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A B S T R A C T

The Recursive Convolutional Layer (RCL) is a module that wraps a recursive feedback loop around a
convolutional layer (CL). The RCL has been proposed to address some of the shortcomings of Convolutional
Neural Networks (CNNs), as its unfolding increases the depth of a network without increasing the number of
weights. We investigated the ‘‘naïve’’ substitution of CL with RCL on three base models: a 4-CL model, ResNet,
DenseNet and their RCL-ized versions: C-FRPN, R-ResNet, and R-DenseNet using five image classification
datasets. We find that this one-to-one replacement significantly improves the performances of the 4-CL model,
but not those of ResNet or DenseNet. This led us to investigate the implication of the RCL substitution on
the 4-CL model which reveals, among a number of properties, that RCLs are particularly efficient in shallow
CNNs. We proceeded to re-visit the first set of experiments by gradually transforming the 4-CL model and the
C-FRPN into respectively ResNet and R-ResNet, and find that the performance improvement is largely driven
by the training regime whereas any depth increase negatively impacts the RCL-ized version. We conclude that
the replacement of CLs by RCLs shows great potential in designing high-performance shallow CNNs.
1. Introduction

Over the last decade, Convolutional Neural Networks (CNNs) have
revolutionized the field of computer vision [2,3]. They produce state-
of-the-art results and continue to push the limits frequently by using
various structural and algorithmic improvements. Recent CNNs may
be broadly classified into two categories: Unstructured architecture –
designed using an architectural search strategy [4,5], and, Structured
– designed using a well structured model [2]. Among the Structured
category, a number of them are based on structuring the network into
a stem, followed by a number of stages, where the transition between
stages would be a reduction in the spatial dimension and a corre-
sponding increase in the channel dimension, followed by a classifier
consisting of one or more fully connected layers. Networks which be-
long to this group include the 4-CL (4 Convolutional Layer) model [1],1
AlexNet [6], VGG (Visual Geometry Group) network [7], the Inception
Network [8], ResNet [9], ResNeXt [10], DenseNet [11]. Apart from
the 4-CL model, the others contain often one or more residual blocks:
a residual block consists of a direct feedthrough connection between
the input and output of the block, in parallel with some configurations
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1 In [1], this is called an ‘CNN’ and we have changed this to ‘4-CL’ model which is more descriptive of its structure, as well as to avoid confusion with the

more generic name, which is used to describe any network which consists of possibly many CLs arranged in different configurations of the residual blocks.

of CLs, like a cascade of two CLs in the case of ResNet; the details
could be different for different types of CNNs in this category, in each
stage; the key is the direct feedthrough connection from the input of the
block to the output of the residual block. These residual blocks would
ensure that in the backpropagation of the error the issue of vanishing
gradient [12] would not occur. It is this feature which allows the design
of deeper and deeper networks, may be consisting of 1202 trainable
layers [13]. However, in such models, each additional residual block
increases the number of trainable weights, thus rendering the training
process longer, and often for small to medium sized datasets, this
would have a high possibility of overfitting. Moreover, this tendency
of designing networks of increasing depth appear to contrast what
is known in the visual cortex of a primate’s brain: this consists of
no more than six layers of neurons, which have lateral and feedback
connections, apart from the feedforward connections [14].

In contrast, one of the advantages of an RCL (Recursive Convolu-
tional Layer), which simply wraps a recursive feedback loop around
an CL, when the RCL is unfolded a number of times this increases the
apparent depth of the network but would not incur any increase in the
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number of trainable weights [1,15,16]. This is made possible via the
sharing of weights [1,15,16]. To the best of our knowledge RCLs do not
appear to have been studied on these deep networks which use residual
blocks.

Therefore, we propose to address this issue: lack of knowledge on
the effects of replacing some or all of the CLs in a network, particularly
deep networks, like ResNet, or DenseNet, by an RCL. We choose these
two particular deep networks, because they are most similar to the 4-CL
model, in that they are using the same number of stages, and they could
have the same stage compute ratio (see Section 4). The differences
are that the 4-CL model involves only CLs in its stages, while ResNet,
DenseNet contain residual blocks consisting of only cascaded CLs, in
their respective stages. While ResNet is one of the most popular deep
networks, used in many applications, DenseNet could be considered as
a more complex version of ResNet with feedforward connections from
the previous stage to all succeeding stages.

We first conducted an experiment on three base models of in-
creasing complexity: the 4-CL model, the ResNet, the DenseNet, and
their RCL-ized counterparts: the C-FRPN (Convolutional-Fully Recur-
sive Perceptron Netowrk), R-ResNet and R-DenseNet, where ‘‘R-’’ de-
notes replacement of all CLs by RCLs, in the corresponding model
on five popular image classification datasets. Section 6.1 compares
the classification performances and it is observed (A) the 4-CL model
benefits greatly from RCL-ization, and (B) the performance of the deep
networks, ResNet and DenseNet show only mild or no improvements
when compared with their R-variants.

These observations motivate us to explore why the replacement of
CLs by RCLs can yield benefits on the 4-CL model. Towards this end, we
present the result of experiments in Section 6.2 through to Section 6.7,
addressing the depth, the number of times that an RCL is unfolded, the
positioning of the RCLs and their weight distributions on the underlying
network. We find that, in practice, RCLs share some similarities in
increasing the depth of a network when they are being unfolded even
though the increase in depth is not incremental, yet they can achieve
greater weight efficiency, due to the fact that the unfolded CLs share the
same weights, when compared to simply adding more CLs. In addition,
several characteristics of RCL-ization of the 4-CL model are uncovered:

• We identify two cases where the dataset might hurt the capabili-
ties of RCLs: (1) When the dataset is very small, the use of RCLs
increases the risk of overfitting when compared to using CLs; (2)
When the data can be fitted relatively well with only a few CLs,
the positive effects of using RCLs might become less.

• We address some aspects explaining the advantages provided
by RCLs: we show that the classification of the feature maps
gradually improves with the number of unfolding, and that the
weights in trained RCLs are of greater diversity when compared
to the trained weights in CLs.

• We show that models relying on RCLs are much more robust to
architectural design choices, since the depth flexibility allows to
better capture features at different scales (through the increase in
the receptive field as the RCL unfolds), a capability that greatly
simplifies the design of CNNs.

Armed with knowledge of these properties of RCL-ization of the
-CL model, we re-visit the first set of experiments, of comparing
he performances of the three base models: 4-CL model, ResNet, and
enseNet, and their RCL-ized variants, by conducting an extra experi-
ent on the dataset with the least number of training data: CUB200, by

ncrementally transforming step by step, out of 11 possible steps, the
-CL mode to the ResNet, and the C-FRPN to the R-ResNet respectively.
his set of experiments, presented in Section 6.8, reveals that (1) the
CL-ized version of the 4-CL model can match the performance of the
uch deeper ResNet by simply adopting the same training regime as

hat used by ResNet and (2) that indeed any attempt in increasing
he depth of the network could result in detrimental effects. This
2

onfirms the two observations (A) and (B) made in the first set of
experiments. Armed with these insights we are then able to provide
general suggestions one where and how to use RCLs in CNNs.

The rest of this paper is structured as follows: Section 2 provides
an overview of work which use RCLs and identifies that further work
is required to have a better understanding of the capabilities of RCLs.
Sections 3 and 4 describe the dataset, the three base models con-
sidered and their RCL-ized versions. Sections 5 and 6 introduce the
experimental setup and provide the results of the benchmark and the
following experiments. We summarize our findings in Section 7 and
to explicitly provide guidelines for an appropriate application of RCLs
in shallow CNN designs. Section 8 completes the paper by offering
some conclusions on the work presented and by providing some future
research directions. Appendix A provides further details of the ResNet
and DenseNet architectures, while Appendix B provides further details
of the steps used when transforming the 4-CL model and the C-FRPN
model to the ResNet and R-ResNet respectively.

2. Related work

In this section, we will first consider the context of our experiments,
in terms of deep CNNs in Section 2.1 and then in Section 2.2 we
will consider more specifically on the properties of RCL-ization which
would contain details of convolutional operation, replacing a CL by
a RCL, and other possible approaches to increasing the depth of a
network, with no increase on the number of trainable weights in the
resulting network. These other approaches are indicated only as a
pointer for future work, and not in the scope of this paper.

2.1. Convolutional neural networks

The introduction of CNNs (see e.g., [17]) into deep learning (DL)
has revolutionized the field of computer vision, in that it is shown it
can achieve state-of-the-art results (see e.g., [18]) when compared with
e.g., transformer based methods (see e.g., [19,20]), on many image
classification benchmark datasets. It is quite difficult to pinpoint this
extraordinary success of such a simple concept: convolution operation
with trainable kernel parameters. This is because over the years, this
simple concept has been used in ingenous ways to exploit its effective-
ness in using trainable weights, as compared to the less effective ways
in using fully connected layers, like Multilayer Perceptrons (MLPs), or
the self-attention mechanism in transformers [20], the ways in which
such network may be trained, using multiple loss functions [21], or in
their architectural design, in taking advantages of the increase in chan-
nel dimension when the spatial dimension is reduced (see e.g., [22]),
and allow the information extracted in the channel dimension to be
more effectively utilized (see e.g., [22]). There are literally thousands
of papers which have been published in the last few decades on CNNs
(see e.g., [4,5] for the sub-field of network architectural search alone)
and this defies effort in trying to categorize such volume of outputs in
the community.

If one considers these outputs from an architectural point of view,
then one may categorize these publications into two broad categories:
Unstructured, and Structured. The Unstructured category could be
characterized by the fact that an eventual architecture may be found
by systematic search on an architectural search space of multiple
dimensions, while optimizing on some loss functions [4,5]. Typically
this produces an architecture which is a composition of the components
in its search space [4,5]. The Structured category often starts with an
architecture which has been found useful, and then work on a variation
of such an architecture to obtain improved performance (e.g., [23]
which adopted interpolation of the latent space of an autoencoder [24]
to an existing structure.). Then there are some approaches, e.g., [25]
which evolved from a ResNet model, by searching the architectural
space consisting of different components, e.g., location and type of nor-

malization strategy, location and type of activation functions, adoption
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of the ResNeXt architecture, etc. which may thus be considered as a
hybrid between the Unstructured and Structured categories.

