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FishLeg: Learn the curvature using natural gradients and the Legendre transform



Background: Natural gradient, Fisher information matrix

Method: Fisher-Legendre optimization (FishLeg)

Experimental results

PyTorch FishLeg library



Background: Natural Gradient and Fisher Information

Probabilistic model:

Negative Log-Likelihood (NLL): [(8,D) = —logp(D|6) (2)

Fisher Information Matrix (FIM): 1) =E,_ Vg 1(6,D) Vg 1(6,D)T (3)
p~p(D10)
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Background: Natural Gradient and Fisher Information

Probabilistic model:

Negative Log-Likelihood (NLL): [(8,D) = —logp(D|6) (2)

Fisher Information Matrix (FIM): 1(0) = ]ED~p(D|9)v9 1(6,D) Vg 1(6,D)T (3)

Maximum likelihood:
0* = argmin L(6) with  L(8) = Ep.,+1(6,D) (4) (5)
0
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Background: Natural Gradient and Fisher Information

Probabilistic model:

Negative Log-Likelihood (NLL): [(8,D) = —logp(D|6) (2)
Fisher Information Matrix (FIM): 1(0) = [ED~p(D|9)V9 1(6,D) Vg 1(6,D)T (3)
Maximum likelihood:
0* = argmin L(6) with  L(8) = Ep.,+1(6,D) (4) (5)
6

Natural Gradient Descent:
0,01 =60, —1I(0)1g(0) with g(8) =Vy L(6) (6) (7)
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Method: Inverse Fisher and the LF Conjugate

Cross entropy between p(D|0) and p(D|6 + 6):

(8) H(,06) = IED~p(D|9)l(6+6'D)
and given the function 3
(9) 5(0,u) = argmin H(0,8) —u’'s
o)
We prove that, and following, for the natural gradient step:
(100 1(6)~' =1,5(6,0) (11)  Or41 = O — V.66, 0)g(6r)
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Method: Inverse Fisher and the LF Conjugate

Cross entropy between p(D|9) and p(Dle t 8): where [(6, D) is the negative log-likelihood

(8) H(,06) = IED~p(D|0)l(0+6’D)
and given the function PEEE R -
(9) 5(9, u) — argmin }[(0, 5) —ul's expression to minimise for the
5 Legendre-Fenchel conjugate
of the cross-entropy
We prove that, and following, for the natural gradient step:
(100 1(8)"1=V,6(0,0) (11)  Opy1 =6 — 1V, 6(6:,0)g(6:)
\\ /4
“s-.s  Recall natural gradient step .-~~~

Orr1 = 0; —nI(0) 1g(6,)
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Method: Inverse Fisher and the LF Conjugate

Cross entropy between p(D|9) and p(Dle t 8): where [(6, D) is the negative log-likelihood

(8) H(6,8) = Ep_p(p|gyl(6 + 6,D)
and given the function .. _____ "
(9) .;:""' 6(9 u) = argmln 7‘[(9 5) uls = expression to minimise for the

Legendre-Fenchel conjugate
of the cross-entropy

We prove that, ™ _‘_ and following, for the natural gradient step:
(10.),,, 1)1 =7,56(0,0) (11)  BOp41 = 0 =1V, 6(6,0)g(6y)
.......................................... : .

--»  Recall natural gradient step _---"~
O = 0 — 11 (0) "1 g(6,)
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Method: Learning the approximation

We want to learn an approximation & (6,u, 1) of the true §(6, w).

(12) 5 (0,u,1) =Q9Nu

where Q(A) therefore estimates the inverse FIM.

In order to learn A, we perform gradient descent using Adam on the auxiliary loss

(13) AO,u, 1) =H(6,90Du) —uTgM)u
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Method: Learning the approximation

We want to learn an approximation & (6,u, 1) of the true §(6, w).

(12) 8 (6,u,2) = Q(u Because
_ UK ~ -1
where Q(A) therefore estimates the inverse FIM. . Jte Q(4) = 1u6(0,0,4) = 1(9)
In order to learn A, we perform gradient descent using Adam on the auxiliary loss
(13) AB,u, 1) = H(6,9(Mw) —u"Q(Du
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Method: Learning the approximation

We want to learn an approximation & (6,u, 1) of the true §(6, w).

