The bias correc-
tion and ¢ are omitted for
simplicity.
def train(w, g, m, v, 1r):
g2 = square(g)
m = interp(g, m, 0.9)
v = interp(g2, v, 0.999)
sqrt_v = sqrt(v)
update = m / sqrt_v
wd = w *x 0.01
update = update + wd
1r = 1r * 0.001
update = update * 1lr
return update, m, v

Program 4: Discovered pro-
gram after search, selection
and removing redundancies in
the raw Program 8. Some vari-
ables are renamed for clarity.

def train(w, g, m, v, 1r):
g = clip(g, 1r)
g = arcsin(g)
m = interp(g, v, 0.899)
m2 =m * m
v = interp(g, m, 1.109)
abs_m = sqrt(m2)
update = m / abs_m
wd = w * 0.4602
update = update + wd
1r = 1r * 0.0002
m = cosh(update)
update = update * 1lr
return update, m, Vv
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Many Thanks For Your Attention!
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