In the Structured category, one important sub-category is known
as deep CNNs, or deep networks; it is called deep, because such
networks are characterized by its depth, in terms of trainable weight
layers, of the resulting architecture. Networks in this sub-category
include: AlexNet [6], VGG(Visual Geometry Group)-Net [7], Inception
Network [8], MobileNet [26], MobileNetv2 [27], ResNet (Residual Net-
work) [9], WRN (Wide Residual Network) [13], ResNeXt Network [10],
RCNN [1,15]. A common characteristics of this group of networks is
that, except for AlexNet, VGG-Net, and RCNN, it usually consists of a
stem (a CL), followed by a number of stages, each stage containing a
number of residual blocks, and the transition between stages incurs a
reduction in the spatial dimension with a corresponding increase in the
channel dimension. The structure of the residual block could be one
way of differentiating why there are a number of networks in this sub-
category. A residual block consists of two parallel paths between the
input and output of the residual block: one direct feed-through, while
the other one contains a residual module. For ResNet, and DeneNet,
the residual module comprises of typically two CLs; for the Inception
Network, it typically contains a number of CLs with different kernels,
e.g., 3 × 3, 3 × 1, 1 × 3, connected in parallel; for MobileNet, the

odule comprises of decomposition of a convolutional kernel operation
nto two components, a 1 × 1, followed by a depth-wise convolutional
peration (essentially performing 𝑘×𝑘 convolutional kernel operations,
here 𝑘 is the size of the kernel, on each channel and then stack the

esults together), and for others, it is often, a combination of selected
ew of all these operations, inside the residual module. For the RCNN,
t consists of three stages, where stage 1 contains no CL, stage 2, and

contain two CLs each, but no residual blocks. We call this model a
-CL model, to emphasize the number of CLs used in the RCNN. For
enseNet [11], apart from the same ResNet backbone, it also contains
irect feedforward connections from a preceding stage to all succeeding
tages, but not vice versa, in terms of any feedback loops; it is a
eedforward only network.

The design of residual blocks offers a nice way to overcome an
ssue which exists in the training of MLPs, viz., the vanishing gradient
ssue [12]. Essentially when a network consisting of many hidden lay-
rs, the backprogation error, might become vanishing small, and thus,
endering the weight update process ineffective, especially affecting the
ayers towards the input end of the network. With a residual block
tructure, this limitation is largely eliminated, as the backpropagated
rror would be unlikely to become vanishing small because the input to
he residual block is also present in the output of the block. Therefore,
llowing the design of deeper and deeper networks for large datasets.
or example it is claimed by [13] that in their version of the ResNet it
ontains 1202 trainable weight layers.

An issue of the residual block structure is that the number of
eights increases with each additional residual block. This could cause
verfitting in small datasets. This fact is well recognized, and one way
f overcoming this issue is to use smaller sized networks for small
ized datasets, and large sized network for large sized datasets. So, for
xample, in ResNet, there are the ResNet-X models, where ‘X’ could be
(iny), S(mall), B(ig), or L(arge). The differences among these ResNet-
models are the number of stages, and the number of residual blocks,

n each stage, parametrized by the stage compute ratio. For example, a
esNet-T model consists of four stages, and a stage compute ratio of (3,
, 9, 3), i.e., three residual blocks in stage 1, 2, and 4, and nine residual
locks in stage 3. Even this is often too large a model for small datasets,
nd therefore there are ResNet models, using, say, three stages, and a
tage compute ratio of (3,3,3).

RCNN [1,15], on the other hand, use a different strategy to create
he depth of the network. The RNN contains only 3 stages, with a stage
ompute ratio of (0, 2, 2), and uses a recursive convolutional layer
RCL) strategy, which wraps a recursive feedback loop around each of
3

he CLs. This recursive feedback loop unfolds in time, say, 𝑁 steps. This
s equivalent to an 𝑁-CL network, with all 𝑁 CLs sharing the same set
of weights. In other words, the depth of the network comes from the
unfolding of the recursive feedback loop. For a fixed weight budget, this
unfolding of the CLs would therefore be more efficient when compared
with those of deep networks such as e.g. ResNet. In this paper we
call the process of replacing a CL by an RCL, RCL-ization. While the
unfolding of an RCL is somewhat similar to a residual block, there are
some differences in one crucial aspect: weight sharing makes the RCL-
ized version of a network more efficient in the use of the number of
trainable weights, when compared with deep networks. For the same
number of weights, the RCL-ized version could be much deeper than,
say, an ResNet.

It appears that no one has ever investigated the idea of RCL-ization,
i.e., replacing each CL by an RCL, of a ResNet, or a DenseNet. We
choose these two deep networks because ResNet is one of the most
popular deep networks, it has been used in many image classification
studies, first in its own right, and then as a backbone network for
more advanced networks. And DenseNet because it can be considered
an example of one of the many variations of the ResNet. One of the
differences of DenseNet lies in the way it compensate for the increase
in the number of weights by adjusting the reduction rate in the spatial
dimension and the corresponding expansion in the channel dimension
in the transition between stages. The residual block appear implicit in
the downsampling of the spacial dimension in the transition stage. It is
a deep network containing three stages with a stage compute ratio of
(6, 6, 6). Other networks, e.g., Inception Network involves a change to
the structure to the residual module, which in the case of ResNet, and
DenseNet it is a cascade of two CLs. This is similar to the basic RCNN
module used in [1,15].

We start the work presented in this paper with a proof of concept
experiment, in addressing the issue at hand: what would be the effect
of RCL-ization (replacing each CL in these three base models by RCL) of
the 4-CL model, ResNet, and DenseNet on five popular image classifica-
tion datasets. We will find that (A) RCL-ization benefits the C-FRPN, the
RCL-ized version of the 4-CL model, and (B) RCL-ization of ResNet or
DenseNet does not appear to have much effects on their respective RCL-
ized versions: R-ResNet or R-DenseNet. This prompted us to investigate
the effects of RCL-ization, e.g., whether one should replace all CLs by
RCLs, or only some of them. We further investigate the order of the
replacement of CL(s) by RCL(s), the number of times in the unfolding
of an RCL, the diversity of the channel weights (feature maps as each
channel constitutes one feature map) would have on the 4-CL model.
Details are provided in Section 2.2 below. Armed with the knowledge of
the properties of RCL-ization, this then prompted us to re-visit the proof
of concept experiment, in an attempt to understand why R-ResNet, and
R-DenseNet do not appear to have improvements over those of ResNet,
and DenseNet respecitvely.

2.2. Recursive convolutional layers

The origins of the concept of RCL can be traced back to the Fully
Recursive Perceptron Network (FRPN) [28], which can be interpreted
as the one dimensional version of C-FRPN; it wraps a recursive feedback
loop around a layer of neurons. The FRPN is itself an extension of MLPs,
which is a class of simple neural networks comprised of an input layer,
one or more hidden layers and an output layer, and where each neuron
in a layer is connected to each neuron of the successive layer via a
set of weights. MLPs are universal approximators [29] that are at the
core of the neural network paradigm, and are commonly used in many
regression and classification tasks. The performances of MLPs depend
essentially on the way they are designed, which varies according to the
activation functions, the number of hidden layers, and the number of
neurons in each hidden layer. In particular, finding a sufficient number
of layers and the number of neurons of each of them for a new learning
problem can be challenging as there are no general rules to determine

what these structural parameters should be (see e.g., [30]).
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The FRPN differs in that there is only one single hidden layer,
the neurons of which are inter-connected to all neurons in the layer
including to themselves. Each of these neurons receives a sensory input
that is called the ‘‘input bias’’. The hidden layer neurons are activated
recursively: after a definite number of unfolding of the recursive loop,
their output is then forwarded to an output layer. Formally, this can be
described as follows: Let 𝐮 ∈ R𝑚 be the input of the FRPN, 𝐱(𝑡) ∈ R𝑛

he output of the hidden layer at recursion 𝑡, with 𝑥(𝑡)𝑖 being the output
f neuron 𝑖 and 𝐲 ∈ R𝑙 the output of the FRPN at 𝑡 = 𝑡𝑚𝑎𝑥. Considering
wo set of bias 𝐛 ∈ R𝑛 and 𝐜 ∈ R𝑝, three sets of connections weights
∈ R𝑛×𝑚, 𝜷 ∈ R𝑛×𝑛 and 𝜸 ∈ R𝑝×𝑛, a non-linearity 𝑓 and an output

unction 𝑔, we can define the equations of the FRPN as follows:

(𝑡+1)
𝑖 = 𝑓

( 𝑚
∑

𝑗=1
𝛼𝑖𝑗𝑢𝑗 +

𝑛
∑

𝑘=1
𝛽𝑖𝑘𝑥

(𝑡)
𝑘 + 𝑏𝑖

)

(1)

𝑦𝑙 = 𝑔

( 𝑛
∑

𝑘=1
𝛾𝑙𝑘𝑥

(𝑡𝑚𝑎𝑥)
𝑘 + 𝑐𝑙

)

(2)

here 𝐱(𝑡=0) = 𝟎 and 𝑡 ∈ [[0, 𝑡𝑚𝑎𝑥 − 1]]. In the original implementation
f the FRPN, Eq. (1) is applied recursively until 𝑡𝑚𝑎𝑥 is reached or until
he convergence criterion in Eq. (3) is satisfied:

𝐱(𝑡+1) − 𝐱(𝑡)‖ < 𝜖, (3)

here 𝜖 > 0 is a predefined threshold. By using 𝛽𝑖𝑘 = 0, we see that
q. (1) describes the equation of an MLP with one hidden layer. This
hows that FRPNs generalizes MLPs, so they are a universal approxima-
or, while they remove the constraint of setting the number of layers
nd their respective sizes. The only structural parameter in FRPNs is
he number of neurons in the hidden layer, which makes them easier
o design than MLPs. Furthermore, it is clear that FRPNs simulate MLPs
ith any number of hidden layers, with no extra cost of parameters. In
ddition, it is shown that FRPNs reach better performances than MLPs,
ven when the total number of parameters in the MLP and the FRPN
re approximately the same [28].

Based on this pioneering work it has been proposed to apply the
ame principle to CLs to obtain RCLs as follows: Let 𝐮 ∈ R𝐶×ℎ×𝑤 be
he input, where 𝐶 is the number of channels, and ℎ, 𝑤 are the feature
aps height and length, respectively. For the convolution, we have the
eights 𝐰 ∈ R𝐶×𝑁×𝑁 and bias 𝑏 ∈ R. Then the classic convolution

quation, when the convolution is applied on a window of size 𝑁 ×𝑁
t position (𝑠𝑥, 𝑠𝑦), can be shown as in Eq. (4)

𝑠𝑥 ,𝑠𝑦 = 𝑏 +
𝐶
∑

𝑐=1

⌊𝑁∕2⌋
∑

𝑖=−⌊𝑁∕2⌋

⌊𝑁∕2⌋
∑

𝑗=−⌊𝑁∕2⌋
𝑤𝑐𝑖𝑗𝑢𝑐,𝑠𝑥+𝑖,𝑠𝑦+𝑗 , (4)

hich can be denoted more compactly as 𝐱 = 𝐰 ∗ 𝐮 + 𝑏. Recursion
an be introduced in analogy to Eqs. (1)–(2), representing the action
f an RCL with 𝑀 kernels such that 𝜶 = (𝜶1,… ,𝜶𝑀 ) ∈ R𝑀×𝐶×𝑁×𝑁 ,
= (𝜷1,… , 𝜷𝑀 ) ∈ R𝑀×𝐶×𝑁×𝑁 , and biases 𝐛 = (𝑏1,… , 𝑏𝑀 ) ∈ R𝑀 as

efined in Eqs. (5)–(6).
(𝑡+1)
𝑚 = 𝑓

(

𝑏𝑚 + 𝜶𝒎 ∗ 𝐮 + 𝜷𝒎 ∗ 𝐱(𝑡)
)

(5)

𝐱(𝑡) = (𝐱(𝑡)1 ,… , 𝐱(𝑡)𝑀 ), (6)

where it is assumed that the initial state is set to zero, i.e., 𝐱(0) = 𝟎.
otice that 𝑏𝑚 + 𝜶𝒎 ∗ 𝐮 is constant across the different time steps,
hereas 𝜷𝒎 ∗ 𝐱(𝑡) changes during recursion. Described as such, we

ee that RCLs can replace CLs individually in a CNN, which results in
etworks that can make use of recursion at different levels.

