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Analyzing the Generalization Capability of SGLD 
Using Properties of Gaussian Channels
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Population risk minimization

Consider the following (non-convex) optimization problem:

min
w2W

Lµ(w) , EZ⇠µ [`(w,Z)]
<latexit sha1_base64="Ppm2bH5ROaW+oq7esi+ghxdqn4A="></latexit>
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Consider the following (non-convex) optimization problem:

min
w2W

Lµ(w) , EZ⇠µ [`(w,Z)]
<latexit sha1_base64="Ppm2bH5ROaW+oq7esi+ghxdqn4A="></latexit>

population risk

parameter

hypothesis class

Population risk minimization
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Consider the following (non-convex) optimization problem:

min
w2W

Lµ(w) , EZ⇠µ [`(w,Z)]
<latexit sha1_base64="Ppm2bH5ROaW+oq7esi+ghxdqn4A="></latexit>

data point 
following distribution

loss function

µ
<latexit sha1_base64="0W2MVbEYnxCDR6UwIdl54NpImvA="></latexit>

Population risk minimization
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Consider the following (non-convex) optimization problem:

min
w2W

Lµ(w) , EZ⇠µ [`(w,Z)]
<latexit sha1_base64="Ppm2bH5ROaW+oq7esi+ghxdqn4A="></latexit>

weight matrices
(fw(X)� Y)2

<latexit sha1_base64="MgTGwGn+wqD3sZq+BYzgswRQyfQ="></latexit>

fw
<latexit sha1_base64="GncWjSNwEzx3jAS3/nEgVpYXQH8="></latexit>

Population risk minimization: Neural network

where Z = (X,Y)
<latexit sha1_base64="u6g8McmGVApHQZhK9EsNMHM3TP4="></latexit>
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Consider the following (non-convex) optimization problem:

min
w2W

Lµ(w) , EZ⇠µ [`(w,Z)]
<latexit sha1_base64="Ppm2bH5ROaW+oq7esi+ghxdqn4A="></latexit>

In practice,

min
w2W

LS(w) ,
1

n

nX

i=1

`(w,Zi)
<latexit sha1_base64="WuoCK5T5jwyCBf/Sx1G1ZBHD7DE="></latexit>

Empirical risk minimization

Training set S
<latexit sha1_base64="JQBS3n2OED9s4Ao82JoFF56BaJA="></latexit>

Z1<latexit sha1_base64="XKS+c+vMAzttHO1w4Xmp0ODYPx0="></latexit>

Zn
<latexit sha1_base64="+0SbsgaGH5GblIlTwmciarrEEW0="></latexit>

.
.

.

µ
<latexit sha1_base64="YUIm7Tsc5b5P2pMGLKWRa4Nw0cU=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2g9ol5JNs21okl2SrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HtzO//cS04bF6tJOEBZIMFY84JdZJDz2Z9ssVr+rNgVeJn5MK5Gj0y1+9QUxTyZSlghjT9b3EBhnRllPBpqVealhC6JgMWddRRSQzQTY/dYrPnDLAUaxdKYvn6u+JjEhjJjJ0nZLYkVn2ZuJ/Xje10XWQcZWklim6WBSlAtsYz/7GA64ZtWLiCKGau1sxHRFNqHXplFwI/vLLq6RVq/oX1dr9ZaV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwBerI3a</latexit>

i.i.d.
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…
Training set S

<latexit sha1_base64="JQBS3n2OED9s4Ao82JoFF56BaJA="></latexit>

Z1<latexit sha1_base64="XKS+c+vMAzttHO1w4Xmp0ODYPx0="></latexit>

Zn
<latexit sha1_base64="+0SbsgaGH5GblIlTwmciarrEEW0="></latexit>

.
.

.

