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Abstract—Deep neural networks (DNNs) have provided bril-
liant performance across various tasks. However, this success
often comes at the cost of unnecessarily large model sizes,
high computational demands, and substantial memory footprints.
Typically, powerful architectures are trained at full depths but
not all datasets or tasks require such high model capacity.
Training big and deep architectures on relatively low-complexity
datasets frequently leads to wasted computation, unnecessary
energy consumption, and excessive memory usage, which in turn
makes deployment of models on resource-constrained devices
impractical. To address this problem, we introduce the concept of
Optimally Deep Networks (ODNs), which provides a balance be-
tween model depth and task complexity. Specifically, we propose a
NAS like training strategy called ‘“progressive depth expansion”,
which begins by training neural networks at shallower depths and
incrementally increases their depth as the earlier blocks converge,
continuing this process until the target accuracy is reached.
ODNs use only the ‘“optimal” depth for the tasks at hand,
removing redundant layers. This cuts down future training and
inference costs, lowers the model’s memory footprint, enhances
computational efficiency, and facilitates deployment on edge
devices. Empirical results show that the optimal depths of ResNet-
18 and ResNet-34 for MNIST and SVHN, achieve up to 98.64 %
and 96.44 % reduction in memory footprint, while maintaining
a competitive accuracy of 99.31 % and 96.08 %, respectively.

Index Terms—optimally deep networks, optimal depth, adaptive
depth, progressive depth expansion, neural architecture search,
model efficiency, efficient deep learning.

I. INTRODUCTION

Deep Neural Networks (DNNs) have become the cornerstone
of modern machine learning, due to their brilliant performance
across various domains [1]-[3]. However, these feats come
at the expense of large model sizes due to deeper architec-
tures and correspondingly higher computational and mem-
ory demands. Although large models have proven essential
for complex datasets (ImageNet-1K, ImageNet-21K, large-
scale NLP datasets etc.) [2], not all tasks have such high
level of complexity. Many domains involve tasks that are
significantly simple or have lower complexity such as some
datasets in medical imaging [4], industrial inspection [5], digit
or character classification [6], [7], and image matching [8].
Using deep architectures (ResNet-18, ResNet-34, ResNet-50,
ResNet-101 etc.) in simple scenarios leads to inefficiencies,
including wasted computation/time, increased latency during
inference, unnecessary energy consumption, and excessive
memory footprint, hindering their deployability on resource-
constrained devices e.g. mobile phones and edge devices.
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Fig. 1: Memory footprint reduction of networks at their
optimal depths across five datasets (The accuracies of the
ODNSs remain within 1 % of the full-depth networks).

Many strategies for efficient deep learning [9], [10] have
been proposed including pruning [11], quantization [12],
knowledge distillation [13]-[17], dynamic inference [18], and
Neural Architecture Search (NAS) [19]-[21]. Pruning and
quantization compress the networks but cannot substantially
reduce their size on disk. Knowledge distillation transfers
knowledge from a large teacher model to a smaller student
model, however, it does not provide the optimized architecture
for the task at hand. Dynamic inference techniques adaptively
skip layers in a model during inference to reduce the latency
but fail to address the problem of large memory footprint.
Neural Architecture Search (NAS) provides an architecture
search process, however, it has huge computation cost leading
to large carbon footprint [22], extreme time consumption (as
it typically trains thousands of candidates to find the optimum
architecture), and the complexity of defining the search space,
which may sometimes miss powerful architectures.

We introduce the concept of Optimally Deep Networks
(ODNs), which use a simple and smart NAS like training
strategy that enables adapting the depth of a model to the
complexity of the task at hand. Instead of directly training
the model with full depth, “progressive depth expansion” is
applied that begins by activating only the shallow layers and
incrementally deepens the network once the earlier layers have
converged, continuing this process until the desired perfor-
mance is achieved. When the target performance is achieved
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with a depth shallower than the original architecture, the Op-
timally Deep Network is extracted and fine-tuned. This depth-
search strategy enables networks to allocate only the necessary
depth capacity for the tasks, reducing substantial memory
footprint, future training costs, computation overheads, and
inference run-time, all without a significant compromise on ac-
curacy. Once the optimal depth of an architecture is obtained,
it can be used to efficiently deploy the model at a large scale,
reducing resource wastage. The same depth can be reused for
future trainings on datasets of similar complexity, avoiding the
cost of performing another search. Moreover, the ODNs can be
further compressed using pruning and quantization techniques.