(12) 8 (6,u,2) = Q(u Because

_ U R ~ -1
where Q(A) therefore estimates the inverse FIM. I Q(4) = 1u6(0,0,4) = 1(9)

-~
- -
e _——_————

In order to learn A, we perform gradient descent using Adam on the auxiliary loss

(13) AO,u, 1) =H(6,90Du) —uTgM)u

A From the LF conjugate

~

- 5(0,u) = argmin H(0,68) — uT§
s
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Method: FishLeg Algorithm

In summary, we alternate between

Outer loop
(14) Ary1 = A, — a AdamUpdate(V;A(O0.,€g(0,),4;))
(15) Oti1=0; —MQ(4441)9(0;)
Inner loop

For the matrix Q(4), we use a Kronecker-factored block-diagonal structure that follows the
structure of the layers.
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Results
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Results
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Results
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FishLeg

PyTorch Library

/ New repository Submission repository
B mtkresearch / FishLeg ' Public H someauthors / fishleg  public

PyTorch Jax and OCaml

‘= README.md

FishLeg

Repository containing a PyTorch implementation of the Fisher-Legendre Second Order
Optimization method.

DOCUMENTATION OTECHNICALSUPPORT LICENSE APACHE-2.0
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Same model definition
for both optimizers

Example for training ResNet18 model: EESSEERNIEwEIQ)

FishLeg Adam

optimizer = optim.AdamW(net.parameters())

optimizer = FishLeg(net, draw, nll, likelihood, auxloader)

for batch_idx, (inputs, targets) in enumerate(trainloader): for batch_idx, (inputs, targets) in enumerate(trainloader):

optimizer.zero_grad()

outputs = optimizer.model.forward(inputs)
loss = likelihood.nll(targets, outputs)
loss.backward()

optimizer.step()

optimizer.zero_grad()

outputs = net(inputs)

loss = criterion(outputs, targets)
loss.backward()

optimizer.step()




Same model definition
for both optimizers

Example for training ResNet18 model: EESSEERNIEwEIQ)

.
FishLeg Adam
optimizer = FishLeg(net

for batch_idx, (inputs, targets) in enumerate(trainloader):
optimizer.zero_grad()

optimizer = optim.AdamW(net.parameters())

for batch_idx, (inputs, targets) in enumerate(trainloader):
optimizer.zero_grad()

outputs = net(inputs)

loss = criterion(outputs, targets)
loss.backward()

optimizer.step()

outputs = optimizer.model.forward(inputs)
loss = likelihood.nll(targets, outputs)
loss.backward()

optimizer.step()




Not dependent
on the model
architecture

Example for training a ResNet model:

from FishLeg import CategoricallLikelihood

likelihood = CategoricallLikelihood()
I

def nllsmodel, data_x, data_ y):
pred y = model.forward(data_x)
return likelihood.nll(data_ y, pred y)

def draw(model, data x):
I
pred_y = model.forward(data_x)
return likelihood.draw(pred_y)

auxloader = torch.utils.data.DatalLoader(
trainset, batch_size=128, shuffle=True, num workers=2)

optimizer = FishLeg(net@draw, nll, likelihood, auxloader

for batch_idx, (inputs, targets) in enumerate(trainloader):
optimizer.zero_grad()

outputs = optimizer.model.forward(inputs)
loss = likelihood.nll(targets, outputs)
loss.backward() # grac ire stored in t
optimizer.step()

net = ResNet18()

Adam

criterion = nn.CrossentropyLoss()

optimizer = optim.AdamW(net.parameters())

for batch_idx, (inputs, targets) in enumerate(trainloader):
optimizer.zero_grad()
outputs = net(inputs)
loss = criterion(outputs, targets)
loss.backward() #
optimizer.step()




Flexibility of the method

Very flexible in the choice of approximation for the Inverse Fisher.

sum of
block Kbrlon.k KbIock Kron. Block Kron.
diag. ‘ With diag. Qe = (RyR} ® LyLyj)
n —0.008 J | | Block Kron. with diag.
s Qe = Ay(Re ® Le) B (R; ® L )As
S 016 - Sum of block Kron. . . .
= 1) (1 1,01 2) (2 2) - (2
2 002 | Qe =RVRM ) o (VL) + (RPRP ) @ (L LY
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Abstract Module: FishModule

It is possible to easily write new custom layer
approximations compatible with the library.

ms, :math: Q(\lambda).

@abstractmethod
Qu(self, aux: Dict, v:

The new layer classes need to inherit from the
FishModule abstract class that requires the
implementation of the Qv method.

"Qu" function')



Example Implementation: FishLinear

inear(nn.L

FishLinear

This specific implementation of the Qv method
implements the Block Kronecker approximation.

Block Kron.
Q¢ = (ReRT ® LyLY)

self.fishleg aux["L"]

self.fishleg_aux["R"]

torch.cat([v[0], v[1][:, ], dim=-1)

torch.linalg.multi_dot((R.T, R, u, L, L.T))
return (z[:, :-1], z[:, -1])




Contact email:

Thank you for your attention

Questions and Discussion

Poster Session: MH1-2-3-4 #49
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