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Abstract
Designing neural network architectures is a challenging
task and knowing which specific layers of a model must be
adapted to improve the performance is almost a mystery.
In this paper, we introduce a novel theory and metric to
identify layers that decrease the test accuracy of the trained
models, this identification is done as early as at the beginning of training. In the worst-case, such a layer could lead
to a network that can not be trained at all. More precisely,
we identified those layers that worsen the performance because they produce conflicting training bundles as we show
in our novel theoretical analysis, complemented by our extensive empirical studies. Based on these findings, a novel
algorithm is introduced to remove performance decreasing
layers automatically. Architectures found by this algorithm
achieve a competitive accuracy when compared against the
state-of-the-art architectures. While keeping such high accuracy, our approach drastically reduces memory consumption and inference time for different computer vision tasks.

1. Introduction
The training of deep neural networks is a complex and
challenging task [8], one that can be achieved by better
initialization strategies [4, 6], activation functions [3, 19],
regularization methods [11, 26] and network architectures
[7, 22, 27, 29]. Designing good architectures is still a mystery and often done through trial and error approaches or
exhaustive grid searches. A test accuracy map is shown
in fig. 1 for 176 different fully connected neural networks
trained on Mnist. The expressivity of networks grows exponentially with depth [23, 24], but it can be seen that the
optimal architecture w.r.t test accuracy that is also trainable
depends on a good balance between width and depth [29].
Searching through many different architectures this way to
find a good configuration is not an option for real-world ap-

Figure 1: Test accuracy of different neural networks
trained on Mnist together with the boundary that separates
networks that induce conflicting training bundles.
plications as too many possible configurations exist and the
time required to train and evaluate each alternative is usually too long [28]. We introduce the conflicting training
bundle problem in this paper and we can prove theoretically
and experimentally that conflicting bundles worsen the performance of neural network models. The red line in fig. 1 is
a boundary that separates all models that are trained without conflicting bundles (below the line) and all models that
induce conflicting bundles during training (above the line).
We are able to locate layers that induce conflicting bundles
already at the beginning of the training by evaluating only
the deepest network for each width as we motivate later
in the paper. Therefore, our method to find this boundary
is computationally very cheap and the analysis of conflicting bundles will (1) help researchers to create new or improve state-of-the-art network architectures (2) help to create novel neural architecture search (NAS) algorithms and
(3) explain effects from a new theoretical perspective and
hopefully inspire new research. The problem that we discovered is described next.
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1.1. The conflicting training bundle problem
The output of a neural network is calculated by successively propagating inputs forward through all hidden layers. Those calculations are executed on a CPU or GPU
and therefore, all output values of a layer are represented
with finite resolution such as float32. Consequently, two
outputs that are only slightly different (less than the minimum resolution of float), are equal on a CPU or GPU. We
found that weights are adjusted in wrong directions during
training, leading to a worsened overall performance of the
model, if any hidden layer produces the same output vector
for two input examples with different labels. Therefore, we
call two samples bundled if the same output w.r.t. the floating point resolution is produced for both inputs after passing
through some hidden layer of the network and conflicting if
both samples are labeled differently. The layer that bundles
the samples, called the conflicting layer, can be precisely
determined and therefore architectures can either manually
or automatically be adapted as we demonstrate in this paper.

1.2. Outline
In section 2, the theory of conflicting training bundles
is introduced. We show theoretically that the accuracy decreases if conflicting bundles appear during training and
that in the worst-case scenario the network cannot learn
from data. In that same section, we introduce a novel
metric to quantify and to detect the precise layer that produces conflicting training bundles. In the experimental section 3 we evaluate many different types of networks: Under
tightly controlled settings conflicting training bundles are
produced, and the effects are studied. Then, the evolution
of conflicting bundles is studied for each training epoch and
layer. Fully connected networks, VGG nets and ResNets
are tested on different datasets. Finally, a novel NAS algorithm to tackle conflicting training bundles is introduced
and compared against the best ResNet found through a grid
search. A discussion and inspiration for future research are
given in section 4.

