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Introduction

We tackle two related questions at the heart of machine learning; how can we predict if a minimum
will generalize to the test set, and why does stochastic gradient descent (SGD) find minima which
generalize well? Our work is inspired by Zhang et al. (2016), who showed deep networks can
easily memorize randomly labeled training data, despite generalizing well when shown real labels
of the same inputs. They argued that these results are inconsistent with classical statistical learning
theory. We show that the same phenomenon occurs in linear models, and that it can be explained by
evaluating the Bayesian evidence, or “marginal likelihood", which penalizes sharp minima. Next,
we explore the “generalization gap" between small and large batch training (Keskar et al., 2016),
identifying an optimum batch size which maximizes the test set accuracy. Intuitively, noise in the
gradient updates drives the dynamics towards robust minima whose evidence is large. Interpreting
SGD as a stochastic differential equation, we predict the optimum batch size is proportional to both
the learning rate and the size of the training set, Bopt ∝ N . A complete version of this work is
available on arXiv (Smith & Le, 2017), where we verify these predictions empirically.
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Bayesian Model Comparison

Bayesians
assess the quality of a model M by evaluating the evidence, P ({y}|{x}; M ) =
R
dω P ({y}|ω, {x}; M )P (ω; M ), where ω denotes the parameters, {x} the training inputs and
p
2
{y} the training labels (MacKay, 1992). We use a Gaussian prior P (ω; M ) = λ/2πe−λ|ω| /2 . UnP
1/2
der standard approximations, this evidence, P ({y}|{x}; M ) = λ 2 e−C(ω0 ) /|∇∇C(ω)|ω0 , where
2
ω0 is the minimum of the cost function C(ω) = H(ω) + λ|ω| /2, H(ω) is the training set crossentropy, |∇∇C(ω)|ω0 the determinant of the Hessian, and P thenumber of model parameters. The
QP
determinant of a matrix is simply the product of its eigenvalues,
i=1 λi , and thus,
(
!)
P
1X
P ({y}|{x}; M ) ≈ exp − C(ω0 ) +
ln(λi /λ)
.
(1)
2 i=1
P
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The contribution (λ 2 /|∇∇C(ω)|ω0 ) is the “Occam factor". Intuitively, it describes the fraction of
the prior parameter space consistent with the data. Since this fraction is always less than one, we will
approximate equation 1 away from local minima by only performing the summation over eigenvalues
λi ≥ λ. In this work, we compare our models against a null model which assigns equal probability
to all classes. Thus P ({y}|{x}; N U LL) = (1/n)N = e−N ln (n) , where n denotes the number of
model classes and N the number of training examples. The evidence ratio,
P ({y}|{x}; M )
= e−E(ω0 ) ,
(2)
P ({y}|{x}; N U LL)
P
Where E(ω0 ) = C(ω0 ) + (1/2) i ln(λi /λ) − N ln(n) is the log evidence ratio in favor of the null
model. Clearly, we should only assign any confidence to the predictions of a model if E(ω0 ) < 0.
The evidence penalizes sharp minima, but is invariant to model parameterization (Dinh et al., 2017).
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Figure 1: Prediction accuracy as a function of regularization coefficient, for a logistic regression
trained on random (a) and informative (b) labels. Exactly as observed by Zhang et al., weakly
regularized logistic regression generalizes well on informative labels but memorizes random labels.
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Bayes Theorem and Generalization

We define two toy tasks, for which our inputs are randomly generated 200D vectors x, and each
component xi is drawn from the Gaussian distribution. We normalize the inputs, to ensure hxi i = 0
and hx2i i = 1, and we train using the sigmoid cross-entropy
P loss. In the first task the labels are
random, y = {0, 1}. In the second task, the label y = 1 if i xi > 0, while y = 0 otherwise. Our
model is an L2 regularized logistic regression, our training set contained 200 examples, and our test
set contained 10000 examples. We show the accuracy of our model predictions on both the training
and test sets in figure 1. When trained on the informative labels, the model generalizes well to the
test set, so long as it is sufficiently weakly regularized. However the model also perfectly memorizes
the random labels, replicating the observations of Zhang et al. (2016) in deep networks.
These results are inconsistent with statistical learning theory (Zhang et al., 2016), but they are
explained by Bayesian model comparison. Consider figure 2, where we plot the mean cross-entropy
of the model predictions, evaluated on both training and test sets, as well as the Bayesian log evidence
ratio. The training cross-entropy and the test cross-entropy are uncorrelated, but the test cross-entropy
is strongly correlated with the log evidence ratio. When trained on random labels, the log evidence
ratio is always positive, indicating that we never expect the model to generalize. Meanwhile on
informative labels, the log evidence ratio is negative when the model is well regularized, indicating
that we expect the model to generalize well. Bayesian model comparison has successfully explained
the generalization of our logistic regression, and there is no reason to believe that it would not also
explain the generalization of deep networks. The evidence for deep networks is hard to calculate, but
Krueger et al. (2017) showed that the largest Hessian eigenvalue increases with random labels.
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Figure 2: The cross-entropy and log evidence ratio, evaluated on random (a) or informative (b) labels.
The evidence, evaluated on the training set, is highly correlated with the test cross-entropy.
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Bayes Theorem and Stochastic Gradient Descent

