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Abstract

Deep neural networks are prone to overfitting, especially on small datasets. Com-
mon regularizers such as dropout or dropconnect reduce overfitting, but are complex
and prone to hyperparameter choices, thus prolonging development cycles in prac-
tice. In this paper, we propose simple but effective design changes to the output
layer - namely randomization, sparsity, activation scaling, and ensembling - that
lead to improved regularization. These designs are motivated by experiments
showing that standard fully-connected output layers tend to rely on individual
input neurons, which in turn do not cover the variance of the data. We call these
two related phenomena neuron dependency and expressivity, propose different
ways to measure them, and optimize the presented output layers for them. In our
experiments, we compare these layer types for image classification and semantic
segmentation across architectures, datasets, and application settings. We report sig-
nificantly and consistently improved performance of up to 10% points in accuracy
over standard output layers while reducing the number of trainable parameters by
up to 90%. It is demonstrated that neither training of output layers is required, nor
are output layers themselves crucial components of deep networks.

1 Introduction

Neural networks are powerful feature extractors that have become the standard approach for a myriad
of tasks. New architectures are continuously introduced and set records on benchmark datasets
(e.g. [241 115 144]). These networks differ in layer composition, depth/width or use specific concepts
such as residual connections [[13]] or self-attention [34]. With growing capacity, their performance on
large datasets tends to increase [44]. However, model complexity is also associated with overfitting,
especially for small datasets where fine details of the training data are easily memorized [52} 2} 53]].

Rather than defining another, possibly more complex architecture, we analyze what often remains
unconsidered: the output layer. In image classification, networks usually end with a fully-connected
(fc) layer that combines extracted features for the final output [43] [15, 17, 44]. As we will show, this
layer is prone to overfitting since high dependencies on individual, possibly memorized features can
arise. The same neurons are subsequently not able to generalize across examples. We call these two
related phenomena neuron dependency and expressivity and illustrate a simplified example in Fig. 2]

Both problems can be improved by simple but effective changes to the output layer that require only
few lines of code and achieve better generalization (i.e., better results on the test set [25], see e.g.
Fig.[I). Those changes rely on four principles: activation scaling, fixed randomization, sparsity and
in-layer ensembling (see Fig.[5). This work analyzes all layers in terms of their capability to reduce
dependencies and/or increase expressivity. Then, the connection to network performance is shown
through a comprehensive empirical study across datasets, architectures and application settings in
image classification and segmentation. Furthermore, we investigate how stronger regularization
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Figure 1: Effect of different output layer designs on cross-entropy loss (left) and accuracy (right) in
a ResNet-50 for the STL-10 dataset. Best viewed in color.

Model 1 Model 1 Model 2
Training input Unseen input Unseen input

Figure 2: Schematic of neuron dependency/expressivity in fc output layers. The left side of each
subfigure represents penultimate layer activations (A1-2), the right shows output neurons for each
class (O1-2). Filled/blank circles indicate high/low activation, up-/downward facing arrows signal
positive/negative weights. Higher activations of O1 lead to correct predictions in this example. Model
1 depends on neuron Al to be activated to give high prediction scores to O1. This is the case for a
training instance in a). If Model 1 is applied to an unseen input pattern of same class in b), higher
scores are erroneously given to O2 since Al remains inactive and A2 slightly favors O2. Model 1 fails
to generalize as it depends on A1, which is not expressive enough to cover the variance of the target
class. Instead, Model 2 shown in ¢) exhibits neurons with low dependency and high expressivity,
where A1 generalizes to unseen patterns, while the activation of A2 can be regarded as backup. Note
that this example is simplified and educational. See Sect. for measurements.

can be induced by applying the identified principles to other parts of a network while reducing the
computational footprint. In contrast to common practice, we find neither training of output layers
to be necessary, nor that output layers are crucial components of deep networks. In summary, our
contributions are:

¢ Introducing neuron dependency and expressivity as two factors contributing to overfitting
and proposing ways to measure these factors

» Showing improved regularization of 5 different output layer designs up to 10% in absolute
accuracy compared to standard fc layers and other common regularizers

» Empirical results showing that the proposed layers have improved dependency and expressiv-
ity, computational efficiency, wide applicability to both small and large datasets, extensibility
to other parts of the network, and robustness in the choice of hyperparameters

