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Training Deep Models

✦ Weight Initialization and Reparameterization 

• Analytic / Data-driven methods 

• Self-Normalizing Neural Networks 

• Batch Normalization 

✦ Residual Networks



Challenges of Training Deep Models
2✦ Vanishing / exploding gradient problem 

• particularly observed and pronounced in deep and recurrent neural networks
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• If each Jk is contractive, the gradient magnitude vanishes with many layers
Example: sigmoid activation S(x) = 1

1+e≠x

J(x) = S(x)(1≠S(x)) Æ 1
4

• If each Jk is expansive, the gradient magnitude explodes
Example: Linear layer W kx

J(x) = W , can be expansive if maximum singular value of W is greater than 1



Challenges of Training Deep Models
3✦ Degenerate activation statistics 

• Gradients depend on the operating point 

• Example: initialize all weights and biases randomly

3/12
Weight initialisation

(2) Initialise all weights and biases randomly from a uniform (or normal) distribution.

⌅ o.k. for shallow networks,

⌅ not o.k. for deep networks!

Left: node statistics for the layers of a deep FFN with ReLU units with random inputs, all weights initialised

from a normal distribution. Middle and right: this can lead to vanishing/exploding gradients and “dead units”

during learning

Left: node statistics for the layers of a deep FFN with ReLU units with random inputs, all 
weights initialized from a normal distribution with the same scale.  

Middle and right: statistics of pre-activations: if for almost all data points pre-activations are in 
the region where gradient is close to zero this can lead to vanishing gradients and “dead units”



Challenges of Training Deep Models
4

✦ How can we improve training efficiency? (c.f. phenomenon: models that train faster 
by SGD also generalize better) 

• ReLU instead of sigmoid 

• Weight initialization 

• Batch normalization / RMS normalization 

• Preconditioned / adaptive gradient descent 

• Increase network width 

• Residual connections -- network architecture can make the optimization easier 

• …



Weight Initialization: Glorot
5✦ Proper initialization: Initialize weights/biases so that each neuron has activation 

statistic (over the dataset) with certain mean and variance
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⌅ Example: (Glorot & Bengio, 2010) Analyze variance of neuron outputs and backprop
gradients under the following simplifying assumptions
• tanh activation function f(x) in linear regime, i,e, f(x) ¥ x

• Neuron outputs as well as gradient components are i.i.d.
Start from a single neuron y = wT x, x œ Rn. Assume
• xi are i.i.d. with E[xi] = 0 and V[xi] = ‰

• wi are i.i.d. with E[wi] = 0 and V[wi] = Ê

It follows that E[y] = 0 and V[y] = nÊ‰.
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N (0,‰)
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N (0,nÊ‰)
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Weight Initialization: Glorot
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Example 1 (cont.).

⌅ forward: V[xk
i ] = nk≠1ÊkV[xk≠1

j ]

We want V[xk
i ] ¥ V[xk≠1

j ], i.e. nk≠1Êk = 1.

⌅ backward: V[Òk
i ] = nk+1Êk+1V[Òk+1

j ]

We want V[Òk
i ] ¥ V[Òk+1

j ], i.e. nkÊk = 1

⌅ Compromise: Set Êk = 2
nk≠1+nk

. Assuming that

the inputs x0
have zero mean and unit variance,

initialise the weights randomly by wk
ij ≥ N (0,Êk).

Similar considerations for ReLU activation lead to a

di�erent scheme (He et al., 2015). Figure: Node

statistics for the layers of the same deep FFN with

ReLU units as in Slide 3. But now with a proper weight

initialisation.
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⌅ Consider now a feedforward network with tanh activation and assumptions as above.
For layer k with nk nodes, denote the neuron outputs by xk and gradients by Òk.
Denote the variance of weights in layer k by Êk.
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• Assuming that the inputs x0
have zero mean

and unit variance

• forward: V[xk
i ] = nk≠1ÊkV[xk≠1

j ]

We want V[xk
i ] ¥ V[xk≠1

j ], i.e. nk≠1Êk = 1.

• backward: V[Òk
i ] = nk+1Êk+1V[Òk+1

j ]

We want V[Òk
i ] ¥ V[Òk+1

j ], i.e. nkÊk = 1

• Compromise: set Êk = 2
nk≠1+nk

• Randomly initialize the weights as normal wk
ij ≥ N (0,Êk).