1.3. Related work
Different optimization problems have already been the
subject of study. LeCun et al. [16] has shown that careful initialization of the weights of neural networks has a
significant effect on the training process. Methods to initialize weights avoid vanishing information during forwardpropagation and also avoid vanishing- or exploding gradients during backward propagation [4, 6, 8, 14, 18]. Very
deep networks are difficult to optimize, even when variancepreserving initialization methods are used [27]. Solutions
to overcome this problem include highway networks [27]
that allow for the unimpeded information flow across several layers, or residual learning [7] among others. Historical developments and optimization problems that can occur

during the training of neural networks are extensively described and summarized by the seminal survey of Schmidhuber [25] and the book of Goodfellow et al. [5].
To the best of our knowledge, we are the first that precisely locate and quantify the conflicting training bundles
problem. Nevertheless, a closely related work published
by Kamimura and Takeuchi [12] describes that information
of original input patterns is lost in higher layers by going
through multiple layer transformations and compressions.
They also claimed that convolutional neural networks do not
suffer from this problem probably due to the high dimensionality of hidden features. In this paper, we study layers in
the network hierarchy where as much information vanishes
such that two different inputs are represented equally when
passed through this layer. We also show that this problem
indeed arises for convolutional neural networks that distinguish our paper clearly from the work of Kamimura and
Takeuchi [12].
Another closely related work is from Balduzzi et al. [2]
which proved that the correlation between gradients in fully
connected networks with L layers decay exponentially
with
√
1/2L . The correlation decreases only with 1/ L if residual connections are used. Therefore, they concluded that
residual networks are easier to train than fully connected
networks. Shattered gradients are independent of the width
(theorem 1 of [2]) and therefore, the pattern shown in fig. 1
can not be fully described. On the other hand, we show in
this paper that conflicting training bundles depend on the
depth and the width. To ensure that conflicting bundles do
not shutter gradients, we directly evaluate gradients in section 3.2. The fact that conflicting bundles occur for very
shallow networks rules out the vanishing- or exploding gradients [9] and we conclude that this is a new type of problem. We also want to mention that related work mainly analyses gradients. Conflicting bundles are analyzed after each
layer during forward-propagation which allows to precisely
detect the layer that induces the problem.

2. A theory of conflicting training bundles
In this section, our theory of conflicting training bundles is introduced. The focus is on classification problems for simplicity, although the idea of conflicting training bundles can also be applied to e.g. regression problems. Let’s consider a training set S ∈ X × Y that contains objects from a specific domain X along with its labels Y. Labels y ∈ Y are one-hot encoded and the dimensionality of labels is Nc . If the input to a layer of a
neural network is of dimension m and output of dimension n, we use weight matrices W ∈ Rn×m and bias terms
b ∈ Rn×1 to calculate the output. The output of a specific layer l ∈ {1, ..., L} for a network with L layers is
(l)

a vector a(l+1) (xi ) = f W (l) ai + b(l) for some input
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(l+1)

xi ∈ X and nonlinearity f . We write ai
instead of
a(l+1) (xi ) and a1i = xi . We train neural networks using
gradient descent with batches B ⊆ X and assume without loss of generality that batches are uniformly distributed
w.r.t. the class labels 1 . The loss of the neural network for
input xi is calculated with Ji = CrossEntropy(hi , yi ) and
(L)
hi = sof tmax(W (L) ai + b(L) ). The gradient is calcu∂Ji
(L) T
and for a mini-batch
lated with ∂W
(L) = (hi − yi )a
P
|B|
∂Ji
1
∂J
with ∂W (L) = |B| i=1 ∂W (L) . We now define for which
cases two samples are considered to be in the same bundle
and under which circumstances we call a bundle or a layer
a conflicting one:

where 1 is a vector of dimension Nc × 1 with components
1. First of all, we can see that all hi are collapsed into a single h, which is the fully conflicting bundle assumption. All
labels can also be collapsed into a single 1 vector scaled by
|B|/Nc as we assume uniformly distributed batches. The
first observation is that the labels yi disappeared from the
gradient, i.e. the gradient is uncorrelated of yi and therefore we conclude that the network cannot learn from data.
This is also a difference to shattered gradients [2] where
gradients become uncorrelated from its input xi (and not
yi ). Another observation is that the gradient becomes zero
whenever all components of h equal 1/Nc and therefore we
hypothesize:

Definition 1. Two samples xi , xj ∈ X are bundled by layer
(l+1)
(l+1)
l, if ai
= aj
for the current configuration of learnable parameters.