W
<latexit sha1_base64="Oua+qJFqjKPk5QkRB/Xb0hvdDsw="></latexit>

output

min
w2W

LS(w)
<latexit sha1_base64="Md1lZ3cKUlXp+ACGITq4wUqjRmE="></latexit>

generalization gap

Lµ(W) = LS(W) + Lµ(W)� LS(W)
<latexit sha1_base64="QpTrk58caHrTcdCFDtN5zXAjNIs="></latexit>

Error decomposition
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Expected generalization gap

…
Training set S

<latexit sha1_base64="JQBS3n2OED9s4Ao82JoFF56BaJA="></latexit>

Z1<latexit sha1_base64="XKS+c+vMAzttHO1w4Xmp0ODYPx0="></latexit>

Zn
<latexit sha1_base64="+0SbsgaGH5GblIlTwmciarrEEW0="></latexit>

.
.

.

W
<latexit sha1_base64="Oua+qJFqjKPk5QkRB/Xb0hvdDsw="></latexit>

output

min
w2W

LS(w)
<latexit sha1_base64="Md1lZ3cKUlXp+ACGITq4wUqjRmE="></latexit>

E [Lµ(W)� LS(W)]
<latexit sha1_base64="fW1jjmyUXN4HWqXA9KnsYtgtmv0="></latexit>

Expected generalization gap
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Today’s focus

• VC-dimension
• Rademacher complexity
• Algorithmic stability
• PAC-Bayes
• Information theory

• …
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Information-theoretic generalization bound

Theorem (Xu and Raginsky, 2017). Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
r

2�2

n
I(W;S).

<latexit sha1_base64="UKKVCQb2CJzHF8ZBtu3bKXq5er8="></latexit>

…
Training set S

<latexit sha1_base64="JQBS3n2OED9s4Ao82JoFF56BaJA="></latexit>

Z1<latexit sha1_base64="XKS+c+vMAzttHO1w4Xmp0ODYPx0="></latexit>

Zn
<latexit sha1_base64="+0SbsgaGH5GblIlTwmciarrEEW0="></latexit>

.
.

.

W
<latexit sha1_base64="Oua+qJFqjKPk5QkRB/Xb0hvdDsw="></latexit>

output
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Information-theoretic generalization bound

Proposition (Bu et al., 2020). Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]|  1

n

nX

i=1

p
2�2I(W;Zi).

<latexit sha1_base64="3KLKnnB6ICcfSqRZCF+QsplhHyI="></latexit>

W
<latexit sha1_base64="Oua+qJFqjKPk5QkRB/Xb0hvdDsw="></latexit>

output
…

Training set S
<latexit sha1_base64="JQBS3n2OED9s4Ao82JoFF56BaJA="></latexit>

Z1<latexit sha1_base64="XKS+c+vMAzttHO1w4Xmp0ODYPx0="></latexit>

.
.

.

Zi
<latexit sha1_base64="HtGByUFu/IOeNH3MwniSL9uNiYw="></latexit>
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Pros and cons

Proposition (Bu et al., 2020). Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]|  1

n

nX

i=1

p
2�2I(W;Zi).

<latexit sha1_base64="3KLKnnB6ICcfSqRZCF+QsplhHyI="></latexit>

• Algorithm/distribution dependent
• Mild assumption
• … 
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Pros and cons

Proposition (Bu et al., 2020). Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]|  1

n

nX

i=1

p
2�2I(W;Zi).

<latexit sha1_base64="3KLKnnB6ICcfSqRZCF+QsplhHyI="></latexit>

• Algorithm/distribution dependent
• Mild assumption
• … 

A bounded loss is sufficient:
if `(·, ·) 2 [0, A], then � = A

2
<latexit sha1_base64="/2ekqPvlIHrmA+Z75A2HI5psj/c="></latexit>
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Pros and cons

Proposition (Bu et al., 2020). Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]|  1

n

nX

i=1

p
2�2I(W;Zi).

<latexit sha1_base64="3KLKnnB6ICcfSqRZCF+QsplhHyI="></latexit>

• Mutual information is hard to compute
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SGLD is popular in practice

• Privacy guarantee
• Mitigate overfitting
• Easy to analyze in theory
• …
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…
Training set S

<latexit sha1_base64="JQBS3n2OED9s4Ao82JoFF56BaJA="></latexit>

Z1<latexit sha1_base64="XKS+c+vMAzttHO1w4Xmp0ODYPx0="></latexit>

Zn
<latexit sha1_base64="+0SbsgaGH5GblIlTwmciarrEEW0="></latexit>

.
.