2 Related Work

Regularization in deep learning is approached in various ways. Widely used methods are, e.g.,
normalization [[19} 3], weight decay [32], data and adversarial augmentation [40L (1], early stopping [7],
boosting [38]], multitask learning [6], dropout [42]], dropconnect [50], and Gaussian noise layers [[10].
To the best of our knowledge, this is the first work that evaluates regularization with respect to
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different output layer designs. Similar to dropout/dropconnect, output layers can be categorized as
affecting the architecture according to the regularization taxonomy described in [25]]. Unlike other
regularizers, our methods are either hyperparameter-free or robust to their choice and can be applied
to any deep net, including pre-trained ones that are less affected by overfitting (see Sect.[5.4]and [5.7).

Related to fixed randomization are the output layers used in [16} |39} 14], which show comparable
performance to trained layers. One can also preallocate output layer weights with a defined struc-
ture [31} [16]. Besides output layers, weight fixing is for example applied to the first layer in the
Extreme Learning Machine [18]], or to different weight dimensions in [36]. In contrast, we omit
hand-crafted weights, show improved regularization and relate to neuron dependencies. Further, we
show that fixing or scaling the last conv block next to the output layer has a strong regularizing effect.

Sparsity is common in deep learning, e.g. the ReLU activation [13] or a L; penalty term in the loss
function [46]. Sparsity has also been applied to the channels of Convolutional Neural Networks
(CNNs) [8L 29]. Others induce sparsity by pruning connections before training under the lottery
ticket hypothesis [11}130]], with the goal of reducing the number of parameters while not sacrificing
performance [27, /45, 51]]. Different to them, we show that (extreme) sparsity is not merely useful to
improve computational efficiency, but to improve performance when applied to the output layer.

The Network in Network (NIN) [28] and AIl-CNN [41] both use global average pooling (GAP)
followed by softmax, which replaces the fc output layer with an identify transform to simplify the
network. This is further analyzed in [33]. We show its connection to neuron dependency/expressivity
and achieve comparable or better performance on various datasets. Further, we observe that previous
works do not leverage the full capacity of the last layer in modern networks, which enables the
construction of computationally efficient in-layer ensembles that further boost performance in small
and large datasets.

3 Neuron dependency and expressivity

3.1 Setting and notation

We consider neural networks consisting of an encoder f.,. : X — a followed by an output layer
fout : @ — 9. In this paper, the encoder is a CNN, taking as input an image X € RE*H#*W with
C, W and H being input channels, width and height, respectively; and transforming it to a feature
vector a € R, Commonly in CNNs, 2D representations resulting from the final conv layer
are aggregated by GAP [28]] where N corresponds to the number of pooled conv channels. The
output layer transforms the embedding to output § € R¥ holding the probabilities of K classes.
The output layer is parameterized by a weight matrix W € RY*¥ and is commonly initialized as
wrandom  1f(—\/1/N,+/1/N) [26]. Both 4 and target y are used to compute the cross-entropy

loss ¢ = — ZTK yi log(;). We use the terms features/channels/nodes or neurons interchangeably
meaning activations a. When required, we refer to individual instances with a superscript, e.g.

(X(i), y(i)) € D, with D being a dataset. Corresponding subsets are denoted as Dy;q;p, and Dyegy.

3.2 Concepts

During training, CNNs learn a set of visual patterns that are combined for a classification decision.
However, if patterns remain undetected, e.g. due to noise in the image or inherent but unseen variance
in the data, their activation values can become small and thus reduce the output values for the target
class. When a network is overfitting, it learns malignant image-specific patterns by heart [52]]. Such a
network may depend on the activation of individual nodes, which in turn fail to generalize to patterns
that are salient to a class. We call these two related phenomena neuron dependency and expressivity.

Neuron dependency: How much does a model depend on a single neuron? In a network
with high neuron dependencies, output scores and thus performance drop significantly when certain
neurons remain inactive. In contrast, a network with low neuron dependencies distributes activations
across many neurons, so that a single inactive node does not have much influence on the classification.
Neuron expressivity: How much class-specific variance does a neuron cover? Neurons with low
expressivity focus on unimportant details that do not characterize the properties of a class. In contrast,
a neuron with high expressivity generalizes by activating to various patterns pertinent to a given class.