Hypothesis 1. If a fully conflicting bundle occurs during
training, all labels are ignored and weights are adjusted until
each output neuron fires with constant value N1c .

Definition 2. Two samples xi , xj ∈ X are conflicting, if
yi 6= yj and there exists some layer l ∈ {1, ..., L} that
bundles xi and xj . We call layer l the conflicting layer for
xi and xj .

Note that the value of each neuron is N1c because we assumed equally distributed labels in the batches. If we relax
this assumption, each neuron will fire with a constant value
that represents the imbalance of the dataset. For example,
if 75% of the examples are of class one, the corresponding
neuron will fire with a constant value of 0.75.

Two different input examples xi and xj are therefore
bundled, if the same output is produced for both inputs after the non-linearity of some hidden layer l is applied. The
output layer is per definition not included.

2.2. Conflicting bundles

Definition 3. A bundle Dil contains all samples x ∈ B that
are bundled after layer l and the set of all bundles Dl =
{D1l , D2l , ...Dkl } with 1 ≤ k ≤ |B| ensure that ∀i 6= j :
Dil ∩ Djl = ∅ and D1l ∪ D2l , ... ∪ Dkl = B. A bundle that
contains conflicting samples is called a conflicting bundle.
We call the bundle D1l of the special case Dl = {D1l } a fully
conflicting bundle.

We now relax the assumption that a fully conflicting bundle occurs and study the gradient if some conflicting bundles occur (see definition 3):


|D|
X
T
∂J
1 X 
|D| hD −
yi  aD (L)
=
|B|
∂W (L)
L
i=1

Per definition, a conflicting bundle contains at least two
samples with different labels. A fully conflicting bundle
contains all samples of a mini-batch and therefore all samples are conflicting. We will now make use of the definitions to derive the negative effects that arise when neural
networks are trained with fully conflicting bundles or conflicting bundles in general.

2.1. Fully conflicting bundle
At first we evaluate the gradient w.r.t. W (L) if a fully
conflicting bundle (definition 3) occurs during training:
|B|

|B|

T
1 X ∂Ji
1 X
∂J
(hi − yi ) ai (L)
=
=
(L)
(L)
|B| i=1 ∂W
|B| i=1
∂W


T
1
1 a(L)
= h−
Nc
1 This

assumption can be easily removed by shifting derivations.

D∈D

T
1 X
=
(|D| hD − ŷD ) aD (L)
|B|
L
D∈D

Compared to the fully conflicting bundle case, where labels
disappeared, labels are still included in the calculation of
the gradient. But it can also be seen that for the same output
hD different labels are grouped into a single ŷD . Therefore,
we assume that the effect of conflicting bundles is similar
to the effect of noisy labels for which it is well known that
the model performance is worsened [21]. This leads us to
the following hypothesis that will be extensively evaluated
in the experimental section 3:
Hypothesis 2. If conflicting bundles occur during training
the performance of the trained model is worsened.
To check the correctness of hypothesis 1 and hypothesis 2, we have to be able to detect situations where conflicting bundles occur. Therefore, a metric to quantify conflicting bundles is introduced next.
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2.3. Conflicting bundle metric
To measure whether two samples xi and xj are bundled
(l+1)
(l+1)
by layer l we must check if ai
= aj
(definition 1).
As already mentioned the finite resolution of floating point
values must be considered when calculated on a GPU or
CPU. Therefore, it makes a difference whether the vectors
are used during forward- or backpropagation: During backpropagation, ai vectors are scaled by the learning rate α and
1/|B| before they are subtracted from the weights. Therefore, it is possible that very small values that are different
during forward propagation are bundled during backpropagation due to the finite resolution of floating-point values.
To consider this, we approximate definition 1 with
α
(l+1)
(l+1)
||a
− aj
||∞ ≤ γ
|B| i