• Or as uniform wk
ij ≥ U(≠d,d) with d =

Ò
Êk
3 (the variance is then Êk).
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nk+1wk+1 = 1



Weight Initialization: General Case
7
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⌅ Consider the typical network structure:
ak = W kxk≠1 preactivatinos
xk = f(ak) non-linear activation function
ak+1 = W k+1xk preactivatinos of the next layer

⌅ Procedure for general f :
• Assume pre-activations follow Normal distribution, ak ≥ N (0, I)

• Assume weights are Normally distributed, W k+1 ≥ N (0,ÊI)

• Statistics of ak+1 (consider one output with weight vector w for simplicity):
- Mean E[wTxk] = E[w]TE[xk] = 0

- Variance V[wTxk] = V[
q

i wixk
i ] =

q
iV[wixk

i ] = nkÊE[(xk
i )

2]

• Analytically / numerically compute ÷ = Ea≥N (0,1)[f(a)
2]

• Initialize variance as Ê = 1
nk÷ or as Ê = 2

(nk+nk≠1)÷
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⌅ f(a) ¥ a: ÷ = 1 (Glorot & Bengio, 2010)

⌅ ReLU: ÷ = 1
2 (He initialization, He et al. 2015)

Sigmoid: ÷ = 0.2928

tanh: ÷ = 0.3948
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Example 1 (cont.).

⌅ forward: V[xk
i ] = nk≠1ÊkV[xk≠1

j ]

We want V[xk
i ] ¥ V[xk≠1

j ], i.e. nk≠1Êk = 1.

⌅ backward: V[Òk
i ] = nk+1Êk+1V[Òk+1

j ]

We want V[Òk
i ] ¥ V[Òk+1

j ], i.e. nkÊk = 1

⌅ Compromise: Set Êk = 2
nk≠1+nk

. Assuming that

the inputs x0
have zero mean and unit variance,

initialise the weights randomly by wk
ij ≥ N (0,Êk).

Similar considerations for ReLU activation lead to a

di�erent scheme (He et al., 2015). Figure: Node

statistics for the layers of the same deep FFN with

ReLU units as in Slide 3. But now with a proper weight

initialisation.



Self-Normalizing Neural Networks
8
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N (µ,‹)
gæ N (µ̃, ‹̃)

[Klambauer et al. 2017: Self-Normalizing Neural Networks]

Figure 2: For ! = 0 and ⌧ = 1, the mapping g of mean µ (x-axis) and variance ⌫ (y-axis) to the
next layer’s mean µ̃ and variance ⌫̃ is depicted. Arrows show in which direction (µ, ⌫) is mapped by
g : (µ, ⌫) 7! (µ̃, ⌫̃). The fixed point of the mapping g is (0, 1).

⌫ 2 [0.80009, 1.48617]. All points within the (µ, ⌫)-domain converge when iteratively applying the
mapping Eq. (2) to this fixed point.

Proof. We provide a proof sketch (see detailed proof in Supplementary Material). With the Banach
fixed point theorem we show that there exists a unique attracting and stable fixed point. To this end,
we have to prove that a) g is a contraction mapping and b) that the mapping stays in the domain, that
is, g(⌦) ✓ ⌦. The spectral norm of the Jacobian of g can be obtained via an explicit formula for the
largest singular value for a 2⇥ 2 matrix. g is a contraction mapping if its spectral norm is smaller
than 1. We perform a computer-assisted proof to evaluate the largest singular value on a fine grid and
ensure the precision of the computer evaluation by an error propagation analysis of the implemented
algorithms on the according hardware. Singular values between grid points are upper bounded by the
mean value theorem. To this end, we bound the derivatives of the formula for the largest singular
value with respect to !, ⌧, µ, ⌫. Then we apply the mean value theorem to pairs of points, where one
is on the grid and the other is off the grid. This shows that for all values of !, ⌧, µ, ⌫ in the domain ⌦,
the spectral norm of g is smaller than one. Therefore, g is a contraction mapping on the domain ⌦.
Finally, we show that the mapping g stays in the domain ⌦ by deriving bounds on µ̃ and ⌫̃. Hence,
the Banach fixed-point theorem holds and there exists a unique fixed point in ⌦ that is attained.