An example of neuron dependency/expressivity for a simplified fc output layer is illustrated in Fig.
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Figure 3: The effect of dataset size and activation scale on neuron dependency in a ResNet-50 trained
on subsets of CIFAR-100, evaluated on the test set. Left: Small training sets lead to high neuron
dependencies. Center: Scaling activations results in larger absolute logits. Right: Larger scales lead
to higher dependencies. Best viewed in color.
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Figure 4: Neuron dependency (left) and expressivity (right) in a ResNet-50 with 2048 penultimate
layer channels trained on CIFAR-100 for different output layer designs, showing the change in
accuracy on the test set. Best viewed in color.

3.3 Measuring dependency and expressivity

We introduce two ways of measuring dependency/expressivity: instance-based and class-based. The
former is used to determine the dependency on the most important node for the predicted class given an
instance. Importance scores for node n and output class k are computed with Gradient® Activation [4],
a global attribution method where we leverage the partial derivative of the softmax values:
e (1)
Oa,

Instance-based dependency is then measured as avg. reduction in output probabilities when ablating
the most important feature w.r.t. the output class of any instance. This is illustrated for various
training set sizes of CIFAR-100 [23]] in Fig. [3] (left). With less data, fc output layers tend to depend
more on single nodes. This is in contrast to class-based measures, which enable quantifying both
dependency/expressivity and use various features jointly. Importances are determined for each class
k and over all test instances:

Qn

|Diest| ~(7)
3 Gl 99, )
mog (1)
=1 Oay,
Class-based dependency is then measured as drop in accuracy when ablating a given number of most
important neurons per class. Measuring expressivity reverses this - the most important neurons per
class are retained, all others are ablated. This is illustrated for both dependency/expressivity in Fig. ]
We see that standard (i.e. trained) fc output layers tend to depend on single channels to achieve high
performance, but these very channels hold only limited class information.

4 Output Layer Types

We describe several simple output layer variants that require minimal changes to standard networks,
decrease neuron dependency and/or increase neuron expressivity. All types are illustrated in Fig. [3]
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Figure 5: A visual comparison of various output layer types. Red/blue represent variable/fixed.

4.1 Standard output layers

The ubiquitous approach to compute class scores is to learn the parameters of a weight matrix
Witrained g ¢ 4 = g5y (@Wireined) with o5y, (-) being softmax. Each feature is considered in the
computation of each class score. As shown in Sect.[3] trained fc output layers can lead to high neuron
dependencies, where the deletion of a single neuron might cause significant loss in performance, and
low neuron expressivity, where multiple features are required for adequate predictions.

4.2 Scaled output layers

The reduction of an activation, e.g. due to changing light conditions, has a large influence on the
output scores. This is simulated in Fig. E| (center) by multiplying features during training with a
scalar @ > 0, so that § = o (aW*e**¢%). Note that the variances of the output logit distributions
increase with «, resulting in larger dlfferences (or smaller entropies) after softmax normalization.
This results in greater dependencies of the model on individual neurons, as shown in Fig. [3] (right).
However, if « is chosen small, the activations of individual neurons become insufficient for class
discrimination with high confidence. The model is therefore forced to learn multiple class-specific
features for each instance, which increases the expressivity of the neurons and also reduces their
dependencies to some extent, as shown in Fig.[d If not specified otherwise, we use ov = 0.1.

4.3 Random fixed layers

This setting uses W7"4°™ during training/inference, and its classification performance was first
analyzed in [[16]. The encoder learns to extract patterns that adjust to predetermined weights. Unlike
activation scaling, the parameters are bounded and fixed to a small value range. For any class, the
chosen uniform initialization is expected to assign similar weight values to multiple neurons, making
them learn similar features. We suppose that the enforced similarity reduces dependency shown in
Fig. B]and [ (both left), while small initialization values increase expressivity as in Sect.[#.2] shown

in Fig. 4] (right).

4.4 Sparse fixed layers

In sparse output layers, class nodes use predetermined sets of channels, some of which might
be shared across classes. First, a set of cutting indices Zj, is randomly sampled for each class
k, where sparsity is determined by the proportion g of class-specific connections to cut, so that
|Zi| = [gN] with 0 < ¢ < 1. Then, starting from a fixed random initialization as in Sect.4.3| weights
connecting to a given class are ablated so that: W;2*"*° = 0V i € Zj. Hyperparameter ¢ trades
off dependency/expresswny Larger values induce more sparsity, leading to greater dependen01es to
the remaining nodes, but forcing them to activate across instances, making them expressive. We set
q = 0.9 in the experiments to show that high sparsity benefits generalization.