(1)

where γ is the currently smallest possible resolution that is
supported by the floating-point representation of the GPU
or CPU (γ ≈ 10−8 ). Note that eq. (1) depends only on
the output of the layer such that this metric can be used for
any type of layers such as fully connected, convolutional,
pooling or others.
A bundle Dil (definition 3) is then the set of all vectors
that are equal accordingly to eq. (1). We are mainly interested in conflicting bundles and to quantify how conflicting
a single bundle Di ∈ Dl at training step t and layer l is, we
make use of the entropy H l (t, Di ) with:
H l (t, Di ) = −

Nc
X

p(n) ln (p(n) + ǫ)

(2)

n=1

where p(n) represents the probability that samples of class
n occur in bundle Di and ǫ is an arbitrarily small value ensuring numerical stability. The entropy H l (t, Di ) is large if
bundle Di created by layer l contains many examples with
different labels and H l (t, Di ) is small if examples have the
same label.
To measure the entropy of all bundles, the size of each
bundle must be also considered, because a large conflicting
bundle D1 affects the training more than a small conflicting
bundle D2 . Therefore, we consider the bundle size of each
bundle to report the bundle entropy at training step t for
layer l with:
H l (t) =

1 X
|Di | · H(t, Di )
|B|
l

steps and report an average value of the bundle entropy that
occurred during training. We call this metric the bundle entropy H l . If not explicitly mentioned we call H L of the last
hidden layer L the bundle entropy. It is important to mention that the bundle entropy H L > 0 iff at least two samples
with different labels are bundled during training.

3. Experimental evaluation
In section 2 we hypothesized that if conflicts occur, the
test loss increases (hypothesis 2) and in the extreme case all
labels are ignored (hypothesis 1). In this section, we evaluate whether conflicting bundles occur during the training of
SOTA methods and if the effects are as hypothesized.

3.1. Setup
The theory of conflicting bundles should be a new starting point for research into several directions to improve
the state-of-the-art, but the focus of this work is to introduce and shed light on the problem itself and not to finetune state-of-the-art methods or architectures. Therefore,
we suggest the following setup as a starting-point for discussions:
Training. We refer to networks that are built only with
fully connected layers as fully connected networks, networks as introduced by He et al. [7] residual neural network (ResNet) and we call the same network without
residual connections VGG net. State-of-the-art datasets
[10, 13, 15, 20], and random data augmentation is used
to evaluate conflicting bundles under real conditions: We
normalize and randomly crop, flip (except for Mnist) and
adapt the brightness of images. ReLU activations are used
and therefore weights are initialized with the HE initializer
[6] to avoid vanishing or exploding gradients. To minimize
the cross-entropy loss we use the state-of-the-art optimizer
Ranger (RAdam [17] + Lookahead [31]) with a mini-batch
size of 64, a learning rate of 0.001, weight decay of 0.01.
ResNets and VGG nets are trained for 120 epochs and the
fully connected networks for 50 epochs. The source uses
TensorFlow Version 2.2.0 [1] and is available on GitHub 2 .
Training is executed on a multi-GPU cluster, one GPU is
used to measure conflicting bundles. All experiments are
also implemented and designed to be executable on smaller
systems with a single GPU.

(3)

Di ∈D

If only one sample or samples of the same class are included
in a bundle, H l (t) is zero. If a fully conflicting bundle occurs then H L = ln(Nc ).
To be able to check the correctness of hypothesis 1 and
hypothesis 2 we must detect whether conflicts occur during
training. Therefore, we evaluate H l (t) after multiple time

Evaluation. The test accuracy is averaged over the last 5
epochs to exclude outliers. We estimate conflicting bundles
through a random subset of the training set B ⊆ X with
|B| = 2048 to speed up computations and we found empirically that this number of samples is large enough to rep2 https://github.com/peerdavid/
conflicting-bundles
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(a) No conflicting bundle
balanced dataset.

(b) Fully conflicting bundle
training with balanced dataset

(c) Fully conflicting bundle
training with imbalanced dataset

Figure 2: Experiment with a toy dataset and manually initialized weights to produce a fully conflicting bundle for balanced
and imbalanced datasets and to check if gradients resemble white noise.