Consequently, feed-forward neural networks with many units in each layer and with the SELU
activation function are self-normalizing (see definition 1), which readily follows from Theorem 1. To
give an intuition, the main property of SELUs is that they damp the variance for negative net inputs
and increase the variance for positive net inputs. The variance damping is stronger if net inputs are
further away from zero while the variance increase is stronger if net inputs are close to zero. Thus, for
large variance of the activations in the lower layer the damping effect is dominant and the variance
decreases in the higher layer. Vice versa, for small variance the variance increase is dominant and the
variance increases in the higher layer.

However, we cannot guarantee that mean and variance remain in the domain ⌦. Therefore, we next
treat the case where (µ, ⌫) are outside ⌦. It is especially crucial to consider ⌫ because this variable
has much stronger influence than µ. Mapping ⌫ across layers to a high value corresponds to an
exploding gradient, since the Jacobian of the activation of high layers with respect to activations
in lower layers has large singular values. Analogously, mapping ⌫ across layers to a low value
corresponds to an vanishing gradient. Bounding the mapping of ⌫ from above and below would avoid
both exploding and vanishing gradients. Theorem 2 states that the variance of neuron activations of
SNNs is bounded from above, and therefore ensures that SNNs learn robustly and do not suffer from
exploding gradients.
Theorem 2 (Decreasing ⌫). For � = �01, ↵ = ↵01 and the domain ⌦+: �1 6 µ 6 1, �0.1 6 ! 6
0.1, 3 6 ⌫ 6 16, and 0.8 6 ⌧ 6 1.25, we have for the mapping of the variance ⌫̃(µ,!, ⌫, ⌧,�,↵)
given in Eq. (4): ⌫̃(µ,!, ⌫, ⌧,�01,↵01) < ⌫.

The proof can be found in Supplementary Material. Thus, when mapped across many layers, the
variance in the interval [3, 16] is mapped to a value below 3. Consequently, all fixed points (µ, ⌫)

5
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⌅ Theorem (Klambauer et al. 2017): The mapping g of mean and variance statistics
(µ,‹) is contractive, there is a stable fixed point.
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⌅ Scaled Exponential Linear Unit:

SELU(x) = ⁄

Y
]

[
x if x > 0

–ex ≠– if x Æ 0

with parameters ⁄ ¥ 1.0507, – ¥ 1.6733

• ÷ = Ea≥N (0,1)[SELU(a)
2] = 1



Gradient Descent Under Reparameterization
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⌅ Let f : Rn æ R and its derivative J(x) = df(x)
dx .

Gradient descent:

• xt+1 = xt ≠–J(xt)

⌅ Make a substitution: x = Ay (change of coordinate) and consider GD in y:

• Problem in new coordinates: min
yœRn

f(Ay)

• GD: yt+1 = yt ≠–(J(Ayt)A)T

⌅ Substitute back y = A≠1x:

• A≠1xt+1 = A≠1xt ≠–ATJT(xt)

• Obtained: xt+1 = xt ≠–(AAT)JT(xt)

Gradient Descent under Reparameterization
11

x1
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x2
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x1 = y1
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⌅ Similar for non-linear change of coordinates, e.g. normalization
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⌅ Similar for non-linear change of coordinates, e.g. normalization✦ Corollary: initialization of the weight scale also affects GD dynamics
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⌅ Let f : Rn æ R and its derivative J(w) = df(w)
dw

Gradient descent:
• wt+1 = wt ≠–J (wt)

T

⌅ Make a substitution: w = Aw̃ (change of coordinate) and consider GD in w̃:
• Problem in new coordinates: minw̃œRn f(Aw̃)

• GD: w̃t+1 = w̃t ≠–(J (Aw̃t)A)T

⌅ Substitute back w̃ = A≠1w :
• A≠1wt+1 = A≠1wt ≠–ATJ (wt)

T

• E�ect in original space: wt+1 = wt ≠–
!
AAT

"
J (wt)

T



Batch Normalization
10✦ Can estimate statistics of pre-activations from the data 

• more accurate than using the Gaussian i.i.d. model

(µ,�2)
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⌅ Batch normalization (Jo�e & Szegedy, 2015):
• We actually process data in batches anyhow, let’s use the current batch for building

the statistics!
• A – batch of features
• BN(A) =

A≠µ(A)

‡(A)
—+“

• µ, ‡ – mean and standard deviation over batch
• —,“ – learnable parameters initialized as — = 1,“ = 0.



