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4.0 Learned Optimization

Why should we learn optimizers?

- Gradient-based optimizers such as
Adam, SGD, etc... are prevalent in DL.

- But, DL optimization problems are highly
non-convex and theory is hard.

- No reason to expect our optimizers will
converge to the global optimum at the
optimal rate.

[ Can we meta-learn better optimization algorithms?
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The Bitter Lesson:

“General methods that leverage
computation are ultimately the most
effective, and by a large margin.”

- Rich Sutton, 2019
4 Compute-Efficient Meta-Genera lization of Learne d Optimizers £Mila




Learned Optimizer
Background




ed Optimization

4.0 Learn

General Optimizer Update

Optimizee
Parameters

/

9t — fqb(gt—la Ut—l)
\

/

Optimizer
Parameters

Optimizer
Input

Compute-Efficient Meta-Generalization of Learned Optimizers



Learned Optimizer Update

Optimizee
E Parameters
: 0 = f6(0:-1,Ust1) = 6;1 — )\1d¢€(>‘2m¢’)
E LO Update
gqb(ot—la Ut—l) = [dqb,m(p]
\ Optimizer
Neural Network
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Learned Optimizer Input Features

Type =+ Description Equation
é 3 ﬁzgs;zi? Bi(;czrf[nll’lz‘fg? wa mi; = Bimy—1; + (1—8i)Vy
S et s 150
3 Accumulators y CAOdeaéi(izzziSr;j ?cec?;r’nél,a;;r with rei = Bire—ts + (1 — Bi) Tow_mean(V?)
e e i 1) o e
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Learned Optimizer Input Features

Type =+ Description Equation
é 3 ﬁzgs;zi? Bi(;czrf[nll’lz‘fg? wa mi; = Bimy—1; + (1—8i)Vy
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4.0 Learned Optimization

Learned Optimizer Input Features

Type =+ Description Equation
o Nomnum weTon VI 1A
| S et | 100
Accumulators 9 i)deaéi(izzzisr;j ;,cec?grjlél,a;;r with res = Birs—1s + (1 — B;) row_mean(V2)
3 Adafactor accumulator with co- oo = Bty 51 — B;] wol_wean(VE)

efficients f;,7 € {5,6,7}.
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4.0 Learned Optimization

Learned Optimizer Input Features

Type # Description ‘ Equation

Momentum values normalized by

3 the square root of the second mo- n:/%z
ment for i € {5,6,7}.
1 The reciprocal square root of the 1
second moment value. Vv
Accumulator ]
Features 6 The reciprocal square root of the 1
Adafactor accumulators. VTt,i OR Ct,i
Adafactor gradient features for
3 i e {5 6 7} Vt X T, X Ct i
Adafactor momentum features
3 Mt X Ttg X Ctg

for 4,5 € {(5,1), (6,2), (7,3)}.

Time Features for =z €
Time Features 11 {1,3,10,30,100,300, tanh (L)
1000, 3000, 10%,3 - 10%, 10°}.

Parameters 1 Parameter value. Wy
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4.0 Learned Optimization

Learned Optimizer’s Objective

Data distribution

min K
o)
/

Learned
Optimizer

(e.g., web text, Batch of
ImageNet) — training data _

(D,{,GO)NT Exy)~p

\ oL

Optimizee
initialization

rEe

unroll
steps

Optimizee step t

/ Loss

fo(0r-1,U;-1))

\

Learned
optimizer

1) Sample a data distribution D, Loss L, and weight 6.
2) Sample X,Y from D.
3) Compute the loss, L, for the current optimizee weights 0.

4) Use ¢ to update w.

5) Repeat

for T steps.
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4.0 Learned Optimization

Noisy Meta-loss Landscapes Bl Low Meta-Loss
High Meta-Loss

(Metz et al., 2019)

10
Unroll Steps

e Unrolled optimization problems have many steps
e Longer unrolls = Noisy gradients
e We should smooth the meta loss

13
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ed Optimization

4.0 Learn

Zeroth Order Meta-gradient Estimation

N/2

1 1
VESA 3 Z (z) L(p+ €Dy — L(¢p — 6()))

e By sampling epsilon from a gaussian we smooth the loss
e Zeroth order methods are used instead of backprop
e Antithetic sampling is used to reduce variance

14
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Scaling learned optimization leads to

faster per-step optimization

(Metz et al., 2022b)

c
5 .
‘5 _r§ i VzeLp is more than Hyperparameter free:
E 2 2% 2° times faster than| __ \el0 (1 trial
8§ b LR-tuned Adam on LOpt (RNN MLP) (1 trial)
3 c 23 50% of tasks —— LOpt (STAR) (1 trial)
= -
g T
o :' 2 Hyperparameter tuned :
N g —— OptList (10 trials)

8_ 2% Shampoo (14 trials)

_g : - NAdamW (1k trials)

0 20 —— i ———— — —h\—- ==« AdamLR* (14 trials)

Q .