Figure 3: White noise of shattered gradients [2] compared
with gradients of the conflicting training bundle problem.

resent the bundle entropy. To calculate bundles we created
a vectorized function that iterates only once overall x ∈ B
such that this calculation can also be done on small hardware setups with e.g. only one GPU. Therefore, the complexity to evaluate all layers is O(|B| × L). It is important
to mention that examples of the training data and not the
test data are used to measure conflicting training bundles,
as those examples are used to adjust the weights of the network.

3.2. Training with a fully conflicting bundle
To evaluate whether training with fully conflicting bundles saddle at a region where all neurons fire with a constant
value as predicted in hypothesis 1, we compare the training
of a neural network with and without a fully conflicting bundle under controlled settings. The fully conflicting bundle
is produced in a setup where the conditions can be tightly
controlled through manual weight initialization. We use a
toy dataset with two classes (class one if xi < 0.5, class
two otherwise) and 1k training examples for a network with
ReLU activations, two layers and two neurons per layer fol-

lowed by softmax and cross-entropy loss function. The results are shown in fig. 2.
At first, we confirmed in fig. 2a that this network can
solve the problem with a training accuracy of ≈ 1.0 if
weights are initialized such that no fully conflicting bundle
is produced. For the training shown in fig. 2b we initialized
weights such that a fully conflicting bundle is produced. It
can be seen that for this weight configuration each output
neuron fires with a constant value of 1/Nc = 0.5 after 50
epochs as predicted by hypothesis 1. In fig. 2c the network
is trained under fully conflicting bundles together with an
imbalanced dataset such that 66% of the training examples
are of class one and 33% are of class two. As claimed in section 2.1, each neuron reflects the imbalance of the dataset
because neuron one fires with a constant value of 0.66. The
gradient amplitude of the training without conflicting bundles (fig. 2a) and with conflicting bundles (fig. 2b, fig. 2c)
is similar at the beginning of the training process, ruling out
the gradient vanishing or exploding problem. Also, the networks have only two layers such that this problem would
not arise. We also compared the shattered gradient problem
with the gradients of fully conflicting training bundles in
fig. 3 and can rule out that both problems are the same because gradients of conflicting bundles are highly correlated
with its input.
We executed this first experiment under controlled settings and therefore we continue with the HE initializer [6],
larger fully connected networks and the Mnist dataset.

3.3. Fully connected networks
The test accuracy of more than a hundred fully connected
networks together with the conflicting boundary is already
shown in fig. 1. In this section, we study the bundle entropy and the number of bundles that occur during training
in more detail by analyzing each training epoch and layer
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(a) H l (t) evaluated for each layer l and
epoch t for a network with L = 25.

(b) H l (t) evaluated for each layer l and
epoch t for a network with L = 150.

(c) Number of bundles (definition 3)
evaluated for each layer l and epoch t for a
network with L = 150.

Figure 4: Evaluation of fully connected network w.r.t conflicting training bundles.

Figure 5: Test accuracy and bundle entropy H L of fully
connected networks with different depth and width.

of different fully connected networks trained on Mnist. Results are shown in fig. 4 and fig. 5.
In fig. 4a we can see the training of two shallow networks with width 10 and 25. First of all, the number
of conflicts mainly increases as we ascend the hierarchy
of the network indicating that subsequent layers can not
fully solve conflicts. Therefore, it can be concluded that
the number of conflicting training bundles increases as the
depth of the network increases. Comparing width 10 and
width 25 of fig. 4a shows that conflicts occur much earlier
in the architecture if the dimensionality of hidden features
is smaller. This explains the pattern of the test-accuracy
shown in fig. 1. Also, if conflicting bundles occur during
training, conflicts can only slowly be resolved as the training proceeds. This motivates why we are able to create the
boundary of fig. 1 already at the beginning of the training.
Two deeper networks with 150 layers are analyzed in fig. 4b
and fig. 4c. For both widths conflicting bundles occur dur-