RCLs have first been considered for CNNs by [15]. The correspond-
ng architecture, called the Recursive CNN (RCNN) has been designed
y using AlexNet [6] as a baseline, consisting of a stem, and four
onvolutional layers, then replacing all but the first CL (the stem),
ith RCLs and using a fixed number of unfolding steps 𝑡𝑚𝑎𝑥 = 4. The

omparison was made using different number of parameters and for
our standard benchmark datasets of image classification: MNIST [31],
IFAR10 [32], CIFAR100 [32], and SVHN [33]. Very much alike in the
4

i

riginal FRPN paper [28], the authors reported that the RCNN requires
ess weights to match the results of its feedforward counterpart, and
hat the performance increases when the same number of weights is
sed. The authors in [15] suspected that the improvement in results
ay be attributed to the increase of receptive field that results from

he increased depth but this is not explicitly demonstrated.
A more general approach, which expanded the research on RCLs,

ntroduced the Convolutional-FRPN (C-FRPN) architecture [1]. It uses
he same backbone as in [15] and focuses specifically on the number
nd the position of RCLs to understand what would be an optimal
onfiguration. Another notable difference is that instead of using only a
ixed number of time steps, the recursive loop is stopped dynamically
nd in accordance to Eq. (3). Here, the authors based their study on
hree datasets: CIFAR10, SVHN and on ISIC [34]. They show that
or different network sizes, and reasonably large datasets it is always
eneficial to replace CLs with RCLs, while keeping the same number of
arameters. They also report that the performances of the C-FRPN are
etter than the performances of the feedforward version on CIFAR10
nd SVHN, and worse on ISIC. This intriguing discrepancy is presumed
o come from the small number of samples in the ISIC dataset used,
hich might amplify overfitting when using RCLs.

We will investigate these findings by considering alternative expla-
ations based on additional differences in the properties of the datasets.
or example, the ISIC dataset used in [1], using the same base model
s the one used in [15], differs in many other ways from the other
atasets used in their paper, e.g. the resolution of the sample which is
even times larger, or the nature of the dataset which represents skin
esions and is vastly different in distribution from the natural images
ound in CIFAR10 and the street numbers in SVHN [33]. Therefore, we
im to consolidate the ground knowledge behind the use of RCLs, in
rder to identify their strengths and weaknesses.

There has been attempts to overcome some of the limits of the
CL. Nayebi et al. [16] and Wang et al. [35] showed that the re-
ults previously achieved using standard recurrent cells as defined in
q. (5) do not generalize well when trained on a much larger dataset,
mageNet-1k [36], which is a collection of 1.2 million images. Thus,
hose results do not support the claim that overfitting is sufficient to
xplain the comparatively bad generalization capability of the C-FRPN
n specific cases. Both approaches designed a new RCL which relies
n a property inherited from signal processing, called gating, which
electively modifies the flow of data in the RCL and, in analogy to how
ates are used in the LSTM, weights the amplitude of the neuronal
esponse. In this context, gates are designed to limit the growth of
eceptive field resulting from recurrency – the gating signal depends
n information at the previous time step, rather than recursiveness
the gating signal depends on the signal at the current time step

nly. The gating signal in their cases can be designed in various
ays, thus [16] performs a Neural Architecture Search to find a near-
ptimal configuration and [35] proposes a similar but simpler and very
ffective design. In both cases, the introduction of gates led to better
erformances, even on Imagenet-1k, making them comparable or better
han their feedforward CNN counterpart. We note that the question
f designing a gating signal in these RCNNs2 base model could be an
nteresting topic for future research.

A variety of work have shown that CNN that uses an adaptive
eceptive field can obtain significant improvements. For example,
eeplab [37] obtained state-of-the-art results in image segmentation
y dilating the convolutional kernels, which increases the receptive
ield of the convolutions. The use of deformable kernels also leads to an
daptive receptive field, which is shown to be favorable [38]. Similarly,

2 We found that this term: RCNN could be confused with recurrent CNN,
hich is different from the recursive CNN which [15] uses. As this model

ontains one stem, and four CLs, we will denote this model as the 4-CL model
n this paper henceforth.
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the combination of separate fixed size kernels is at the core of the
Inception network [8], which could be considered as using a variation
of the design of the basic residual block used in ResNet; instead of
having two CLs in cascade, using a combination of CLs with different
kernels in parallel.

It is however unclear how gating would benefit very small datasets,
which might be prone to other issues. In fact, gated RCLs happen to
have better performances on a large dataset, but neither the gating
RCLs, or the investigation of the receptive fields of RCLs, address
specifically how RCLs or gated RCLs learn and what makes them
more efficient in the general case. Rather than proposing a different
design of the residual block, like that of Inception network, we propose
here to establish different properties of simple, non-gated RCLs follow-
ing Eq. (5). This allows us to understand more general and scalable
properties.

3. Dataset presentation

All models in this paper are evaluated on five datasets that have
been selected for their diversity and popularity, addressing various
aspects, as follows:

CIFAR10. This dataset [32] contains 50,000 training and 10,000 test
images of size 32 × 32 that are evenly distributed into 10 classes,
amely: airplanes, cars, birds, cats, deer, dogs, frogs, horses, ships,
nd trucks. CIFAR10 represents natural scenes and is among the most
ommonly used datasets for benchmarking image classification models.

IFAR100. This dataset [32] has the same characteristics as CIFAR10
xcept that the images are distributed into 100 classes. This implies that
here are 10 times fewer images per classes, which makes the learning
ask harder. Comparing the results obtained on both datasets should
ive us a good indication on what happens on more difficult tasks.

VHN . The Street View House Number dataset [33] is made of 73,257
raining images and 26,032 test images representing street house num-
ers in natural scenes of large diversity, which varies in font, zoom-
evel, orientation, background. The images are of size 32 × 32, centered

on a digit, and the task is to recognize the central digit. As with
CIFAR10, it is a widely referenced dataset of low resolution.

ISIC. The International Skin Imaging Collaboration [34] provides a
collection of challenges released from 2016 to 2020 in various tasks,
notably image classification of skin lesions. Following the guidelines
of [39], we extracted a curated and balanced dataset after merging the
different collections and removing the duplicates. We are left with a
dataset of 9810 images made from 4905 melanomas and 4905 other
lesions, 20% is used to create a test set and each image is resized
and center-cropped to be of size 224 × 224. This dataset was selected
for its singularity with respect to the other as it contains few but
medium-resolution images of medical nature.

CUB200. The Caltech-UCSD Birds 200 dataset [40] consists of 5994
training images and 5794 test images of birds belonging to 200 species.
As for ISIC, the images are resized and center-cropped to be of size
224 × 224. With an average 30 training images per class, and consid-
ering that the classes are quite similar from one another, this classifi-
cation task is particularly difficult, which is why this dataset is often
used to evaluate the fine-grained capability of a model. It is a smaller,
but more difficult dataset of medium-resolution images than ISIC.

4. Model description

RCL-ization. Throughout this paper, we address the impact of sub-
stituting CLs with RCLs in a CNN. We choose to refer to this process
as ‘‘RCL-ization’’. This is done in a way such that the replacement
of a CL with RCL will not require additional weights. For a fairer
5

comparison, between the feedforward model and its RCL-ized version, i
we systematically balance the number of weights of the RCL-ized model
with its feedforward counterpart. This balancing process, whether it is
obtained by reducing equally the number of feature maps per layer or
by decreasing the number of modules, is always implied when we refer
to RCL-ization in this paper. The way the number of weights is balanced
in this paper vary according to the nature of the base model, but it
is always specified. What we refer to as ‘‘naïve’’ RCL-ization refers to
the process of replacing every CL of the feedforward model, except the
stem, with RCL without giving any consideration on where the CL is
located.

4-CL model and C-FRPN . First, we compare two architectures: a
feedforward CNN, the 4-CL model, and its RCL-ized version, except the
stem: the C-FRPN.3 The C-FRPN model is as shown in Fig. 1. It may be
observed that the first module, portrayed in yellow at position 𝑃 0, the
tem, is the only feedforward CL in the network, and uses a kernel size
f 5 × 5 with a stride of 1. The following modules in position 𝑃 1 to
4 are RCLs denoted as RCL1, RCL2, RCL3, and RCL4 corresponding

o their position within the network. The four RCLs use a kernel size
f 3 × 3 with a stride of 1. Additionally, we use a maxpooling layer
fter layer 𝑃 0 and 𝑃 2 with a kernel size of 2 × 2 and a stride of 2 to
alve the spatial dimensions but a doubling of the number of channels.
he output of each module is followed by a ReLU and a Local Response
ormalization of size 13, which then goes through a dropout layer with
forget rate of 0.5 except for the last module. Inside RCLs, ReLU and

ocal Response Normalization are applied after each unfolding step.
he feature maps obtained after the fourth RCL are converted into a
eature vector using a global average pooling layer, which is then fed
o a fully connected network acting as a classifier. The 4-CL model is
imply obtained by replacing each RCLs in the C-FRPN with CLs. In
he terminologies used to describe ResNet (see the paragraph below),
he 4-CL model is a three stage model, with a stage compute ratio of
0, 2, 2), with stage 1 containing no CLs, and stage 2, and 3 contain
wo CL each. The transition between stages incurs a reduction by half
n the spatial dimension but a doubling in the number of channels, is
onducted through the max pooling layer. As stage 1 is degenerate,
ontaining no CLs, this is collapsed into the stem. The design of this
-FRPN is consistent with that in [1].

dditional RCL configuration. The experiments conducted in this
aper aim to not only to compare these two architectures, but more
lobally to evaluate the effect of replacing an CL with an RCL in any
osition. To this end, we also present a category of models, that we
efer to as models with mixed configurations. Because the recursive
inks in an RCL would add more weights to a CL when using the same
mount of filters, we balance the number of parameters of every model
y reducing the number of channels in RCLs in accordance to Table 1,
hich follows the procedure of [1]. The procedure allows for a fair

omparison between the 4-CL and its RCL-ized version. Table 1 shows,
or example, that using the 4-CL model with 42 channels per CLs would
equire ≈ 67k trainable weights, which is equivalent to the number of
arameters used by a C-FRPN with 30 channels per layer.