4.5 1-to-1 correspondence layers

The most extreme type of sparsity in an output layer is one with a single connection between a
feature and a class. If these connections correspond to an identity transform, the activations of the
penultimate layer are equivalent to the class logits - in practice, the output layer can hence be omitted.
This was analyzed in [33, 28] and showed comparable results to a standard output layer. Formally, we
have § = o5y (aWtol) with a € R1 X and Witel ¢ REXK where Wl = diag(1,1,...,1).
In this layer, both the model’s dependency on individual neurons as well as each neuron’s expressivity
are maximal. If a single neuron is ablated, the output logits for the class this neuron is connected to is
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reduced to zero. However, individual neurons learn to cover the whole variance of a given class in the
training set, which is one conjecture for their performance. Note that as mentioned in [33]], we have
the constraint N = K, which might be restrictive for small networks and large numbers of classes.

4.6 Ensemble layers

Is there a way to optimize for both low neuron dependency and high expressivity? Of the approaches
discussed, 1-to-1 correspondence layers have the highest expressivity. Starting from this layer, a
simple approach to reduce neuron dependency is to use the capacity of the penultimate layer and
create multiple heads h = 1... H with N = K H, each head being a 1-to-1 correspondence layer.
Each head’s output is effectively computed as §"* = o5/ (aa®) with a® being the activation part of
head h. As in Sect we introduce a scalar a,, which controls the magnitude of feature activations.
For consistency, we denote this approach as W24 The loss is computed for each head and

averaged: % Zthl {(g™,y). Similarly, logits are averaged over heads for inference. Due to the
induced redundancy, the performance only drops considerably after removing class-related neurons
from all heads. In our experiments, we set H to its maximum given any setting (architecture/dataset).
Note that hyperparameter « in ensemble layers is the only one which is tuned to individual settings.

5 Experiments

We aim to show that the presented output layers from Sect. 4] outperform standard output layers and
common regularization methods in various settings. Details about training, compute resources, code,
datasets as well as additional experiments on dependency/expressivity are included in the appendix.

5.1 Small-scale and fine-grained classification

All layer types are first applied to small-scale and/or fine-grained classification, both of which are
challenging and require regularization. Datasets include STL-10 (500 img/class) [9], CUB-200 (~30
img/class) [49], Cars-196 (~40 img/class) [22] and Food-101 (750 img/class) [5]. Tableshows
results for the two popular backbones ResNet-50 [15] and DenseNet-169 [[17], exchanging the output
layer accordingly. In 53/56 settings, we see improved results over standard layers. Of these, 48
and 36 are significant with p < 0.1 and p < 0.001, respectively. Although there is no clear best
method, it is worth noting that sparse and ensemble layers as enhancements of both random and
1-to-1 layers are significantly better (p < 0.001) in 7/8 settings, respectively. As expected, smaller
performance differences are exhibited in Food-101, which is a considerably larger dataset, thus
requiring less regularization. Among the worse settings, only 1 is significant (p < 0.1) for Food-101
since it involves strong regularization to multiple layers. These regularizers are discussed seperately

in Sect.