Batch Normalization
11
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X2
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⌅ Reparameterization Advantage: consider an example:
X2 = BN(ReLU(X1))

X3 = vTX2

Lb = S(ybX3
b), b = 1. . . B, yb œ {≠1,1}

• dLb
dv =

dL
dX3

b¸˚˙˝
scalar

X2
b

• X2 standardized ∆ gradient components have similar scale ∆ good conditioning
• The idea can be deepened to (approximatelly) relate activation standardization with

Natural Gradient

<latexit sha1_base64="sTO7kFXyPl067SfVThS4hHXh5l0="></latexit>

⌅ BN(A) = A≠µ(A)
‡(A) —+“, where A is a batch of activations, µ,‡ are batch mean and std.

⌅ Initialization advantage: — = 1, “ = 0 ∆ statistics before activations are standardized
∆ activations do not degenerate on average

⌅ Invariant to the weight scale: for A = wTX we have swTX≠µ(swTX)
‡(swTX)

= wTX≠µ(wTX)
‡(wTX)

• Does the weight scale not matter any more?
• Steepest descent step for w̃ = sw with learning rate 1 is equivalent to the steepest

descent step for w with learning rate 1
s2

∆ weight initialization scale controls the
local learning rate



LayerNorm, RMSNorm
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⌅ Recently, simpler alternatives are more common (in transformers, large-scale training)
⌅ LayerNorm:

y =
x≠ µ̂

‡̂
• Using mean µ̂ and standard deviation ‡̂ computed over units only (not over batch)

∆ no issue with training-test di�erence
• Completely similar reasoning as BN (but no generalization boost)
• Mostly used in CNNs with statistics over spatial dimensions per channel

⌅ Root Mean Square Normalization (RMSNorm):

y =
xÒ

1
n

q
i x2

i

=
x

ÎxÎ2
Ô

n

• Same as LayerNorm over channels (1D tokens in transformers)
• No mean subtraction, emphasizing that mostly the scale is important
• Assume we have followed the statistical initialization model in which x ≥ N (0, I)

• Then E[ÎxÎ22] = E[
q

i x2
i ] =

q
iE[x2

i ] =
q

i1 = n

• Therefore, RMSNorm tries to maintain the initialization scale assumptions when ÎxÎ



Residual Networks
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[He et al. 2015: Deep Residual Learning for Image Recognition]

Deep Residual Learning for Image Recognition

Kaiming He Xiangyu Zhang Shaoqing Ren Jian Sun
Microsoft Research

{kahe, v-xiangz, v-shren, jiansun}@microsoft.com

Abstract

Deeper neural networks are more difficult to train. We
present a residual learning framework to ease the training
of networks that are substantially deeper than those used
previously. We explicitly reformulate the layers as learn-
ing residual functions with reference to the layer inputs, in-
stead of learning unreferenced functions. We provide com-
prehensive empirical evidence showing that these residual
networks are easier to optimize, and can gain accuracy from
considerably increased depth. On the ImageNet dataset we
evaluate residual nets with a depth of up to 152 layers—8⇥
deeper than VGG nets [41] but still having lower complex-
ity. An ensemble of these residual nets achieves 3.57% error
on the ImageNet test set. This result won the 1st place on the
ILSVRC 2015 classification task. We also present analysis
on CIFAR-10 with 100 and 1000 layers.

The depth of representations is of central importance
for many visual recognition tasks. Solely due to our ex-
tremely deep representations, we obtain a 28% relative im-
provement on the COCO object detection dataset. Deep
residual nets are foundations of our submissions to ILSVRC
& COCO 2015 competitions1, where we also won the 1st
places on the tasks of ImageNet detection, ImageNet local-
ization, COCO detection, and COCO segmentation.