CL-ization in ResNet and DenseNet . Additionally, we RCL-ize two
eep network architectures: ResNet [9] and DenseNet [11]. This is
ecause in some earlier work [16,35] there is indication that there
ight be difficulties when using RCLs in some models when they

pplied it on a large dataset: ImageNet-1k [36], and this motivated
hem to use gated recurrent units or to experiment with deformable
ernels. Here, we aim to determine if this observation might be caused
y the architectural choice of the base model rather than the size of the

3 Here to be consistent with later usage, we should have called this R-4-
L model, where ‘R’ denotes the RCL-ized version. But we decided to use
he acronym ‘C-FRPN’ (Convolutional Fully Recursive Perceptron Network)
ntroduced in [1] as this avoids the awkward notation of ‘R-4-CL’ model.
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Fig. 1. The C-FRPN architecture, here with 672k weights. The first convolutional layer is shown in orange and pooling layers are shown in red.
Table 1
Number of channels per layer in the architectures used in this paper. For the mixed configuration, the number
of channels used is shown depending on the module and its position in the network. The corresponding
models roughly match the total number of weights that are represented under each columns.
Experiment Layer 17k 67k 264k 400k 527k 672k

4-CL model 𝑃0 to 𝑃 4 21 42 85 104 120 135
C-FRPN 𝑃0 to 𝑃 4 15 30 60 74 85 96

Mixed configurations
CLs from 𝑃 0 to 𝑃 4 21 42 85 104 120 135
RCLs from 𝑃4 to 𝑃 3 15 30 60 74 85 96
RCLs at position 𝑃 4 13 26 52 64 73 83
dataset itself, therefore, we consider these two popular deep network
models: ResNet and DenseNet. These two deep network models: ResNet
and DenseNet are selected because they are most similar to the 4-CL
model in that in the residual module, they contain two CLs in cascade,
while in the 4-CL model, each stage, except stage 1, contains two CLs
in cascade as well.

The ResNet architecture introduces direct feedthrough connection
between the input and the output of a residual block. We followed the
implementation procedure detailed in the original paper [9] for the
specific training of CIFAR10. Among the different sizes considered, we
selected ResNet-44, which has approximately as many parameter as the
biggest 4-CL model and C-FRPN used in our paper viz. 672k trainable
weights. The details of ResNet-44 are presented in Appendix A. At a
high level, it consists of a stem, followed by three stages with a stage
compute ratio of (7, 7, 7), i.e., there are 7 residual blocks in each stage,
and each residual module contains two CLs.

DenseNet may be considered as one variant of the ResNet. As
the details of DenseNet are provided in Appendix A here we will
only describe a high level view of what is a DenseNet, in particular
DenseNet-BC, which contains 760k trainable weights, the closest match
to the number of trainable weights in the 4-CL model: 672k. This
consists of three stages, with a stage compute ratio of (16, 16, 16),
i.e., each stage contains 16 dense blocks. Each dense block consists
of two CLs, one with a 1 × 1 kernel, followed in a 3 × 3 kernel. For
convenience we will denote this as a 2-CL module. In some ways, this
2-CL module may be similar to the residual module in ResNet. One
difference between DenseNet nad ResNet is in the ways in which the 2-
CL module is connected. In DenseNet, each 2-CL module receives inputs
from all its preceeding 2-CL modules. Thus, if there is only one 2-CL
module, then this will be the same as a residual block. But if there are
more than one 2-CL module, then it will be different, as apart from
receiving an input from its own, it will receive additional inputs from
all its preceeding 2-CL modules. Therefore in a stage with more than
one 2-CL modules, there will be more direct feedthrough connections
than those in a stage in ResNet. These direct feedthrough connections
would affect the number of channels increases between stages, different
from that of ResNet, which if the spatial dimension is decreased, say,
by a half, then the number of channels would be doubled. For the
DenseNet, the transition layer is performed by two CLs, the first one
is 1 × 1, which halves the input number of channels, followed by a
2 × 2 average pooling which halves the spatial dimension. To compute
the number of channels at any 𝓁th layer in a stage would involve a
concept called growth rate 𝑘. Then for the 𝓁th 2-CL module, it will have
6

Table 2
Number of layers per stage in the architectures considered. The number of feature maps
(channels) per layer is preserved with respect to the original architectures. Numbers
have been selected using the following scheme: decrease uniformly the number of layers
per stage until the number of parameters from the unfolding of the recursive loop in the
RCL-ized version becomes lower than for the feedforward counterpart. Then, increase
the number of layers uniformly only in the first two stages before the number of
parameters exceeds the one in the feedforward version. Finally, adjust the number of
layers in the first stage to match the number of parameters of the base model.

Model Stage 1 Stage 2 Stage 3 # Params

ResNet 7 7 7 659k
R-ResNet 6 6 3 661k

DenseNet 16 16 16 769k
R-DenseNet 15 15 15 761k

𝑘0+𝑘×(𝓁−1) number of channels, where 𝑘0 is the number of channels
at the input of the stage. So for example, for a growth rate 𝑘 = 12, and,
after the stem, say, the number of channels is 24. Then after the first
stage, consisting of 16 2-CL modules, the number of channels would be
given by 24 + 16 × 12 = 216. Here 𝓁 = 17 because we are considering
the output of the first stage and not the input to the 16th 2-CL module.
After the first 1 × 1 CL in the transition stage, the number of channels
would be halved, i.e., 216

2 = 108. After the 2 × 2 average pooling
layer, as this only affects the halving of the spatial dimension, and does
not affect the number of channels, the output contains 108 channels
which will serve as input to the second stage, which contains 16 2-CL
modules. After the second stage, the number of output channels would
be 108 + 16 × 12 = 300. Now it is clear that the number of channels
grows according to a growth 𝑘, which could be larger than those in the
ResNet at the same stage in the network.

A note on the RCL-ization of these two base models: ResNet-44 and
DenseNet-BC, we do not RCL-ize every CL, even in the case of naïve
RCL-ization. We do not RCL-ize the CLs which are in the downsampling
operation, nor the stem, nor the 1 × 1 CL in the 2-CL module in the
DenseNet. To balance the number of parameters, we reduce the number
of layers per stage as shown in Table 2.

As before, we use the prefix ‘‘R’’ to designate the recursive version
of the model. The normalization layer embedded within each RCL has
been changed to batch normalization [41] instead of Local Response
Normalization to further harmonize the type of normalization used in
the network. It is introduced such that a different batch normalization
layer is used for each unfolding step.
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5. Experimental setup

When not mentioned in the respective original papers of the three
base models: 4-CL model [1], ResNet [9], and DenseNet [11], we
determined a set of hyperparameters by training samples randomly
selected from 80% of the training set and evaluating on the rest of
the training set. Each model is then trained on the full training set
and evaluated on the test set using that set of hyperparameters. Each
result in this paper is the average and the standard deviation reported
as 𝑚𝑒𝑎𝑛±𝑠𝑡𝑑 of five runs using different random seeds. The seed affects
on the weight initialization, the order of presentation of the training
samples in each batch and the dropout layers’ outputs. By reporting
𝑚𝑒𝑎𝑛± 𝑠𝑡𝑑 this provides an indication of the consistency of our results.

The 4-CL model and C-FRPN . The two model are trained in the
different configurations as presented in Table 1. All are trained using
an Adam optimizer with a L2 penalty of 5𝑒−4, a learning rate of 1𝑒−4
nd a fixed number of training epochs, analogue to [1]. We use 500
raining epochs for CIFAR10, CIFAR100, SVHN and CUB200 and 75
pochs for ISIC. To increase the diversity of the datasets, we used data
ugmentation as in [1]: on CIFAR10, CIFAR100, SVHN and CUB200,
he images are randomly mirrored and randomly cropped over an area
f 75% of the original image size. On ISIC, we randomly mirror the
mages and rotate them. We used mini-batches of size that could be
ppropriately handled by our GPU4: 128 for CIFAR10, CIFAR100 and
VHN, 8 for ISIC, and 16 for CUB200. Unless explicitly mentioned we
lways used 𝜖 = 0.1 and 𝑡𝑚𝑎𝑥 = 8 for the unfolding of every RCL.

esNet and DenseNet and their respective R-versions. The training on
IFAR10, CIFAR100 and SVHN follows the same data augmentation
cheme as the one described for CIFAR10 in [9], that is, using random
ropping combined with 0-padding to preserve the initial resolution
f the image, and using random horizontal flipping. Along with this,
mages are initially resized using bilinear interpolation on ISIC and
UB200 to be of size 112 × 112 and a random rotation is also applied
n ISIC.

The same training parameters are used in the feedforward and
ecursive versions. We use 𝜖 = 0.1 that is divided by a factor of 10 once
he training reaches 50% and 75% of the total number of epochs, this
or each models and datasets. For ResNet, we use a batch size of 128 for
IFAR10, CIFAR100, and SVHN and train the models on respectively
00, 200 and 40 epochs. On ISIC and CUB200, a batch size of 32 is
sed on 200 epochs. On DenseNet, we train CIFAR10, CIFAR100 and
VHN on respectively 300, 300 and 40 epochs using a batch size of 64.
SIC and CUB200 are trained on 200 epochs using a batch size of 32.
ue to the large number of layers considered, we used 4 steps in the
nfolding of the RCL to fit the model into the memory available on our
PU.

. Experiments on RCLs

This section presents the results obtained from the different experi-
ents as well as the observation and interpretation of our findings.

.1. Performances comparison

We compare the performances of the feedforward and recursive
ersions of the different models on datasets presented earlier. For
he C-FRPN and the 4-CL model, we use the version made of 672k
eights which is the largest we considered and as such is the most

epresentative of the effects on larger models, alleviating the potential
ffects that would be observed from overfitting. The results are shown
n Table 3.

4 An RTX3080 with 12 GB of memory was used for the experiments.
7

The 4-CL model, ResNet-44 and DenseNet-BC represent subsequent
evolution of the state-of-the-art model for image classification, and
this is well-reflected in the performances of the feedforward network.
Furthermore, we find that replacing CLs by RCLs are significantly bene-
ficial on the C-FRPN, but not on R-ResNet and R-DenseNet in which the
performances remain within the standard deviation of their respective
feedforward architectures. This may provide a different perspective on
the remarks made in [16,35] that plain RCLs do not perform well on
large image datasets like ImageNet-1k. Rather, it seems to be correlated
with the fact that more modern type of architectures are being used on
par with that dataset, and those architectures may not generally benefit
from recursion. Hence, the focus of our study takes into account the
type of architecture used, which we address in Section 6.8, Section 6.3
and in Section 6.4.