5.2 Large-scale classification and transfer learning

Machine learning models are subject to the bias-variance tradeoff [12]], in which induced biases of
the presented output layers might be too strong to fit the training data. We therefore want to shed
light on how these layers behave in large-scale and transfer learning settings, where overfitting is
less problematic. Datasets include CIFAR-100 (C100, 5000 img/class) [23l], ImageNet (IN, ~1200
img/class) from ILSVRC2012 [37] reported on the validation set, as well as CUB/Cars/Food with
models being pre-trained on IN. Table [2| shows the results for the ResNet-50 backbone. In C100,
we see consistent improvements with at least p < 0.1. On the other datasets, results are mostly
comparable corroborating widespread applicability. It is worth mentioning that W 1t°1 and W/ ensemble
perform consistently better, and W ems¢mble significantly (p < 0.1) in multiple cases. With growing
dataset sizes, both layers expose a strong constraint on the class neurons to fit an increasing number
of examples. We believe this to be responsible for progressively separating the signal from the noise,
leading to better generalization. On the other hand, neuron dependency is reduced in larger datasets
(see Fig.[3]left) diminishing the effect of W*°*¢ and W""4°™ Moreover, W "4 and T sParse
can be affected by predetermined feature-class weights that do not have to match features learned
during pre-training, which might require larger adjustments to the weights of the last conv layer.
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Table 1: Classification accuracy for different output layer designs in small-scale and fine-grained
classification without pre-training. Exponent repeats describe probability values (*: p < 0.1,
*: p < 0.01, ***: p < 0.001) indicating statistical significance based on a one-tailed normal
approximation interval test comparing accuracy of the proposed layer designs to a baseline fc layer
(Wtrainedy - Qymbols * and 1 denote better/worse performance than baseline, respectively. Bold
denotes best performance.

STL-10 CUB-200 Cars-196  Food-101

Witrained (haseline)  81.36 57.18 81.20 83.70
W scaled 83.33* 63.46***  87.07***  85.46***
55 Wscaled plock 86.42%**  66.74***  87.53***  85.03**
g yrandom 86.08"**  60.91** 83.02* 84.20
% Wrandom plock 86.59™**  67.21*** 84.07***  84.04
& Jysparse 87.23%*  66.27"*  85.47**F  85.45%**
W itel 84.78**  58.56 80.51 84.41*
W ensemble 87.94*** 62,98  85.76"*  85.36***
Witrained (haseline)  81.88 55.33 80.82 84.31
2 W scaled 86.53***  63.31"**  85.85***  85.05*
= Wscaled plock 85.89%** G557 85.35%*  85.44**
g W random 86.11***  61.24***  83.52** 84.90*
g Wrandom plock 86.64***  65.99***  82.93* 83.257
g W sparse 86.58"**  62.75%*  85.79***  84.63
Witel 86.06***  55.37 83.75** 84.11
W ensemble 87.00***  64.15™*  85.09***  84.91x

Table 2: Classification results for different output layer designs in large-scale image recognition and
transfer learning. + denotes fine-tuning from ImageNet. See Table[I]for other symbols.

C100 IN-topl IN-top5 CUB-200+ Cars-196+ Food-101+
Witrained 7775 76.36 93.12 80.91 91.73 87.32
W scaled 79.65* 76.08 92.84 78.681 90.91% 87.21
Wrandom 78 g1+ 76.08 93.15 80.89 91.72 87.29
VW sparse 79.46* 75.321T  92.36TT  80.38 92.07 87.31
Witel 79.07* 76.53 93.32 81.79 91.87 87.31

Wensemble g0 38***  76.62  93.46*  82.22* 92.77*  87.76

5.3 Use Case: Medical imaging

Output layer design is critical in fields such as medical imaging, which presents special challenges to
regularization: Datasets tend to be small, imbalanced, abnormalities might fill only a few pixels of
the image, and appearances between classes are often similar. In addition, transfer learning with IN
weights is either inaccessible due to architectural differences (e.g. image segmentation, 3D Magnetic
Resonance Imaging) or less effective due to large domain differences. This is first illustrated on the
APTOS Kaggle challenge dataset (3662 images, 193-1805 img/class) [20], with the goal of detecting
diabetic retinopathy severities in retinal fundus images. We use the public training dataset to train a
multi-class classifier and perform 5-fold cross-validation. Table[3|shows the results. We consistently
get better performance with regularization and reduce the gap to a pre-trained network. Furthermore,
an additional experiment in the appendix indicates that the standard output layer is biased towards the
prevalent class, which is inherently remedied through randomization.