In the proceeding section, we showed that generalization is strongly correlated with the Bayesian
evidence, which is a weighted combination of the depth of a minimum (the cost function) and its
breadth (the Occam factor). Therefore, when we train deep networks, we should not minimize the
cost function; we should try to find the local minimum which maximizes the evidence. To achieve
this, Bayesians add noise to the gradient updates (Mandt et al., 2017; Welling & Teh, 2011). We
propose that the same principles account for the “generalization gap" (Keskar et al., 2016), whereby
the test accuracy often falls as the SGD batch size is increased. Small batch training introduces
noise to the gradients, and this noise drives the SGD away from sharp minima, thus enhancing
generalization. Since the gradient drives the SGD towards deep minima, while noise drives the SGD
towards broad minima; we expect the test set performance to be maximized at an optimal batch size,
which introduces the right amount of noise to balance these competing contributions to the evidence.
To formalize this intuition, we interpret SGD as a stochastic differential equation. A gradient update,
!!
 dC
dC
dĈ
,
(3)
∆ω =
+
−
N dω
dω
dω
PN dCi
Where  is the learning rate, N is the training set size, dC
i=1 dω is the true gradient, and
dω =
PB dCi
N
dĈ
=
is
the
gradient
evaluated
on
a
batch.
The
expected
gradient of a single training
i=1 dω
dω
B
D
E

dCi
dCi dCj
1 dC
1 dC 2
example, dω = N dω , while dω dω = N dω + F (ω)δij . F (ω) is a matrix describing
the gradient covariances between different parameters, which are themselves a function of the
current parameter
values.

 To proceed, we adopt the central limit theorem and model the gradient
Ĉ
error α = ddω
− dC
with Gaussian random noise. It is easy to show that hαi = 0, while
dω
2
2
hα2 i = N ( N
B − 1)F (ω). Typically N  B, such that hα i ≈ N F (ω)/B. To continue, we
interpret equation 3 as a discrete update of the stochastic differential equation (Øksendal, 2003),
dω
dC
=
+ η(t),
(4)
dt
dω
Where t is a continuous variable, η(t) represents noise, hη(t)i = 0 and hη(t)η(t0 )i = gF (ω)δ(t − t0 ).
The constant g controls the scale of random fluctuations in the dynamics. To relate this differential
R /N dω
R /N
 dC
equation to the SGD, we compute a single gradient update ∆ω = 0
η(t)dt.
dt dt = N dω + 0
Finally, to measure g, we equate the variance in this gradient update to the variance in the gradient,
  2
N
hα2 i = 2 ( − 1)F (ω)/N
N
B
Z /N
Z /N Z /N
2
= h(
dt η(t)) i =
dt
dt0 hη(t)η(t0 )i = gF (ω)/N.
(5)
0

0

0

Rearranging, g = ( N
B − 1) ≈ N/B. SGD simulates a stochastic differential equation, and the scale
of random fluctuations are inversely proportional to the batch size. We expect an optimal batch size
to emerge when the underlying scale of random fluctuations is also optimal. We note that the SGD
would perform Bayesian posterior sampling if the covariance matrix F (ω) were an identity matrix.
Although it is not, it will have similar effects on the dynamics, driving SGD away from sharp minima
for which the evidence is small. In Smith & Le (2017), we extend the treatment above to SGD with
momentum, obtaining the noise scale g ≈ N/(B(1 − m)), where m is the momentum coefficient.
If we change the learning rate, momentum coefficient or training set size, Bayesian intuition tells
us that the scale of random fluctuations in the dynamics should not change. This scale is defined
by the coefficient g, which implies that the optimum batch size, Bopt ∝ N/(1 − m). We note that
Goyal et al. (2017) observed the scaling rule B ∝  empirically, and used it to increase the batch size
without sacrificing test set accuracy. This enabled them to train ImageNet in one hour.
In Smith & Le (2017), we confirm the existence of an optimal batch size within a shallow neural
network trained on MNIST. This optimum maximizes the test accuracy. We also successfully observe
the three scaling rules predicted above, Bopt ∝ , Bopt ∝ N and Bopt ∝ 1/(1 − m). These scaling
rules demonstrate that large batch training is possible, increasing parallelism and reducing model
training times. We extend our analysis of SGD to include decaying learning rate schedules in Smith
et al. (2017), where we show that decaying the learning rate is equivalent to increasing the batch size.
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