ing training, but for a width of 10 it can be seen that a fully
conflicting bundle occurs because H l (t) ≈ 2.3. Therefore,
conflicts are never resolved and we also confirmed that the
accuracy is not better than chance as claimed in hypothesis 1. Interestingly, if we compare fig. 4a and fig. 4b it can
be concluded that for a fixed width, the position where conflicting layers occur is similar between different depths. For
example the first conflicting layer for width 25 is layer 19
for both, L = 25 and L = 150. Therefore, it is sufficient
to only evaluate the deepest network to find the conflicting
boundary in fig. 1. The correlation of the bundle entropy
and test accuracy is evaluated in fig. 5: It can be seen that
the bundle entropy H L is negatively correlated with the test
accuracy. This further supports our hypothesis 2 that conflicting bundles worsen the test accuracy of neural networks.
One natural question that arises from this section is,
whether conflicts also occur for computer vision tasks and
convolutional layers because hidden features are high dimensional.

3.4. VGG nets
In this section, conflicting bundles are evaluated for different VGG nets and different datasets to further support
hypothesis 1 and hypothesis 2 experimentally. The network
is trained without residual connections and the results are
shown in fig. 6a. The bundle entropy of each time step
H L (t) for a network with 100 layers trained on Imagenette
is shown in fig. 6b.
For small networks with only four layers, the model
suffers from underfitting and therefore the test accuracy is
lower. From 10 to 40 layers, the test accuracy is largest
and the bundle entropy is also zero indicating no conflicting bundles during training. After 40 layers for Cifar (and
60 layers for Imagenette), the bundle entropy H L increases
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(a) Test accuracy and bundle entropy H L for
different num. of layers without residual
connections

(b) H L (t) for a network without
residuals and 100 layers

(c) Test accuracy and bundle entropy H L for
different num. of layers with residual
connections

Figure 6: Performance and bundle entropy of different VGG nets and residual neural networks.
as the depth increases. The test accuracy decreases as the
bundle entropy increases which supports hypothesis 2. For
120 layers the entropy is ≈ 2.3 (max. possible entropy
for 10 classes is 2.3) indicating a fully conflicting bundle
and therefore the accuracy is also not better than chance as
hypothesized in hypothesis 1. Previous work already reported that the test accuracy decreases when training very
deep convolutional networks [2, 7, 27]. We are now able to
relate this behavior additionally to conflicting bundles. Another interesting observation is that weights are initialized
correctly because at the beginning of the training the bundle
entropy is zero as shown in fig. 6b and conflicting bundles
occur after the first epochs of training. We conclude that
weight initialization is very important, but conflicts can also
occur even when weights are initialized correctly and the
probability for conflicting layers increases with each layer
that is added to the architecture also for very high dimensional features such as images.
It is well known that residual connections reduce the
shattered gradient problem and we have seen in section 3.2
and section 3.3 that shattered gradients are different than
conflicting bundles. Therefore the question of whether
residual connections also solve the conflicting bundle problem is still an open one and analyzed next.

3.5. Residual neural networks
To evaluate whether residual connections solve conflicts,
we trained residual networks with different depths on different datasets. It can be seen in fig. 6c that the bundle entropy
is zero for all network depths and datasets, thus it can be
concluded that conflicts are solved by residual connections
and therefore, the training of very deep convolutional networks is possible. Also, the accuracy is high for all different
residual networks which further supports hypothesis 2. He
et al. [7] already showed that residual networks are easier

to optimize and our conflicting bundle theory explains this
fact from a new perspective.
We further evaluate how residual connections bypass
conflicting layers from a theoretical viewpoint: Let’s consider layer l producing conflicts for xi and xj without any
residual connection. We call this the intermediate conflicting output d(l) (which is the same for xi and xj as it is
assumed to be conflicting). The output for inputs xi and
xj of the layer which adds a residual connection r(l) (x)
is a(l+1) (x) = r(l) (x) + d(l) . The residual r(l) (x) is the
identity mapping [7] and therefore it can be shown that the
function a(l+1) (x) is bijective for inputs xi and xj . Defini(l+1)
(l+1)
tion 1 is violated because ai
6= aj
and the conflict
is resolved. This analysis shows how residual connections
solve conflicts. But, it is also important to mention that this
analysis not proved the absence of conflicts in general. For
example, if the intermediate layer is exactly the negative
identity function, the output a(l+1) (x) is constantly zero
and therefore, conflicting. On the other hand, He et al. [7]
already showed that it is hard to learn the identity function
and therefore we assume that the aforementioned special
case never happens in practise. This is backed by the results
shown in fig. 6c because the bundle entropy is always zero.
Another important insight of this theoretical analysis
is that conflicting layers that are bypassed with residual connections represent only a linear mapping, because
a(l+1) (x) = r(l) (x) + d(l) . Therefore, we assume that the
test accuracy of correctly pruned networks (w.r.t conflicting
layers) is not significantly worse than its residual counterpart which is evaluated next.