Focusing on the results of 4-CL model and the C-FRPN we observe
that the latter outperforms its feedforward model the 4-CL model, on
each dataset, but with varying degrees of success. In CIFAR100 and
CUB200, the C-FRPN is particularly efficient, and remains significantly
better on CIFAR10 and SVHN. On ISIC, we observe that the 4-CL
model has performances that are within the standard deviation of
the C-FRPN, hence the advantage of RCLs here is not significant. A
similar observation was reported earlier about another dataset that was
also based on ISIC, in [1]. It was then attributed to the small size of
the training set, which may have particularly increased overfitting in
RCLs. The results obtained on CUB200, which is of smaller size than
ISIC, significantly favors the C-FRPN and hence might contradict this
hypothesis. Therefore there is a need to clarify this claim and to better
characterize the datasets for which the introduction of RLCs would be
beneficial.

From this first analysis, we can observe that both the datasets and
architectures have to be considered when introducing RCLs. Toward
this goal, we go through a variety of experiments in the following
subsections addressing both aspect to obtain a better understanding of
the benefits of RCLs and its limits.

The findings obtained on this first experiment show that the C-
FRPN can achieve better performances in some situations which are
not typically present in ResNet and DenseNet. This raises the question
of what makes RCLs effective on the C-FRPN, so as to pinpoint what
are its strengths and its limitations. In order to address this, we pursue
this study by focusing on the C-FRPN and its feedforward version, the
4-CL model. This model has the advantage of being made of a much
simpler design which is more convenient as we aim to extract general
properties that might be scalable to any CNN, and not affected by an
extraction process which would be specific to an architecture.

6.2. The benefit of an RCL depends on its position

To further study the impact of RCL, we measured the accuracy
that results from RCL-izing various position of the 4-CL model. We
trained 16 models that differs with respect to the nature of each of
their modules at position 𝑃 1 to 𝑃 4. The trained models satisfy the row
of Table 1 which refers to that of mixed configuration, for a usage of
672k weight. For each position 𝐿𝑖, we computed the relative gap in
accuracy between the mean of the set 𝑅𝐿𝑖 of models that uses an RCL
at position 𝐿𝑖 and the mean of the set of the remaining models 𝐶𝐿𝑖,
which uses a CL at position 𝐿𝑖. We then compute the relative gap in
accuracy at position 𝐿𝑖 following Eq. (7):

𝑟𝑔(𝐿𝑖) =
𝑚𝑒𝑎𝑛(𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑅𝐿𝑖)) − 𝑚𝑒𝑎𝑛(𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐶𝐿𝑖))

𝑚𝑒𝑎𝑛(𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑅𝐿𝑖))
(7)

Therefore, a positive output in position 𝐿𝑖 means that on average, an
RCL is more beneficial than a CL at the same position.

Fig. 2 shows that the gain in accuracy resulting from the use of
an RCL is not uniform but is dependent on its position. The results
obtained on CIFAR10, CIFAR100 and SVHN reveal that RCLs that are
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Table 3
Test accuracy of the different feedforward models compared to their recursive version. Each cell represents the mean and
standard deviation out of 5 runs, as: 𝑚𝑒𝑎𝑛 ± 𝑠𝑡𝑑.
Model CIFAR10 CIFAR100 SVHN ISIC CUB200

4-CL model 86.60 ± 0.28 57.94 ± 0.32 94.62 ± 0.07 78.14 ± 0.52 19.95 ± 1.18
C-FRPN 89.18 ± 0.34 61.13 ± 0.69 96.28 ± 0.11 78.39 ± 0.54 29.48 ± 3.03

ResNet 92.92 ± 0.14 69.35 ± 0.54 96.09 ± 0.05 80.62 ± 0.35 54.26 ± 1.57
R-ResNet 92.17 ± 0.63 68.64 ± 0.58 96.12 ± 0.23 80.08 ± 0.75 55.27 ± 1.71

DenseNet 95.16 ± 0.09 76.75 ± 0.27 96.30 ± 0.03 81.01 ± 0.47 60.60 ± 0.46
R-DenseNet 95.23 ± 0.18 76.83 ± 0.33 96.29 ± 0.07 80.90 ± 0.72 59.19 ± 0.65
Fig. 2. Relative gap in accuracy when replacing an RCL with a CL for each position. The line plot and the transparent area represents respectively the mean and the standard
deviation obtained out of 5 runs.
placed closer to the input layer of a network leads to the best perfor-
mance gain.5 In contrast, RCLs that are placed in position 𝑃3 or 𝑃 4 only
result in little to no benefit and can even prove to be detrimental. On
CUB200, RCLs performs better when placed in intermediate positions
in the network.

Focusing on the results obtained on ISIC, we observe that the
benefit resulting from using an RCL at any position is never significant
nor detrimental. This implies that the underwhelming performances
obtained on this dataset are not likely due to an inappropriate model
configuration, but that the recursion mechanism itself has little impact
on ISIC. Consequently, this can show that if the accuracy of a model
does not improve significantly following the replacement of a CL by an
RCL in the early layers of the network, it is unlikely to benefit from any
additional RCL at any subsequent position.

This experiment allows us to only partially confirm an observation
made in [1]: for datasets that benefit from RCLs, the replacement of
CLs by RCLs should be prioritized in the early layers. Because CUB200
contradicts this behavior, further investigation is required to under-
stand why using an RCL in some positions should be favored according
to the dataset. Additionally, we found out that if the performances
do not improve after using an RCL then adding any further RCLs is
unlikely to provide additional benefit. In the next subsection, we extend
our analysis to models of different sizes, by reducing the number of
parameters used.

6.3. RCLs adapt better to narrow architectures

We proceed to evaluate the performances of the C-FRPN and the
4-CL model on different sizes of the models, as described in Table 1.
With respect to the previous experiment, the models considered in
this section contain less filters per RCL/CL module, hence we refer to
these models as being of smaller width, or ‘‘narrower’’. The results are
displayed in Fig. 3 using a boxplot representation showing the values
obtained in each size category, and a line plot showing the evolution
of the relative gap in accuracy between both models.

5 This plot is an average of the accuracy given by 16 models and thus is
a simplified way of showing the influence of the positions of RCLs, but on
a particular configuration and depending on the dataset, a model does not
strictly follow such a rule. The average accuracy obtained in SVHN drops
significantly when an RCL is used in 𝑃 4 while a CL is used in 𝑃 1. This does not
happen in the other configurations training on SVHN, so the usage of 4 RCLs
still performs better than the 4-CL model despite what the figure suggests.
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This type of experiment has been conducted previously in [1] which
concluded that the C-FRPN performed comparatively better when the
number of weight decreases. We propose to confirm this hypothesis
by reproducing their experiment on our datasets and by displaying
explicitly the gap in accuracy using the relative gap, which we define
this time using 𝑟𝑔 = 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐶𝐹𝑅𝑃𝑁)−𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(4𝐶𝐿)

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐶𝐹𝑅𝑃𝑁) for each size category.

Hence, a positive 𝑟𝑔 means that the accuracy of the C-FRPN is higher
in that size category.

Using Fig. 3(b), we corroborate the results obtained in [1] on
CIFAR10 and SVHN: the benefit of RCLs can be more apparent on
narrowed down versions of the models. We found however that such
observation is limited to a certain category of datasets. On more
complex tasks involving many classes as in CIFAR100 and CUB200, the
relative gap in accuracy drops for smaller networks. We further inves-
tigated the influence of the number of classes by randomly grouping
each class into 10 super-classes. On this modified CIFAR100, the results
showed that the relative gap in accuracy obtained using the smallest
models becomes much larger, with a value of 6.79%, which relates to
the trends observed on CIFAR-10.6 Hence it is likely that this effect is
not specific to a particular type of data, but instead a consequence of
our weight matching scheme which provides more feature maps to CLs,
an asset particularly important when there is more classes to deal with.

On ISIC, we note that the relative gap in accuracy remains very
stable, which can be linked with the fact that RCLs do not provide
significant benefits on this dataset. Decreasing the number of feature
maps per modules does not change this behavior, which is another
aspect supporting that overfitting might not be responsible for these
performances on ISIC.

To this extent, we partially confirm the observations made in [1]
and state that RCLs adapt better to narrow architectures when they
provide benefit. Nevertheless, instead of reducing the size of the models
by using less weights per modules, we can also consider removing some
modules to obtain results more representative of the usage of RCLs in
shallower networks.

6.4. RCLs adapt better to shallow architectures

One can consider using RCLs in shallower networks, i.e., in networks
which contains less convolutional layers, which results in a lower

6 We could not confirm these observations on the modified CUB200 as it re-
sulted in models that were barely better than random guessing, a consequence
of the large intra-class variability it introduced.
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Fig. 3. Comparison of the test accuracy of the C-FRPN and the 4-CL model using models of different sizes, as described in Table 1.
depth. Here we address this aspect by comparing the usage of RCL and
CL modules in three version of the 4-CL model and the C-FRPN:

• The 4-CL model and C-FRPN as presented in Section 4, which
includes 4 RCL/CL modules, for a total number of 672k weights.

• The same base architectures except that the modules at position
𝑃3 and 𝑃 4 are removed and the second maxpooling layer is
moved between 𝑃 1 and 𝑃 2. It thus contains only two RCL/CL
modules.

• Additional architectures which consists of a single RCL/CL mod-
ule at position 𝑃 1 and directly followed by the global average
pooling layer.

We refer to each category according to the number of RCL/CL modules
it contains. The number of feature maps per module is kept the same
for each experiments, which is as shown in Table 1, 96 for RCLs and
135 for CLs. As a consequence, if we do not consider the CL at position
𝑃 0 and the fully connected layer, a model with two modules has half
the number of parameters as a model with four. Likewise, a model with
a single module will have a fourth as many parameters.

Fig. 4(a) shows how the accuracy varies in the shallower versions
of the C-FRPN and the 4-CL model. We see once again that the results
obtained on CIFAR10, CIFAR100, SVHN and in lesser degree CUB200
can be opposed to those obtained on ISIC.

• The results obtained on CIFAR10, CIFAR100 and SVHN follow a
very similar trends: the accuracy of the C-FRPN remains quite
stable despite the drastic decrease of the amount of parameters
as it gets shallower. In contrast, the shallow versions of the 4-CL
model result in a significant drop of accuracy.

• In CUB200, the drop in accuracy of the models using RCLs is
more pronounced, albeit their value remains much superior than
models with CLs.
9

• In ISIC, the accuracy obtained by the shallow versions of the
C-FRPN and the 4-CL model differs only mildly.