.

mini-batch S1
<latexit sha1_base64="VDx3c3wlOJIT7X0c8h9Yx4hAONI="></latexit>

.

.

.
mini-batch Sm

<latexit sha1_base64="ijvV9br7DU/8tj9vVFCASf6mHT0="></latexit>

SGLD: mini-batches
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mini-batch S1
<latexit sha1_base64="VDx3c3wlOJIT7X0c8h9Yx4hAONI="></latexit>

.

.

.
mini-batch Sm

<latexit sha1_base64="ijvV9br7DU/8tj9vVFCASf6mHT0="></latexit>

SGLD: update rule

choose W0 arbitrarily
for t = 1, · · · , T

<latexit sha1_base64="2zZ9OgsXKzLDqCafiwR7cBuxYy4="></latexit>

Wt = Wt�1 � ⌘trw`(Wt�1,SBt) +

r
2⌘t
�t

N
<latexit sha1_base64="gn6UpB3rUumY/5htaflVucreriM="></latexit>

learning rate

mini-batch gradient

[Welling and Teh, 2011]
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SGLD: update rule

choose W0 arbitrarily
for t = 1, · · · , T

<latexit sha1_base64="2zZ9OgsXKzLDqCafiwR7cBuxYy4="></latexit>

Wt = Wt�1 � ⌘trw`(Wt�1,SBt) +

r
2⌘t
�t

N
<latexit sha1_base64="gn6UpB3rUumY/5htaflVucreriM="></latexit>

inverse 
temperature

Gaussian 
noise
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SGLD: output

choose W0 arbitrarily
for t = 1, · · · , T

<latexit sha1_base64="2zZ9OgsXKzLDqCafiwR7cBuxYy4="></latexit>

Wt = Wt�1 � ⌘trw`(Wt�1,SBt) +

r
2⌘t
�t

N
<latexit sha1_base64="gn6UpB3rUumY/5htaflVucreriM="></latexit>

output: W = f(W1, · · · ,WT )
<latexit sha1_base64="Wq6NUfWPgcmURoYL86HguWeAfK4="></latexit>
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SGLD: output

choose W0 arbitrarily
for t = 1, · · · , T

<latexit sha1_base64="2zZ9OgsXKzLDqCafiwR7cBuxYy4="></latexit>

Wt = Wt�1 � ⌘trw`(Wt�1,SBt) +

r
2⌘t
�t

N
<latexit sha1_base64="gn6UpB3rUumY/5htaflVucreriM="></latexit>

f(W1, · · · ,WT ) = WT
<latexit sha1_base64="WZZ6F4BPxNh7tnkCuCeNHNqgUzI="></latexit>

•

• f(W1, · · · ,WT ) =
W1+···+WT

T
<latexit sha1_base64="k/H9u6X7gGEho0JZ9kh4Bi7C14g="></latexit>

Examples:

output: W = f(W1, · · · ,WT )
<latexit sha1_base64="Wq6NUfWPgcmURoYL86HguWeAfK4="></latexit>
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Our generalization bound

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Our generalization bound

• b: mini-batch size

• �: sub-Gaussian constant

• n: number of samples

• �t: inverse temperature

• ⌘t: learning rate
<latexit sha1_base64="SK79CXcE0BDAC3x4ctQ8B5OWv48="></latexit>

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Our generalization bound

• b: mini-batch size

• �: sub-Gaussian constant

• n: number of samples

• �t: inverse temperature

• ⌘t: learning rate
<latexit sha1_base64="SK79CXcE0BDAC3x4ctQ8B5OWv48="></latexit>

Wt = Wt�1 � ⌘trw`(Wt�1,SBt) +

r
2⌘t
�t

N
<latexit sha1_base64="gn6UpB3rUumY/5htaflVucreriM="></latexit>

Recall the update rule:

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Our generalization bound

S1
<latexit sha1_base64="VDx3c3wlOJIT7X0c8h9Yx4hAONI="></latexit>

. . .