3.6. Auto-tuning the network depth
The pruning algorithm that we propose searches for the
conflicting boundary as shown in fig. 1 for a given input dimensionality and prunes afterwards the network to ensure
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Table 1: Comparison of test accuracy, memory consumption (based on checkpoint size) and inference time.
Dataset
Imagenette
Cifar
Svhn
Mnist

Name
ResNet
Auto-tune
ResNet
Auto-tune
ResNet
Auto-tune
ResNet
Auto-tune

Layers
50
24 ± 1.6
76
19 ± 0.9
50
19 ± 0.9
50
17 ± 1

Accuracy [%]
85.6 ± 0.8
84.7 ± 0.1
85.7 ± 0.4
85.3 ± 0.4
95.4 ± 0.1
95.1 ± 0.1
99.4 ± 0.0
99.3 ± 0.5

that no conflicting bundles occur during training. This is
implemented as follows: First, the largest network from section 3.4 with 120 layers is trained for at least one epoch (see
fig. 6b). Then the first layer l with H l (t) > 0 and all subsequent layers of the same type (specified in [7]) are removed
from the architecture following the findings of section 3.3.
Due to this pruning, also the dimensionality between two
layers changes and therefore we restart the training with the
new pruned architecture rather than continuing the training
to avoid dimensionality problems. A restart additionally
helps in terms of accuracy, because the network is trained
for one epoch with conflicting bundles such that weights of
the network are adjusted into wrong directions. This process is repeated until no conflicting layer can be found and
the network is successfully trained.
To provide a fair comparison, we compare the pruned
network found by the auto-tune algorithm against the
ResNet which produced the highest accuracy (section 3.5).
To evaluate whether a similar accuracy can be achieved for
other datasets, the Svhn [20] and Mnist [15] dataset are included and trained on ResNet-50 as this depth produced
good results in section 3.5. Note that each experiment is
executed three times and the mean and standard deviation
are reported in table 1. From our experimental evaluation,
we observed that the auto-tune algorithm changed the architecture at most three times before the final pruned network was found and the architecture was changed after the
first and before the second epoch. Therefore, this automatic
depth selection process is computationally very efficient as
it took only three epochs of training to select the architecture. The number of layers found by the auto-tune algorithm
is within the optimal region w.r.t. test accuracy as shown in
fig. 6a and the depth increases as its input dimensionality
increases similar to the findings from section 3.3. Interestingly, the number of layers also corresponds with the studies of Veit et al. [30] which shows that paths in ResNets
are only 10-34 layers deep. From table 1 it can also be concluded that the test accuracy of networks without conflicting
layers are competitive when compared to its residual counterpart, but the inference time and the memory consumption

Mem. [MB]
116
63 ± 6.0
178
53 ± 1.0
116
54 ± 0.5
116
54 ± 2.1

Time / Step [ms]
310
200 ± 0.0
130
48 ± 2.5
90
46 ± 1.8
88
40 ± 0.0

is drastically reduced because fewer layers are used.