We provide further evidence that the proposed layer designs positively affect tasks other than
classification. We learn a U-Net [35]] for binary semantic slice-based segmentation of Computed
Tomography scans of livers comparing a standard 1x1 conv output layer with 64 parameters to both a
fixed randomized and an ensemble layer. Due to the limited number of parameters, we omit 1/ *¢a/¢
and W#Pe"s¢ here. Different to classification, the output of a U-Net itself can be interpreted as a 1-to-1
layer. One can still build an ensemble by treating each output channel as a head. Both ¥/ 7"4°™ and
Wensemble (f7 — 10) are then applied to the CHAOS [21] and SLIVER [47]] datasets. For CHAOS,
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Table 3: Quadratic weighted kappa and Table 4: Jaccard coefficients in segmentation
accuracy (with significance) for differ-

ent output layers in ResNet-50 for the CHAOS SLIVER
APTOS dataset. + denotes fine-tuning trained
w 0.77 0.83
from IN. See Table|l|for other symbols. Wy random 0.80 0.85
ensemble
Kappa Acc. w 0.78 0.86
VW trained 0.816 77.44 Table 5: Regularization comparison
W scaled 0.818 78.38
Wrandom 0.848 7932* STL CUB CUB+ Cars
Weparse 0.840  79.60* Dropout [42] 82.73  63.20 80.26  83.98
Witel 0.856  80.08" Dropconn. [30] 86.15 61.48 80.41  85.06
VW ensemble 0.866 80.78** Add. Noise [10] 82.51  52.74 80.91  76.77
Wirainedt - (0.909  85.02 ytrained 81.36 57.18 80.91 81.20
W sparset 0.910 85.17 W sparse 87.23 66.27 80.38  85.47
Wwensemblet 0,912  85.56 W ensemble 87.94 6298 82.22 85.76

we train on 15 randomly selected patients (2155 slices) and evaluate on the remaining 5 (719 slices).
We then test for generalization by training on all 20 patients from CHAOS and evaluating on the
external SLIVER dataset consisting of 20 patients (4159 slices). Table 4] shows improved results in
both settings.

5.4 Other regularization techniques

Table [5] compares our most competitive methods to other popular regularizers when applied to a
standard output layer. Nodes/connections in dropout/dropconnect are both removed with p = 0.7,
and the noise layer adds a Gaussian with ¢ = 0 and o = 0.1 before applying the fc layer. In all
cases, our variants perform better. Whereas noise does not benefit training here, dropout/-connect is
supporting regularization. However, both of the latter methods come with two main disadvantages.
First, they add complexity by changing states in each iteration and having different behavior during
training and inference. Second, hyperparameter tuning is necessary, while our layers are either
hyperparameter-free or stable to them. See the ablation study in Sect. [5.7]for evidence.

5.5 Beyond output layers - block scaling and randomization

Activation scaling and randomization are techniques applicable to any layer and increase regulariza-
tion further. This is demonstrated for ResNet-50 and DenseNet-169 in Table[Il Both architectures
consist of multiple blocks, each holding groups of conv layer, batch normalization (BN) and activa-
tion function. For W "emdo™ plock, all layers of the last block and the output layer are kept in their
initialized state during training. Similarly, in W 3°®e? block, activations of all layer groups in the last
block are scaled during training. In ResNet-50, block scaling outperforms output layer scaling in 3/4
datasets by up to 3% points, and block randomization increases performance in 3/4 datasets by up to
6% points compared to output layer randomization. In DenseNet-169, block scaling outperforms out-
put layer scaling in 2/4 datasets by up to 2% points, and block randomization increases performance
in 2/4 datasets by up to 4% points compared to output layer randomization. Only in Food-101 and
DenseNet, block randomization performs significantly worse than baseline because regularization is
too strong leading to underfitting (train loss = 0.47 compared to 0.02 in W/ random),

5.6 Computational efficiency

The design of the head of deep CNNs has a great impact on computational efficiency. Standard output
layers alone can contain a large amount of parameters, as CNNs typically hold more channels as
they get deeper and the number of classes can become large. In ImageNet and a ResNet-50, for
example, the output layer alone generates over 2 million parameters, which are saved in W'*! and
Wensemble This problem compounds when using multiple fc layers. In a VGG-16, for instance, 3 fc
layers are employed after the last conv layer. As Table[6]shows, omitting all fc layers saves up to
90% in parameters, a considerable amount of memory, and time for a forward/backward pass while
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Table 6: Computational efficiency comparison in CUB-200 highlighting that the number of trainable
parameters can often be reduced while accuracy is improved. + denotes fine-tuning from ImageNet.