We acknowledge that the classification tasks on CIFAR10, CIFAR100,
SVHN and CUB200 typically requires a large degree of depth to be
correctly fitted by models based on CLs. This is much less the case in
ISIC, for which satisfying results are already achieved using only one
CL module. Conjointly, this dataset is the only one for which the 4-CL
model achieves a similar accuracy than the C-FRPN. By observing that
an unfolded RCL can be seen as a sequence of CLs sharing the same
weights, it is clear that RCLs introduces extra depth as recursion occurs.
Because we learn from this experiment that RCLs underperform on ISIC,
we can make the assumption that in general case, the benefit of RCLs
comes primarily from a capacity to compensate for the lack of depth in
a network.

Therefore, we can determine that RCLs should perform better in
dataset that requires large depth to be fitted, and are unlikely to
improve the performances otherwise. Additionally, we saw that models
with RCLs are more robust to the number of modules. Not only does
this mean that models with much less weights can obtain similar
performances, this also simplifies the design of convolutional networks,
as covering the search space for the optimal number of modules can be
made with more flexibility.

In the context of much deeper networks, as in ResNet and DenseNet
presented earlier, introducing RCLs might have only limited effects due
to the fact that these models have been designed with CLs specifically
to be of very large depth. The benefits resulting from a further increase
of depth saturates and might be alleviated in such deep architectures,
which is why we observed that RCLs were not improving performances
in this context. Therefore, one might rather consider introducing RCL
in a shallower architectures than in very deep ones to maximize the
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Fig. 4. Comparison of the accuracy obtained by the respective shallow versions of the C-FRPN and the 4-CL model.
efficiency of RCLs. This idea will be applied to R-ResNet in Section 6.8
which address the progressive ‘‘ResNet-ification’’ of the C-FRPN.

This subsection revealed that RCLs are very efficient in shallow
networks, but also that certain datasets are less likely to benefit from
RCLs. The ISIC dataset is also among the smallest considered in the
study. This could show that the RCL is particularly prone to overfit on
smaller datasets, a concern raised in [1]. We investigate this question
in the next subsection.

6.5. RCLs are more subject to overfitting

We observed in the previous subsections that the C-FRPN can make
a more efficient use of the trainable parameters by re-using training
samples at different stage. This implies that the C-FRPN creates a
model that fits better the training samples. However, a better fit to
the training samples often leads to overfitting and thus to reduced
generalization capabilities. In order to investigate how the generaliza-
tion capabilities of the C-FRPN are affected by overfitting, we trained
the C-FRPN and the 4-CL model using 672k weights on undersampled
versions of the training datasets and recorded the training loss and test
accuracy in each case. This allows us to verify if the training loss is still
representative of the general performances of the model.

Fig. 5 shows the result of training the models on undersampled
versions of the training datasets. The undersampling is done randomly
and differ for each run. We can make the following observations:

• Once again, the trends displayed on CIFAR10 and CIFAR100 are
quite similar. When using fewer than 12.5% of the benchmark,
10
the accuracy of the C-FRPN drops below the one of the 4-CL
model, but this change is not reflected in the training loss. Hence,
this shows that the C-FRPN can suffer more from overfitting than
its feedforward counterpart on smaller datasets, resulting in lesser
performances. On SVHN, the same effect can be observed, albeit
in more drastic measure, where additionally the C-FRPN appears
to become particularly unstable.

• In ISIC, the accuracy of the models appears to drop in a sim-
ilar pace as the training set is reduced. Despite the instability
resulting from the very small amount of training samples, the
validation losses are relatively faithful to the trends observed in
generalization.

• In CUB200, the drop in accuracy is more drastic in the C-FRPN,
but both the training loss of the C-FRPN and the 4-CL model
decreases as the size of the training set decrease. This shows
that both models suffer heavily from overfitting, which was ex-
pected considering the low number of samples per class in the
undersampled versions of the dataset.

We can conclude that in general, the C-FRPN suffers more from
overfitting than its feedforward version. We also note that on ISIC,
where the C-FRPN performed worse or similar to the latter, this was less
evident. We hence confirm that overfitting is unlikely to be the main
justification behind the poor performances of the C-FRPN on ISIC: the
explanation is more likely to come from the nature of the task itself.
We investigate in the next subsection, a possible reason by observing
how recursion affects the accuracy of the models.
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Fig. 5. Performance comparison of the C-FRPN and the 4-CL model on undersampled datasets, using [3.125%, 6.25%, 12.5%, 25%, 50%] of samples from the original training dataset.
The horizontal axis is on a logarithmic scale.
Fig. 6. Evolution of the test accuracy as the maximum number of recursion increases.
6.6. Effects of the number of recursions on the classification performance

This subsection focuses on C-FRPNs of size 672k to illustrate how
RCLs are able to achieve better performances by taking benefit from
recursion. Once fully trained, each model is evaluated using different
values of the maximum number of recursions 𝑡𝑚𝑎𝑥, ranging from 1 to
8. We thus obtain the evolution of the accuracy of the model during
recursion, which is displayed in Fig. 6.

We observe that in each dataset, the accuracy of the C-FRPN im-
proves always monotonically under an increase of 𝑡𝑚𝑎𝑥. This shows
that the feature maps are becoming increasingly informative for the
classifier, until showing signs of saturation when 𝑡𝑚𝑎𝑥 is large. The limit
is reached at different time steps depending on the dataset, particularly
early in ISIC and much later in CUB200. We note that when 𝑡𝑚𝑎𝑥 = 1,
the performances are hardly better than random guessing, and very far
from those of CLs. This shows that the weights of RCLs and CLs are
tuned very differently, and that the former learns to take benefit of
recursion, as it shown by the increasing trend of the curves.

One could think that this effect explain why the RCL did not perform
as well in R-ResNet and R-DenseNet, since a lower number of recursion
was used in order to limit memory usage of the GPU. However, we tried
halving the number of recursion in the C-FRPN and the 4-CL model
and were able to observe the same effects as those reported with 8,
and in the same range of accuracy. Using 8 recursion on R-ResNet and
R-DenseNet did not bring any improvement either, which confirms the
inefficiency of RCLs in those context.

This experiment showed that under the effect of recursion, the
information contained in the feature maps that are produced by RCLs
is gradually better processed by the classifier, as it is able to take
advantage of this increased depth. It confirms that the optimal (virtual)
network depth differs from learning problem to learning problem.
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Notably, it is revealed that a shallow network architecture suffices for
the ISIC dataset whereas for another small dataset, the CUB200 dataset,
a much deeper architecture is needed. We have thus shown that the
cases in which RCLs perform worse than CL cannot just be linked to
the size of the dataset. Our results instead imply that the benefits of
RCLs could stem from the increased size of the receptive field, or from
the ability to capture more diverse patterns. This will be investigated
in the following subsection.

6.7. Weight diversity analysis

For each recursion happening inside an RCL, each filter interacts
with the weights of all filters, including itself. These interactions are not
explicitely present during the forward phase in convolutional layers.
We show in this section that this leads to learning RCLs weights of
larger diversity, which allows the C-FRPN to cover a broader spectrum
of patterns. First, we introduce the distance measures used to evaluate
the diversity of the weights in CL and RCL modules.

Evaluating weight diversity. We define a module-wise distance based
on the average pairwise distance obtained for each possible couple of
filters. Thus, if we consider a module 𝑀 (either an RCL or a CL) and
its filters 𝐹𝑖, then we have:

𝑠𝑖𝑚(𝑀) = 1
𝑛2

𝑛
∑

𝑖=1

𝑛
∑

𝑗=1
𝑠𝑖𝑚

(

𝐹𝑖, 𝐹𝑗
)

(8)

There are several ways to define the pairwise diversity metrics. We
picked two of these based on their relevance and complementarity.
Using two vectors 𝑢 and 𝑣, we define:

• Euclidean distance:

𝑠𝑖𝑚𝑒𝑢𝑐 (𝑢, 𝑣) =
‖𝑢 − 𝑣‖2 (9)

‖𝑢‖2‖𝑣‖2
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Fig. 7. Average weight diversity per position.
• Cosine distance:

𝑠𝑖𝑚𝑐𝑜𝑠 (𝑢, 𝑣) = 1 − 𝑢 ⋅ 𝑣
‖𝑢‖2‖𝑣‖2

(10)

where ‖⋅‖2 is the Euclidean norm and 𝑢⋅𝑣 is the scalar product between
𝑢 and 𝑣. As a consequence an euclidean distance close to 0 means that
weights have similar values and a cosine distance close to 0 means
that weight vectors are spatially in the same direction. We see that
the former focus on the range of the weights and the latter on their
direction. Eventually both metrics point toward the same thing: the
farther they are to 0 and the more the weight vectors differs. Using
these metrics, we can now state that the higher 𝑠𝑖𝑚(𝑀) is, the more the
weights of the module can be considered diverse, i.e., not redundant.

The models uses the number of feature maps defined in the ‘‘Mixed
configurations’’ category of the Table 1, for 672K overall parameters.
To account for a fair comparison of the weight diversity, we restricted
the number of filters used for the evaluation of diversity metrics of the
CL and RCL to match the smallest possible number of filters inside a
module, which is 83.

RCL learns more diverse weights. In the same way as in Section 6.2,
we account for the diversity of modules from different positions by
evaluating it for each of the 16 possible configurations.

Fig. 7 shows the average weight diversity according to the presence
of an RCL or a CL at each position. The results reveals that the
Euclidean diversity of RCLs is significantly larger in RCLs, whereas
the cosine diversity is large and similar in both models, therefore
the weights of RCLs are more diverse in term of range but are of
similar direction with respect to CLs. Additionally we see that except in
CUB200, RCLs and CLs have a larger Euclidean diversity when placed
near the input, which could relate to the larger feature diversity of
the input in early stages. Conversely in CUB200, the low inter-class
deviations of the samples might necessitate weights of higher diversity
at a later stage in the network. We have shown in Section 6.2 that
RCLs where particularly beneficial in position 𝑃 3, and we show in
this section that it is the location for which the euclidean diversity is
also the largest. This support the possibility that the euclidean weight
diversity is strongly correlated with the performances of an RCL.

Models trained on ISIC are the only ones that show little difference
in weight diversity and conversely the only ones for which the 4-CL
model performs similarly to the C-FRPN. This can show us that RCLs
are typically better when used in a context where the tasks requires
high weight diversity. In such case, the larger weight diversity of RCLs
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allows to increase further the refinement process and hence to extract
features that are of higher quality.

The relationship between weight diversity and the performances
has been studied in many works. Ayinde et al. [42] defines a weight
diversity metric in a very similar fashion as ours, and shows that
regularizing the models in various ways to learn more diverse weights
has a positive impact on performances, as long as it is not excessive.
As in the models we studied here, they also showed that the increased
weight diversity of these regularized models on CIFAR10 was mostly
distributed at the beginning, which is further material to support that
RCLs can be more effective in early layers in such tasks.