1. Introduction

Deep convolutional neural networks [22, 21] have led
to a series of breakthroughs for image classification [21,
50, 40]. Deep networks naturally integrate low/mid/high-
level features [50] and classifiers in an end-to-end multi-
layer fashion, and the “levels” of features can be enriched
by the number of stacked layers (depth). Recent evidence
[41, 44] reveals that network depth is of crucial importance,
and the leading results [41, 44, 13, 16] on the challenging
ImageNet dataset [36] all exploit “very deep” [41] models,
with a depth of sixteen [41] to thirty [16]. Many other non-
trivial visual recognition tasks [8, 12, 7, 32, 27] have also

1
http://image-net.org/challenges/LSVRC/2015/ and

http://mscoco.org/dataset/#detections-challenge2015.
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.

greatly benefited from very deep models.
Driven by the significance of depth, a question arises: Is

learning better networks as easy as stacking more layers?
An obstacle to answering this question was the notorious
problem of vanishing/exploding gradients [1, 9], which
hamper convergence from the beginning. This problem,
however, has been largely addressed by normalized initial-
ization [23, 9, 37, 13] and intermediate normalization layers
[16], which enable networks with tens of layers to start con-
verging for stochastic gradient descent (SGD) with back-
propagation [22].

When deeper networks are able to start converging, a
degradation problem has been exposed: with the network
depth increasing, accuracy gets saturated (which might be
unsurprising) and then degrades rapidly. Unexpectedly,
such degradation is not caused by overfitting, and adding
more layers to a suitably deep model leads to higher train-
ing error, as reported in [11, 42] and thoroughly verified by
our experiments. Fig. 1 shows a typical example.

The degradation (of training accuracy) indicates that not
all systems are similarly easy to optimize. Let us consider a
shallower architecture and its deeper counterpart that adds
more layers onto it. There exists a solution by construction
to the deeper model: the added layers are identity mapping,
and the other layers are copied from the learned shallower
model. The existence of this constructed solution indicates
that a deeper model should produce no higher training error
than its shallower counterpart. But experiments show that
our current solvers on hand are unable to find solutions that
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✦ By using proper weigh initialization / BN we can learn deep networks with up to 
20-30 layers. But for deeper models the training performance becomes a limitation.

Training error and test error on CIFAR-10 with 20-layer and 56-layer “plain” networks

✦ Idea: introduce skip (shortcut) connections:
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Figure 2. Residual learning: a building block.

are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
underlying mapping as H(x), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x)�x. The orig-
inal mapping is recast into F(x)+x. We hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an
identity mapping were optimal, it would be easier to push
the residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x)+x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 34, 49] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [36], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [41]. Our ensemble has 3.57% top-5 error on the

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] have been studied for a long
time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-

2
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⌅ Residual learning view:
Consider regression problem of predicting xú based on x0:
min

◊0
E(x0,xú)

Ë1
xú ≠F0(x

0;◊0)
22È

• Let x1 = F 0(x0;◊0) current prediction, then r1 = xú ≠x1 is the residual error not
explained by the model

• Try to correct it with F1 based on the current prediction x1:
min

◊1
E(x1,xú)

Ë1
(xú ≠x1)¸ ˚˙ ˝

r1

≠F1(x
1;◊1)

22È

• Corrected predictor: x1+F1(x1;◊1)

• Can also learn this predictor jointly,
corresponds to the skip architecture
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Figure 2. Residual learning: a building block.

are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
underlying mapping as H(x), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x)�x. The orig-
inal mapping is recast into F(x)+x. We hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an
identity mapping were optimal, it would be easier to push
the residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x)+x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 34, 49] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [36], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [41]. Our ensemble has 3.57% top-5 error on the

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] have been studied for a long
time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-
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Residual Networks

Let us have a di�erent view on residual networks. We have two

linked networks:

⌅ a “highway” network with few layers,

⌅ a very deep network which adds “corrections” the former.

This improves trainability of the network. It becomes possible to

train networks with 100 and more layers.

Attempts for theoretical explanation:

⌅ analyse the gradients statistic. Resnets have rather uniform

distribution of gradients,

⌅ interpret resnets as compositions of “near to identity”

mappings and model them by kernels.
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⌅ Highway architecture view:

We have two linked networks:

• a “highway” network with few layers,

• a very deep network which adds “corrections” the former.