Sm
<latexit sha1_base64="ijvV9br7DU/8tj9vVFCASf6mHT0="></latexit>

mini-batch

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Our generalization bound

S1
<latexit sha1_base64="VDx3c3wlOJIT7X0c8h9Yx4hAONI="></latexit>

. . .

Sm
<latexit sha1_base64="ijvV9br7DU/8tj9vVFCASf6mHT0="></latexit>

mini-batch

Tj contains the indices of iterations in which Sj is used
<latexit sha1_base64="fzB2Duizf531WaAh90LRLVycOgc="></latexit>

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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If the number of iterations increases,

S1
<latexit sha1_base64="VDx3c3wlOJIT7X0c8h9Yx4hAONI="></latexit>

. . .

Sm
<latexit sha1_base64="ijvV9br7DU/8tj9vVFCASf6mHT0="></latexit>

mini-batch

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>

more terms

invariant
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Our generalization bound

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>

Measure sharpness of loss landscape
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Our generalization bound

Variance of gradients

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>

The journey matters more than the destination.
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Experiment on MNIST: Label corruption

• Vary label corruption level (alpha)
• Train 3-layer neural networks on MNIST using SGLD

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Experiment on MNIST: Label corruption

• Vary label corruption level (alpha)
• Train 3-layer neural networks on MNIST using SGLD
• Run 1500 epochs until the training accuracy = 1

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>



32

Experiment on MNIST: Label corruption

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Experiment on MNIST: Label corruption

When the algorithm converges, the variance of gradients become negligible.

Both become stable

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>

loss landscape

flat
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Experiment on MNIST: Network width

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Take away

Our bound can:
• be computed from data
• explain some generalization phenomena
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Recall our generalization bound

Here W = f(W1, · · · ,WT ) for an arbitrary function f
<latexit sha1_base64="THHT5FUuEayVL7YTBU+GpsPuWG8="></latexit>

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Upside

Here W = f(W1, · · · ,WT ) for an arbitrary function f
<latexit sha1_base64="THHT5FUuEayVL7YTBU+GpsPuWG8="></latexit>

f(W1, · · · ,WT ) = WT
<latexit sha1_base64="WZZ6F4BPxNh7tnkCuCeNHNqgUzI="></latexit>

•

f(W1, · · · ,WT ) =
W1+···+WT

T
<latexit sha1_base64="k/H9u6X7gGEho0JZ9kh4Bi7C14g="></latexit>

Can be applied to many settings
<latexit sha1_base64="csjvJIEB0kCbvDCLNXhUsLh++FI="></latexit>

Examples:

•

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Downside

Here W = f(W1, · · · ,WT ) for an arbitrary function f
<latexit sha1_base64="THHT5FUuEayVL7YTBU+GpsPuWG8="></latexit>

sup
f

<latexit sha1_base64="iyvZwZI2KnrcbwUkp1Wfc93ujOg="></latexit>

f
<latexit sha1_base64="B2jINoHtP5gkD5MWQesaw/lhehk="></latexit>

A uniform bound for any function f
<latexit sha1_base64="wErXjuCDDBAJBw5wXsvzuQCSZkw="></latexit>

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Question

Here W = f(W1, · · · ,WT ) for an arbitrary function f
<latexit sha1_base64="THHT5FUuEayVL7YTBU+GpsPuWG8="></latexit>

For W = WT , can we have a sharper bound?
<latexit sha1_base64="7qB8pMT+uZvw3TRTqGJbgM6HQR4="></latexit>

Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(W)� LS(W)]| 
p
2b�

2n

mX

j=1

sX

t2Tj

�t⌘t · Var (rw`(Wt�1,Sj)).

<latexit sha1_base64="hj7atMCFe54VrrUM57+0R0OJsD0="></latexit>
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Projected Differentially-Private SGD (DP-SGD)

choose W0 arbitrarily
for t = 1, · · · , T

<latexit sha1_base64="2zZ9OgsXKzLDqCafiwR7cBuxYy4="></latexit>

Assumptions:

output: WT
<latexit sha1_base64="yHy3c3227Thm8Y7S64+kErUK6ak="></latexit>

Wt = ProjW (Wt�1 � ⌘ (g(Wt�1,Zt) + N))
<latexit sha1_base64="W3KhgmRZFTXgmkvDjQe/lvvvWa0="></latexit>

• sampling without replacement

• kg(w, z)k2  K for any w, z
<latexit sha1_base64="/hLkmFafksutjxbb5HzP28D/5UM="></latexit>



Theorem. Suppose `(w,Z) is �-sub-Gaussian under µ for all w.

|E [Lµ(WT )� LS(WT )]| 
2�

n

TX

t=1

q
Var (g (Wt�1,Z)) · qT�t.