6.8. Effects of RCLs in ResNet

We found in the benchmark in Section 6.1 that RCLs were neither
beneficial nor detrimental in ResNet and DenseNet, while they provide
significant benefit in the 4-CL model. In our experiments, and in
particular in Section 6.4 which considered shallower versions of the
4-CL model and the C-FRPN, we observed that RCL-ization was very
efficient on shallower networks. This may provide a hint for us towards
why RCL-ization do not benefit ResNet and DenseNet, since they are
of considerably larger depth. However the depth is only one of the
many differences between ResNet and the 4-CL model, and there are
many other sources of discrepancy which might be responsible for the
inhibited effects of RCL-ization. Therefore, we propose to gradually
‘‘ResNet-ify’’ the 4-CL model as well as the C-FRPN towards ResNet
and R-ResNet respectively to observe how the benefit of RCL-ization
are impacted by each transformation step. This allows us to pinpoint
which R-ResNet characteristics are inhibiting RCLs, and to understand
what makes ResNet to have a better performance than the 4-CL model
used in this study. Note that we only study the effects of this process on
the CUB200 datasets, as it is showing the largest discrepancy of results
between the two architectures. A detailed description of each of the
‘‘ResNet-ification’’ steps is featured in Appendix B. Each new step also
includes the changes made in the previous steps, irrespective of their
performance, as in this study, we are more interested to see what the
effect of introducing a particular step might be, rather than to use its
performance to decide on if the step should be adopted, as such steps
are already used in the ResNet, or the R-ResNet.

The outcome of this ‘‘ResNet-ification’’ process is depicted in Fig. 8.
First, it can be observed that a large part of the performance improve-
ment of the 4-CL model and the C-FRPN comes from the step 1 to 5,
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Fig. 8. Evolution of the accuracy resulting from the subsequent ‘‘ResNet-ification’’ steps applied to the 4-CL model (in orange) and the C-FRPN (in blue). The mean of 5 runs is
displayed, and the horizontal lines shows the resulting standard deviation.
which are related to the different training schemes used by the 4-CL
model and that of ResNet. Hence, the better performances of ResNet
and R-ResNet when compared with the 4-CL model and the C-FRPN are
largely driven by the training scheme used in ResNet. In comparison,
the subsequent steps, which are of architectural nature, only account
for about 6 point of the observed accuracy improvement. Specifically,
we note the positive effect of residual connections after step 10. But it
is noteworthy that the remarkable depth increase it permits does not
actually enhance the performance of both the 4-CL model, or the C-
FRPN. The transformed 4-CL model reaches its peak performance at
step 8, and the C-FRPN at step 6 respectively.

Secondly, we observe that some features that are beneficial for
the transformed 4-CL model are detrimental for the transformed C-
FRPN. Those are visible at step 7 and 8, with respectively the usage
of downsampling CL instead of max pooling and the introduction of
two additional CLs (respectively two RCL) at stage 1. Additionally, step
9, which consists of matching the number of CL (respectively RCLs)
as in ResNet (respectively R-ResNet) is detrimental for both, but is
particularly harmful for the transformed C-FRPN. Each of these three
steps involves using additional CLs or RCLs in the network, hence
increasing its depth. This indicates that the positive effects resulting
from an increase of depth are decreased when using RCLs. No other
steps has been found to significantly hurt the benefits of RCL-ization.
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Therefore, this confirm that the large depth of ResNet is the main
reason why RCL-ization has failed to improve the performances. Note
that the performances of the transformed C-FRPN at step 6 exceeds
those of ResNet, which shows that RCLs might still benefit ResNet when
introduced more cautiously. It may be worthwhile to note that this step
means to replace the stem, a CL by a RCL, something which has never
been done on ResNet or R-ResNet previously. The reason why this has
never been considered for ResNet or R-ResNet is that in the RCL-ization,
we only consider the CLs inside a residual module. The stem contains
only one CL, and therefore it is not a residual module. On the other
hand, in the 4-CL model, the stages only contain CLs, and not residual
blocks. Therefore, there is nothing to stop us to replace the stem by a
RCL, and unfold it in the way similar to what is taken place in unfolding
any CL inside a stage. Now from the experiments performed on finding
out the properties of RCL-ization, it is found that relacing the CL close
to the input end yields the most benefit. As the stem is the first in the
4-CL model, replacing this with a RCL, would obviously offer greater
benefit than if only the first CL in stage 2 is RCL-ized. This observation
while interesting, would need to be used in caution. This is because we
often decide on if a new architecture is worth adopting by comparing its
performance with those more established models, like ResNet. The RCL-
ization of ResNet never considers the stem, and therefore this might not
be a good comparison on equal basis. On the other hand this might be
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useful if we wish to obtain more performance gain from an adopted
architecture, then the idea of replacing the stem by a RCL might be an
easy option.

This experiment has shown that a naïve RCL-ization of ResNet might
be counter-productive. ResNet has been designed as a way to bypass
the limitations associated with deep architectures and thus rely on a
very large depth, whereas we found RCL to be particularly effective in
contexts where a large depth is required. DenseNet being of even larger
depth than Resnet, it is plausible that the underwhelming results of R-
DenseNet suffer from that same aspect. Our results prompts speculation
that for a much shallower model like the 4-CL model, if augmented,
for example, by different types of CLs in parallel or in series, and by
judicious selective RCL-ization, could potentially yield superior results
when compared to the deeper networks encountered here.

Alternatively, the properties of RCL-ization might be applied to
shorten state-of-the-art deep models, like ConvNeXt [43], by selectively
RCL-ized its CLs in the ConvNeXt module (see Section 7 for more details
on this idea).

This concludes the set of experiments conducted in this study. In the
next section, we propose to summarize the results of our analysis and
suggestions for further research.

7. Summary

This section summarizes the main contributions of this paper. This
allows us to suggest where the knowledge gained from this paper fit
in the wider area of research on finding a good model for small image
datasets like those used in this paper.

Contributions.

• We found that RCL-ization of a shallow network, like the 4-CL
model would be beneficial for small datasets

• We found that RCL-ization of a deep network, like ResNet-44,
DenseNet-BC, which are specifically designed for small datasets,
would not benefit their performance.

• We found a number of effects related to RCL-ization on the 4-
CL model, including that it will benefit its performance for even
shallower network than the 4-CL model.

How would we view these findings in light of the larger research
rea of designing good and efficient networks for datasets across a
umber of scales? From our findings, it is clear that for a shallow
etwork, like the 4-CL model would benefit from RCL-ization as it can
ncrease its depth through unfolding the recursive loop without incur-
ing any increase in the number of weights, a situation which plagues
he deep networks, like ResNet-44, or DenseNet-BC, even though they
re specifically designed to handle small datasets, from their respective
arge models. This is because whenever the ResNet includes an extra
esidual block in a stage, its number of weights will increase. For the
enseNet, similar situation occurs, and that it is even worse in this case,
ecause of the additional feedthrough connections of its preceding 2-CL
odules. Moreover there is a growth factor involved in its design, and

his growth factor contributes to the growth of number of channels in
he 𝓁th 2-CL module, according to the formula: 𝑘0 + 𝑘 × (𝓁 − 1), where
𝑘0 is the number of input channels at the input of the stage, and 𝓁
denotes the 𝓁th 2-CL module in the stage. This would mean, dependent
n the growth factor, 𝑘, the number of channels at the output could
e much higher than those in a ResNet. As it is commonly known,
n increase in the number of channels means more trainable weights.
herefore the DenseNet is less memory efficient in its use of weights
han ResNet, which in turn is less memory efficient than the C-FRPN
odel which receives its depth through the unfolding of RCLs. This
ight be the reason why RCL-ization is not beneficial to deep networks
hen designed to handle small datasets.

But there are other networks, like ConvNeXt [43], ConvNeXt v2
14

44] which achieve state-of-the-art performance on small datasets.
For example, the ConvNeXt is based on a ResNet backbone, but then
evolves towards the ConvNeXt model, through a series of limited search
in the architectural components space, guided by the design in the Swin
Transformers [19], the design of ResNeXt network [10], and partly
guided from experience; these include: changing the stage compute ra-
tio, the location and type of activation functions, the location and type
of normalization method used. The ConvNeXt model obtained in such
a fashion consists of a stem, a number of stages, each stage contains a
number of residual blocks, each residual block consists of a ConvNeXt
module, in parallel with the direct feedthrough from the input to the
output of the residual block. The ConvNeXt module consists of three
blocks, a depthwise convolution followed by a 1 × 1 block followed
by another 1 × 1 block, with a layerwise normalization between the
depthwise convolution and the first 1 × 1 block, and a GeLU between
the first 1 × 1 block and the second 1 × 1 block. Such a model has
been found to have state-of-the-art performances on small datasets as
well as on some large datasets. ConvNeXt v2 [44] is to explore the
advantages offered by masked autoencoder [45] in efficiently using
the limited amount of training data, by masking out part of the input
image, and then reconstruct the input image through a self supervised
learning method, in a style similar to the autoencoder. So the CovNeXt
v2 essentially use the ConvNeXt model as an encoder, and the weights
of the model are found by minimizing a reconstruction loss between
the original image and the reconstructed image. In this manner, the
encoder would be encouraged to extract relevant information from
the input image rather than the redundant information which is often
present in natural images. Again this model has been found useful
particularly in situations when there are small number of training
samples.

Would, say, a shallow network, e.g., the 4-CL model or its shallower
variant, likely to have better performance than such sophisticated
models, like ConvNeXt or ConvNeXt v2? The honest response would
be no. But with what we know of the properties of RCL-ization, it is
possible that by replacing some of the CLs by RCLs in the ConvNeXt
model, or the ConvNeXt v2 model, especially when the one using a
depthwise convolution, in the residual modules, which are close to the
input end. This may reduce the number of residual blocks required in
the stage, thus making more efficient use of the number of weights,
this may improve the performance of this limited RCL-ized version of
ConvNeXt from that of the ConvNeXt model. In other words, it might
be possible to utilize the advantages offered by RCL-ization to render a
ConvNeXt network less deep, and thus making better use of the number
of weights available. This could be one way in which our research fits
in the larger body of work on the design of high performance CNNs on
small datasets, or across a number of scales. This we believe would be
a worthwhile future direction of research.

Our results show that RCL-ization is useful for networks that are
not very deep and small datasets. However, the optimal depth of an
architecture depends on the dimension of the training set. Our results
imply that the depth under which RCLs are useful may increase for
larger datasets. Similarly, the effective depth may increase also by
techniques that allows to make more efficiently use the available data,
such as the self learning of mask autoecoders in ConvNeXt v2.