4. Discussion and future work
In this paper, we have shown that conflicting training
bundles decrease the test accuracy of trained models or lead
to networks that can not be trained at all. We have shown
that the number of conflicting training bundles increases, as
the dimensionality of hidden features decreases or the depth
of the network increases. We demonstrated that this also
happens for computer vision tasks where hidden features
are very high dimensional and we proved that residual connections solve conflicts. The mapping from an input to its
output of a conflicting layer bypassed with a residual connection is only linear and therefore, the pruning of those layers should lead to competitive test accuracy when compared
to its residual counterpart. We introduced a novel NAS algorithm to remove conflicting layers and confirmed that the
accuracy is maintained while the computational power and
memory consumption is drastically reduced.
For future work, it would be interesting to study how
conflicting layers can be directly fixed rather than removed
from the architecture. The analysis of section 3.5 suggests
to use a different approach than residual connections, because they force a linear mapping from inputs to outputs.
Another promising direction of research would be to study
if novel data-augmentation strategies or intelligent sampling
of mini-batches could help to avoid conflicting bundles during training. Another interesting topic to study would be
to evaluate whether a coarser resolution of floating point
representations bundles samples with a higher probability.
To correctly evaluate this hypothesis, it must be considered
that the resolution γ is already included in the metric that
we propose because this biases the metric into the hypothesized direction.
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[16] Yann A LeCun, Léon Bottou, Genevieve B Orr, and KlausRobert Müller. Efficient backprop. In Neural networks:
Tricks of the trade, pages 9–48. Springer, 2012.
[17] Liyuan Liu, Haoming Jiang, Pengcheng He, Weizhu Chen,
Xiaodong Liu, Jianfeng Gao, and Jiawei Han. On the variance of the adaptive learning rate and beyond. In Proceedings of the Eighth International Conference on Learning
Representations (ICLR 2020), April 2020.
[18] Dmytro Mishkin and Jiri Matas. All you need is a good init.
In Yoshua Bengio and Yann LeCun, editors, ICLR (Poster),
2016.
[19] Diganta Misra. Mish: A self regularized non-monotonic neural activation function. CoRR, abs/1908.08681, 2019.
[20] Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Bo Wu, and Andrew Y Ng. Reading digits in natural
images with unsupervised feature learning, 2011.
[21] Giorgio Patrini, Alessandro Rozza, Aditya Krishna Menon,
Richard Nock, and Lizhen Qu. Making deep neural networks
robust to label noise: A loss correction approach. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 1944–1952, 2017.

[9] Sepp Hochreiter and Jürgen Schmidhuber. Long short-term
memory. Neural computation, 9(8):1735–1780, 1997.

[22] David Peer, Sebastian Stabinger, and Antonio RodriguezSanchez. Increasing the adversarial robustness and explainability of capsule networks with γ-capsules, 2018.

[10] Jeremy Howard. imagenette, 2019. URL https://
github.com/fastai/imagenette/.

[23] David Peer, Sebastian Stabinger, and Antonio RodriguezSanchez. Limitation of capsule networks., 2020.

264

[24] Maithra Raghu, Ben Poole, Jon Kleinberg, Surya Ganguli,
and Jascha Sohl-Dickstein. On the expressive power of deep
neural networks. In international conference on machine
learning, pages 2847–2854. PMLR, 2017.
[25] Jürgen Schmidhuber. Deep learning in neural networks: An
overview. Neural networks, 61:85–117, 2015.
[26] Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya
Sutskever, and Ruslan Salakhutdinov. Dropout: a simple way
to prevent neural networks from overfitting. The journal of
machine learning research, 15(1):1929–1958, 2014.
[27] Rupesh Kumar Srivastava, Klaus Greff, and Jürgen Schmidhuber. Highway networks. Deep Learning Workshop, International Conference on Machine Learning, 2015.
[28] D Stathakis. How many hidden layers and nodes? International Journal of Remote Sensing, 30(8):2133–2147, 2009.
[29] Mingxing Tan and Quoc V Le. Efficientnet: Rethinking
model scaling for convolutional neural networks. In Proceedings of the 36nd International Conference on Machine
Learning, 2019.
[30] Andreas Veit, Michael J Wilber, and Serge Belongie. Residual networks behave like ensembles of relatively shallow networks. In Advances in neural information processing systems, pages 550–558, 2016.
[31] Michael Zhang, James Lucas, Jimmy Ba, and Geoffrey E
Hinton. Lookahead optimizer: k steps forward, 1 step
back. In Advances in Neural Information Processing Systems, pages 9593–9604, 2019.

265