N o1 : : : : ~

0.0 0.2 0.4 0.6 0.8 1.0
Task percentile
Figure 1: Optimizer performance on the 83 canonical tasks in the VeLOdrome benchmark.
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VelLO is outperformed by hand-designed
optimizers for the largest models

VelO KE - >0 i
J— [ VelLO, batch 4M
\ ,
Adam B/32 i --- Adafactor, batch 1M

91 a 451 | Big LLM (Metz et al., 2022b)

g C o, |L/16 |
£ ° RN T " 4.0
S
2 . — 3.5
§ H H 3.0
.| BIgVIT
(Metz et al., 2022b) N - @ TG
o 100 200 300 400 500 oo 700 800 900 5000 10000 15000 20000 25000 30000 35000 40000
Images seen [million] Training steps

e VelLO is tested on big models

e Vel O fails

e Why? VelLO is not trained on big models
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4.0 Learned Optimization

The optimal learning rate depends on width

(Yang et al., 2021)

Ul
(0]

Training Loss
n
o

o
n

8192 optimum shifts

-20 -18 -16 =-14 =12 =10
log,LearningRate

e Optimal LR depends on width in Standard Parameterization
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4.0 Learned Optimization

uP Background; Parameterization

(Yang et al., 2021)

Input weights & all biases Output weights Hidden weights
Init. Var. 1/fan_in 1 (1/fan_in) 1/fa,n_in
Multiplier 1 Vtan_in (1) 1
SGD LR fan_out (1) fan_in (1) 1
Adam LR 1 1 Vtan_in (1)

e A parameterization specifies:
o initialization variance
o pre-activation multipliers
o LR multipliers

19
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uP enables HP transfer from small width
to large width models

(Yang et al., 2021)

Standard Practice Our Work
7.0
% 6.5
£ 5 60
§ 3,5-5 128
£ £ 5.0 256
8 ® — 512
; 45 — 1024
< —— 2048
0 4006 4 _
3.5 —— 8192 b optimum stable ==
-20 -18 -16 -14 -12 -10 -20 -18 =16 -14 =12 -10
log,LearningRate log,LearningRate
e (LEFT) Optimal LR depends on width in SP
e (RIGHT) Optimal LR is the same for all widths in yP
e P stabilizes training for infinite width
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uP for learned
optimizers



ed Optimization

4.0 Learn

How puP Impacts the LO Update

Updated
Parameter he LR Direction

Value Multlplle /

W1 — N ()\ di, exp A2m¢ if w* is part of a hidden layer
wi_; — Aidl exp (A2m¢) / otherwise.

Wy =
Magnitude

e LO uP requires scaling the LR for hidden weights

22
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4.0 Learned Optimization

uLO Meta-training Recipe

8_
i 7]
6 6 -
a a
oo o 07
] ]
L) 4 ] 4'
< <
S 31 8 uLOy & 3
i i
2 _I_ ULOS 2 4
4 LOy
11— Los o
01 : : - - - - 01+ : : - - : .
128 256 512 1024 2048 4096 8192 128 256 512 1024 2048 4096 8192
Width Width

(a) Iteration 1000 (b) Iteration 5000

e 3-task Meta-training v.s. 1-task Meta-training
e 3-task Meta-training consistently performs better
e We use 3-task Meta-training in our experiments
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Results summary

Meta-training Tasks Meta Generalization
(In Distribution) (Out of Distribution)
Unroll Length Width
8192
4096

—@— uLOy —@— LOy AdamW
-@®= uVelOy VelOy —@— pAdam
Unroll Length Width

S 1/6
£ ¢ 216
) \'5 em
<+ ) - ImageNet-32° g
Architesture | Architecturé
-~~CIFA!R10/»
LM1B
Dataset Dataset
(a) Axes of Meta-Generalization (b) Performance by Average Rank
e LOs reach the highest average rank of all tasks
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Width Generalization - Imagenet 32x32x3

7 -

6 -
5 2 AdamW
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1 -
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(a) MLP IN32 W=8192
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Width Generalization - Transformer LM
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Deeper networks & Longer training

9- 5X Deeper T 25X Steps

" | it AdamW
: .7 N m— ((/Adam
‘g = i § ; == 1 VelLOy
e > K\ — L0y
° 51 ! 1
. ¢S . = (ours) UVeLOy
3 4- i i
“ 0 1000 2000 3000 4000 5000 0 5000 10000 15000 20000 25000 (ours) uLOp

Training Steps Training Steps
(b) LM W=1024 D=16 (b) LM W=1024
e We test on deeper networks and for longer training.
e We observe empirically, that pLOs improve generalization in both
these cases.
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Comparison with VelLO

7 i i
i 8 i - = 1VeLOy (ours)
il i | —— VeL0-4000
5 i 7 |
: 541 | : |
£ PR S°
o 1 |
3 21 . 5 E
E [} T~
8 ol :
= | N 4
0 4= ? : i . . | . , . |
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Training Steps Training Steps
(a) MLP IN32 W=8192 (b) LM W=4096
e We outperform VeLO when testing on the meta-training distribution.
e VelLO outperforms on OOD tasks.
e Will expanding yLOs meta-training distributions bridge the gap?
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4.0 Learned Optimization

Conclusion: Learned optimizers should be
meta-trained in py-parameterization.

e We derived py-parameterization for popular learned optimizers (VeLO and
small_fc_lopt) and proposed a meta-training recipe for yLOs.

e uLOs generalize significantly better to wider networks than SP LOs and
outperform VelLO on wider in-distribution tasks!

e uLOs also improve generalization to deeper networks (56X meta-training) and
longer training horizons (25X meta-training).

30
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