8. Conclusions

This paper investigated the effects of RCL-ization, i.e., the substi-
tution of CLs with RCLs, on three base models: an 4-CL model with a
stage compute ratio (0, 2, 2), ResNet-44 with a stage compute ratio
(7, 7, 7), and DenseNet-BC with a stage compute ratio (16, 16, 16) on
five small sized datasets. Our findings reveal that while RCL-ization can
significantly improve the accuracy of the 4-CL model, its advantages
are diminished when applied in deep architectures like ResNet-44 and
DenseNet-BC. We then investigated why RCL-ization works so well on
the 4-CL model. The investigation revealed general properties of RCLs,

and provided explanations to why RCLs work well in shallow networks.
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We then re-visited the first set of experiments by a ResNet-ification
experiment: the transformation of the 4-CL model and the C-FRPN,
through a step by step adoption to ResNet-44, and R-ResNet-44. We
found that any attempt in increasing the depth of the 4-CL model,
would produce detrimental performances, thus confirming the obser-
vation that RCL-ization would not be beneficial to a deep network like
ResNet-44. Moreover, our results revealed that the C-FRPN can match
the performance of much deeper networks by using a suitably adjusted
training regime. We thus discovered that RCLs have the capacity to
efficiently compensate for the lack of depth in a shallow network, like
the 4-CL model as they allow for an increase in depth, when a RCL
unfolds, without incurring additional weights; this can be much more
favorable in shallower networks, like the 4-CL model, than the deeper
models, like ResNet-44, or DenseNet-BC on small datasets.

From our results it can be expected that shallow RCL-based models
could complement the performances of advanced networks e.g., Con-
vNeXt [43], ConvNeXt v2 [44], designed for small datasets which
would be a good topic for future research.

Furthermore, in this paper, we are using a recursive feedback loop
which implies that the dependency on its past values is constant.
It would be very interesting to experiment with a gated recursive
feedback loop, where the gating signal depends on some small time
segment in the signals elsewhere in the network, thus simulating a
variable recursive feedback loop (see a somewhat similar idea for
recurrent neural networks in [16]), or alternatively explore the idea
of a deformable kernel [38] in the recursive feedback, ‘simulating’ the
effects of a time varying kernel. This gating signal idea or time varying
kernel would particularly be suited for small datasets, as they allow
for variations in the feedback loop according to the signal strength
elsewhere in the network. Both of these would form areas of future
research.
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Appendix A. Details on the ResNet and DenseNet architecture
used

To provide a better overview of the rest of the architecture used in
the paper, we also detail explicitly their structure using block diagrams
and characterize their depth. It can be observed that while we use
as much downsampling layers, those architectures are considerably
15

deeper than the backbone CNN and the C-FRPN used in our study.
ResNet44. We use the implementation described in [9] for the ar-
chitecture that is specifically used for CIFAR10, that we represent in
Fig. A.9. It contains a stem (in yellow), and 3 stages, respectively
shown in blue, green and orange. In this representation, batch normal-
ization and activation layers are not displayed, but they are detailed
in Fig. A.10. Curved arrow represents residual connections, and the
dotted curved arrows are residual connections between features of dif-
ferent dimensions. As in the original paper, those residual connections
are made possible by transforming the input: extracting half of the
spatial dimension, followed by 0-padding, which doubles the channel
dimension.

The ResNet44 architecture can be detailed as follows:

• one stem which is made of one 3 × 3 CL.
• Three stages which contains 7 residual blocks each. Each blocks

consists of two cascaded 3 × 3 CL, in parallel with a feedthrough
connection from the input to the output of the block. The first CL
of the first residual block of stage 2 and 3 applies spatial down-
sampling and doubles the number of channels as represented in
Fig. A.10(b).

• a global average pooling layer followed by fully connected layer
which acts as a classifier.

Hence the depth of the network is 1+3×7×2+1 = 44. When RCL-izing
esNet44, we replace all but the first CL of the first block of stage 2 and
tage 3, which are those that are responsible for spatial downsampling.
ote that while residual blocks and the unfolding of an RCL both

nclude a form of skip connections, important differences remain. In
CLs, skip connections go directly from the input to deeper CL layers,
hile it is summed in the case of residual connections. Additionally,

he skip connections of ResNet go from one block to the next. Hence,
esNet simply the flow of information between two consecutive blocks,
hereas in the case of RCLs, the skip connections aims to copy the

nformation going from the input to deeper layers of the unfolding of
CLs. Therefore, residual connections and unfolding of a RCL should
ot be mistaken.

enseNet-BC. Similarly as in ResNet44, the original DenseNet pa-
er [11] includes the implementation details of some DenseNet ar-
hitectures that are applied to CIFAR10, CIFAR100 and SVHN. It is
epresented in Fig. A.11 where we used the same block description as
n Fig. A.9. The specific architecture we are using is DenseNet-BC (k =

12, L = 100), where k is the growth rate, i.e., the amount of channels
outputed by each layer within a dense block and L is the total depth of
the network. This particular configuration features the smallest number
of parameters among those considered in their paper, approximately
769k when training on CIFAR10. This parameter count is also the
closest to the range we are considering for the other models that
we benchmarked, which spans between approximately 659k and 672k
parameters. DenseNet-BC is a variant of DenseNet, which is implied
when referring to DenseNet. DenseNet-BC is more weight efficient than
DenseNet, as it obtains better performances using the same number of
weights and can reach more depth thanks to two mechanisms:

• BottleNeck layers: In each layer within a dense block, every 3 × 3
CL is preceded by a 1 × 1 CL. This 1 × 1 CL alters the number of
channel of the input to 𝑘×4 = 12×4 = 48. Hence, the information
obtained by concatenating the output of the preceding layers is
either extended or compressed to a fixed number. This not only
homogenizes the distribution of channels preceding each 3 × 3 CL
but also significantly reduces the number of channels considered
when more than 4 layers are involved in the dense block.

• Compression: Prior to the spatial pooling in the transition layers,
a 1 × 1 CL is introduced that compresses the number of channels
in the input by halving it. This leads to a drastic reduction in the
number of parameters flowing through the network, allowing for

considering a larger number of layers in each dense block.
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Fig. A.9. The ResNet44 architecture. In each block, the first item represents the type of module and the second the number of channel dimension of the output. CL responsible
for pooling uses a stride of 2, which halves the spatial dimension. The description of those CL includes ‘/2’ to reflect their nature.
Fig. A.10. Details on the Residual Bocks of ResNet. The ⨁ symbol represents pointwise addition of the features.
Hence the name DenseNet-BC, where ‘‘B’’ and ‘‘C’’ stands for bottle-
neck and compression respectively. We can detail the full architecture
of DenseNet-BC as follows:

• one stem which is made of one 3 × 3 CL.
• the first residual block which contains 16 layers. Each layer con-

sists of a 1 × 1 CL followed by a 3 × 3 CL, and every layer receives
input from all preceding layers within the block, including the
input to the block itself.

• a first transition layer consisting of a 1 × 1 CL and an average
pooling layer.

• the second residual block which contains 16 layers.
• a second transition layer consisting of a 1 × 1 CL and an average

pooling layer.
• the third residual block which contains 16 layers.
• a global average pooling layer followed by fully connected layer

which acts as a classifier.

In our study, we are using the parameter 𝐿 = 100, which corre-
sponds to a depth of 100. As an equal number of layer is considered
within each stage, this depth is achieved by using a stage compute ratio
of [16, 16, 16]. Indeed, when considering a stage made of 16 layers, it
involves 32 parametric CLs, so the depth of each block is 32. DenseNet-
BC is made of a stem, three dense blocks, two transition layers, and
one fully connected layer. Each transition layer includes one 1 × 1
Convolutional Layer (CL). Therefore, the overall depth of the network
is calculated as follows: L = 1 + 32 × 3 + 2 × 1 + 1 = 100. Using a
stage compute ratio of [16, 16, 16] imply that each subsequent stage will
contains a higher number of channels. This is because the concatenation
of the channels of the 16 layers more than doubles the number of
channels of the input of the block, while the transition layer halves it, as
can be observed in Fig. A.11(a). This is a notable difference compared
to ResNet in which each stage uses exactly doubles the number of
channels of the previous one.

The RCL-ization of DenseNet that we considered consist in replacing
every 3 × 3 CL of the network with a 3 × 3 RCL. Therefore, we do not
replace the 1 × 1 CL used in the bottleneck and the 1 × 1 CL used in
the compression.
16
Appendix B. Details on the ‘‘ResNet-ification’’ steps

In the process to transform the 4-CL model and the C-FRPN into
respectively ResNet and R-ResNet, 11 steps are incrementally adopted.
We proceed to provide a description of each of them.

Step 0: 4-CL model/C-FRPN . We start with the 4-CL model and the
C-FRPN

Step 1: Data augmentation. We adopt the same data augmentation
scheme as the one used in ResNet [9]. This means that the images are
downscaled to be 112 × 112 from 224 × 224 and the training images
are 0-padded to allow for random cropping.

Step 2: Optimiser . We use the same optimizer and learning rate
scheduler as those used in ResNet [9]. This implies that SGD is being
used alongside a learning rate which is no longer fixed, but divided by
10 at 50% and 75% of training.

Step 3: No dropout . The Dropout layers are discarded.

Step 4: Batch normalization. Batch normalization is used instead of
Local Response Normalization. Biases are removed for CL and RCL
layers, as it becomes redundant with batch normalization.

Step 5: Weight initialization. Similarly to ResNet, the Kaiming initial-
ization [46] is being applied on the convolutional layers and on the
linear layer.

Step 6: Stem. The stem is changed to be a kernel of size 3 × 3 instead
of 5 × 5. In the C-FRPN to R-ResNet transformation, the stem is also
changed to be an RCL.

Step 7: CL transition. For downsampling, we replace maxpooling
layers with CLs using a stride of 2.

Step 8: 2_2_2. We add 2 additional CL (respectively RCL) before the
first downsampling layer. At this step if we exclude downsampling
layers, we can represent the current model configuration as containing
[2, 2, 2] CL (respectively RCL) per stage.
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Fig. A.11. Block diagram of the DenseNet architecture used and one of its DenseBlock.
Step 9: 14_14_14. In the case of the transformed 4-CL model, we use
[14, 14, 14] CL per stage including the downsampling layers. In the
case of the C-FRPN, we use [12, 11, 5] RCL per stage, and two CL for
the spatial downsampling layers. Hence, those two configurations are
identical to those of ResNet and R-ResNet described in Table 2 except
that no residual connections are used.

Step 10: Residual connections. Residual connections, as described in
Appendix A, are added.

Step 11: Expansion. We double the number of feature maps used
after each CL downsampling layers. This step conclude the transforma-
tion. The models produced follows exactly the same architecture and
training scheme as ResNet and R-ResNet.

Note that steps 6–9 and step 11 may introduce a significant number
of additional parameters. To address this issue, we reduce the number
of feature maps per layers (or the base number in the case of step 11) in
both models transformation to preserve a similar number of parameters
and ensure a fair comparison. The ordering of these steps has been
determined in such a way that it favor computational efficiency and
separate changes that are related to the training scheme (step 1–5) from
those related to architectural changes (step 6–11). We acknowledge
that the order of the steps might influence the perceived benefit of
the corresponding feature but this coarse separation between training-
related and architecture-related changes may still provide an indication
of the general trends.
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