Architecture #Params in M. Mem.[GB] GFLOPS Time [ms/it.] Accuracy
VGG16 Wirained+ 135.1 7.5 31.1 114 78.68
VGG16 Witel+ 13.5 5.9 30.4 106 79.27
VGG16 WWensemblet 14.7 5.9 30.8 106 81.15**
Res50 Wirained 23.9 5.1 8.2 71 57.18
Res50 Wraendom plock 8.5 5.0 8.2 67 67.21%**
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Figure 6: Ablation study showing stability and consistency of our output layer designs

increasing accuracy. If a ResNet-50 is used, randomization of the last conv block next to the output
layer yields savings of about 65% in trainable parameters while increasing accuracy by 10% points.

5.7 Ablation study

Note that WWendem and TWitel are hyperparameter-free compared to other regularizers such as
dropout/-connect, thus saving the cost of tuning them. Although other layer variants possess hyperpa-
rameters, we show in Fig. [6|for the ResNet backbone that they are stable (no large jumps in vicinity)
and consistent (tend to monotonicity w.r.t. performance). In W*P%75¢the maximum accuracy for
both datasets is at ¢ = 0.99 (20 nodes per class) and drops only slightly for ¢ = 0.995. Similarly,
downscaling in W *¢%¢ improves performance at a small cost if the optimum is not hit. Also, more
heads in TWems¢™ble tend to increase performance. What is the result of adding more heads than
given by the constraint N = K H? If N < K H, which is the case for CUB-200 and H > 10, we
add an additional 1x1 conv layer, BN and ReLU with K H nodes to adjust for the missing channels.
Although this leads to a considerable increase in parameters (/N K H for the conv layer), it helps with
generalization, contradicting the common belief that overparameterization leads to overfitting [48]].
In contrast, dropout is not stable or consistent. With a dropout rate of 0.9, the network fails to train
in both datasets. Furthermore, the optimum for CUB lies at 0.8, the same hyperparameter choice in
STL would result in worse performance than baseline.

6 Conclusion

In this work, we introduced neuron dependency and expressivity as factors contributing to overfitting.
Then, different output layers were defined to optimize both and showed improved regularization in
various settings while being efficient and robust to hyperparameters. Although these layers are simple,
they have high practical relevance due to the importance of regularization and the ubiquity of output
layers in deep nets. In addition to their application, they may also be useful as primitives in future
(automatically created) architectures. Although improving regularization, we note that optimizing
for neuron dependencies/expressivity does not solve overfitting. For example, an unknown or noisy
instance may result in reduced activations in the majority of nodes in the penultimate layer. Finally,
we speculate that overfitting may not just be a function of the number of parameters in the encoder.
Instead, it might be more important how the extracted features are combined in the output layer.
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1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes] See Sect. [3] [5|and the appendix.

(b) Did you describe the limitations of your work? [Yes] See Sect. @] (N = K con-
straint), Sect.[5.2] (some layers are not optimal for large-scale datasets and fine-tuning),
Sect.[5.3](strong regularization may lead to underfitting), and Sect. [6] (neuron depen-
dency/expressivity are factors of overfitting, but this does not constitute all factors).

(c) Did you discuss any potential negative societal impacts of your work? [N/A] Focus
is on architecture and technical, no particular application affecting society is targeted.
Note that medical ML applications should be thoroughly evaluated, e.g., for bias and
generalizability, before being used in practice.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A] Only empirical
results are included.

(b) Did you include complete proofs of all theoretical results? [N/A] Only empirical results
are included.

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main ex-
perimental results (either in the supplemental material or as a URL)? [Yes] Code
implementing the shown layer types and dataset descriptions are given in the supple-
mental material/appendix.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] We report the corresponding splits if not defined by the datasets
themselves. Hyperparameters and information about the training are partly provided in
the main text (e.g. architecture type, layer hyperparameters) and are detailed further in
the appendix.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] We indicate statistical significance for our classification
results.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] We have not tracked CO2 due to
missing awareness but some details about the setup are provided in the appendix. We
plan to track CO2 in subsequent works.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] See Sect.[5] This is
done after first mentioning the corresponding datasets in the main text.

(b) Did you mention the license of the assets? [Yes] We mention asset licenses in the
appendix.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
We provide code as supplemental material.

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A| The datasets in Sect. [5.3|are open source from past challenges
and contain de-identified data to the best of our knowledge. Further details on data
collection are provided in the corresponding references.

(e) Did you discuss whether the data you are using/curating contains personally identi-
fiable information or offensive content? [N/A] All datasets are commonly used for
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