Here we define

q , 1� 2�̄

✓
D + 2⌘K

2⌘

◆
2 (0, 1)

where �̄(t) =
R1
t

1p
2⇡

exp(�v2/2)dv is the Gaussian complementary cumulative distribution

function (CCDF) and D is the diameter of the parameter domain W .
<latexit sha1_base64="2k/lWiHFmJJrPpvL4yS2W6G/BdQ="></latexit>
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Our generalization bound: time-decaying factor

Enables the impact of early iterations to reduce with time

q 2 (0, 1)
<latexit sha1_base64="iGlzCJDJ5eIJmUUHabpUB7Eg5ww=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLZCBSlJPeix6MVjBfsBTSib7aZdutnE3Y1QQv+GFw+KePXPePPfuGlz0NYHA4/3ZpiZ58ecKW3b31ZhbX1jc6u4XdrZ3ds/KB8edVSUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrT24zv/tEpWKReNDTmHohHgkWMIK1kdzqo8sEqtkXznl1UK7YdXsOtEqcnFQgR2tQ/nKHEUlCKjThWKm+Y8faS7HUjHA6K7mJojEmEzyifUMFDqny0vnNM3RmlCEKImlKaDRXf0+kOFRqGvqmM8R6rJa9TPzP6yc6uPZSJuJEU0EWi4KEIx2hLAA0ZJISzaeGYCKZuRWRMZaYaBNTyYTgLL+8SjqNunNZb9w3Ks2bPI4inMAp1MCBK2jCHbSgDQRieIZXeLMS68V6tz4WrQUrnzmGP7A+fwBFFo/e</latexit>
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<latexit sha1_base64="2k/lWiHFmJJrPpvL4yS2W6G/BdQ="></latexit>
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Proof

Step 3:
(How we obtain a computable bound)

I(Wt;Zt)  2 · Var (g(Wt�1,Z))
<latexit sha1_base64="o6l+0vyhh7CiCGKczsHMJZ+uvz0="></latexit>

Step 1:

Step 2:

[Bu et al., 2020]|E [Lµ(WT )� LS(WT )]| 
p
2�

n

TX

t=1

p
I(WT ;Zt)

<latexit sha1_base64="2eX+fVDloGzaFdsS2fELySYapLw="></latexit>

I(WT ;Zt)  I(Wt;Zt) · qT�t
<latexit sha1_base64="OTbonKJzqNJdl8Bhdej4iAtZt1I="></latexit>

(How we incorporate the decay factor)

Key proof techniques: properties of Gaussian channels

Image is from [Cover and Thomas, 1999]
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Related works and open questions

• SGLD generalization bounds: [Mou et al., 2018], [Li et al., 2019], [Pensia et al., 2018],
[Bu et al., 2020], [Negrea et al., 2019], [Haghifam et al., 2020], [Rodriguez-Galvez et al., 2020]
[Neu, 2021]

• Privacy amplification by iteration: [Feldman et al., 2018], [Asoodeh et al., 2020]
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Related works and open questions

• SGLD generalization bounds: [Mou et al., 2018], [Li et al., 2019], [Pensia et al., 2018],
[Bu et al., 2020], [Negrea et al., 2019], [Haghifam et al., 2020], [Rodriguez-Galvez et al., 2020]
[Neu, 2021]

• Privacy amplification by iteration: [Feldman et al., 2018], [Asoodeh et al., 2020]

• Privacy can also be amplified by subsampling and shuffling. 
Can they improve algorithmic generalization?

• New definition of sharpness

• Tighten the decay factor.

[Chaudhuri and Mishra, 2006; Erlingsson et al., 2019]
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