This improves trainability of the network. It becomes possible

to train networks with 100 and more layers.
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⌅ Attempts for theoretical explanation:
• analyze the gradients statistic. Resnets have rather uniform distribution of gradients,
• The limit of large width (NTK) shows better learning properties than with FFNs

8

Table 2. Classification error (%) on the CIFAR-10 test set using di↵erent activation
functions.

case Fig. ResNet-110 ResNet-164

original Residual Unit [1] Fig. 4(a) 6.61 5.93

BN after addition Fig. 4(b) 8.17 6.50

ReLU before addition Fig. 4(c) 7.84 6.14

ReLU-only pre-activation Fig. 4(d) 6.71 5.91

full pre-activation Fig. 4(e) 6.37 5.46
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Figure 4. Various usages of activation in Table 2. All these units consist of the same
components — only the orders are di↵erent.

3.2 Discussions

As indicated by the grey arrows in Fig. 2, the shortcut connections are the
most direct paths for the information to propagate. Multiplicative manipulations
(scaling, gating, 1⇥1 convolutions, and dropout) on the shortcuts can hamper
information propagation and lead to optimization problems.

It is noteworthy that the gating and 1⇥1 convolutional shortcuts introduce
more parameters, and should have stronger representational abilities than iden-
tity shortcuts. In fact, the shortcut-only gating and 1⇥1 convolution cover the
solution space of identity shortcuts (i.e., they could be optimized as identity
shortcuts). However, their training error is higher than that of identity short-
cuts, indicating that the degradation of these models is caused by optimization
issues, instead of representational abilities.

4 On the Usage of Activation Functions

Experiments in the above section support the analysis in Eqn.(5) and Eqn.(8),
both being derived under the assumption that the after-addition activation f

✦ Variants (pre-activation) and further…
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✦ Zagoruyko and Komodakis (2016): Wide Residual Networks

8 SERGEY ZAGORUYKO AND NIKOS KOMODAKIS: WIDE RESIDUAL NETWORKS

depth k # params CIFAR-10 CIFAR-100
40 1 0.6M 6.85 30.89
40 2 2.2M 5.33 26.04
40 4 8.9M 4.97 22.89
40 8 35.7M 4.66 -
28 10 36.5M 4.17 20.50
28 12 52.5M 4.33 20.43

22 8 17.2M 4.38 21.22
22 10 26.8M 4.44 20.75
16 8 11.0M 4.81 22.07
16 10 17.1M 4.56 21.59

Table 4: Test error (%) of various wide networks on CIFAR-10 and CIFAR-100 (ZCA pre-
processing).

reported in table 5 are with batch size 128). Training curves for these networks are presented
in Figure 2.

Despite previous arguments that depth gives regularization effects and width causes net-
work to overfit, we successfully train networks with several times more parameters than
ResNet-1001. For instance, wide WRN-28-10 (table 5) and wide WRN-40-10 (table 9) have
respectively 3.6 and 5 times more parameters than ResNet-1001 and both outperform it by a
significant margin.

depth-k # params CIFAR-10 CIFAR-100
NIN [20] 8.81 35.67
DSN [19] 8.22 34.57
FitNet [24] 8.39 35.04
Highway [28] 7.72 32.39
ELU [5] 6.55 24.28

original-ResNet[11] 110 1.7M 6.43 25.16
1202 10.2M 7.93 27.82

stoc-depth[14] 110 1.7M 5.23 24.58
1202 10.2M 4.91 -

pre-act-ResNet[13]
110 1.7M 6.37 -
164 1.7M 5.46 24.33

1001 10.2M 4.92(4.64) 22.71

WRN (ours)
40-4 8.9M 4.53 21.18
16-8 11.0M 4.27 20.43

28-10 36.5M 4.00 19.25

Table 5: Test error of different methods on CIFAR-10 and CIFAR-100 with moderate data
augmentation (flip/translation) and mean/std normalzation. We don’t use dropout for these
results. In the second column k is a widening factor. Results for [13] are shown with mini-
batch size 128 (as ours), and 64 in parenthesis. Our results were obtained by computing
median over 5 runs.

In general, we observed that CIFAR mean/std preprocessing allows training wider and
deeper networks with better accuracy, and achieved 18.3% on CIFAR-100 using WRN-40-
10 with 56⇥106 parameters (table 9), giving a total improvement of 4.4% over ResNet-1001

Width factor

Test error of depth x width combinations

• Consistent gains from increasing width

• Need to consider the resource usage again

• Can be made sparse / distilled after training and even retrained after sparsening 
(c.f lottery ticket hypothesis)