Unlike Neural Architecture Search (NAS), progressive
depth expansion is a simple depth search strategy which
does not require defining a complex search space. It can
be straightforwardly applied on many powerful architectures
such as Residual Networks (ResNet-18, ResNet-24, ResNet-
50, ResNet-101 etc.) [2], Wide Residual Networks (WRN-
40-2, WRN-16-8, WRN-28-10 etc.) [23], Mobile Networks
(MobileNetV1, MobileNetV2, MobileNetV3 etc.) [24], [25]
and many more, by dividing them into different depth levels
(blocks) and progressively training them from shallower to
deeper blocks until the desired performance is achieved with
the optimal depth. ODNSs offer a new perspective on efficient
deep learning by searching optimal depth of well-known
networks according to the complexity of tasks, bridging the
gap between performance and efficiency.

Key Contributions: Our contributions are highlighted below:

e We introduce Optimally Deep Networks (ODNs), in
which “model depth” is adapted according to the com-
plexity of task at hand, with competitive performance.

o We propose a novel training paradigm called “progressive
depth expansion” that gradually deepens the model-depth
during training to achieve the target accuracy.

e We show that ODNs significantly reduce memory foot-
print and inference costs, enabling efficient deployment
on edge and resource-limited devices.

o We empirically demonstrate the effectiveness of ODNs
on five datasets: MNIST, EMNIST, SVHN, Fashion-
MNIST, and CIFAR-10, by optimizing the depths of three
architectures: ResNet-18, ResNet-34, and ResNet-50.

o ResNet-18 trained through progressive depth expansion
on MNIST provides 98.64 % reduction in model size
(from 44.78 MB to 0.61 MB) while preserving com-
petitive performance with 99.39 % accuracy. Similarly,
ResNet-34 trained on SVHN provides 96.44 % reduction
in model size (from 85.29 MB to 3.04 MB) with a
competitive accuracy of 96.08 %.

o The code of ODNSs is released at the following link:
https://github.com/saktx/Optimally_Deep_Networks.

II. RELATED WORK

The pursuit of greater efficiency in deep learning inspired
researchers to introduce various approaches aimed at cutting
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Fig. 2: Procedure for obtaining Optimally Deep Networks.

down the computational costs, memory footprint, inference
latency and other deployment barriers of the models, while
retaining their performance [9], [10]. Most popular research
directions related to efficient deep learning include Neural
Architecture Search (NAS), model compression techniques
(sparsification, pruning, and quantization), knowledge distil-
lation, dynamic inference, and Once-For-All (OFA) training.

A. Neural Architecture Search (NAS)

NAS automated the process of finding a neural network
that is optimized with respect to accuracy, robustness, and/or
efficiency by exploring a vast search space of possible archi-
tectures without requiring extensive evaluation of trial-and-
error manually [19]-[21]. NAS has been able to provide high
performing architectures by leveraging reinforcement learning
such as RENAS [26], gradient based optimization like DARTS
[27], and evolutionary search algorithms e.g. NPENAS [28].
However, the search process of NAS can be computationally
intensive, requiring up to thousands of GPU hours and since
NAS generated architectures are not universally optimal across
all the datasets, a new architecture search is required for each
task, undermining the scalability [19]. This limitation makes
NAS extremely costly for such scenarios.

B. Model Compression Techniques

Sparsification, pruning, and quantization are widely used
techniques for compressing large neural networks [11], [12].
Sparsification encourages the model to use as few parameters
as possible by pushing their magnitudes toward zero during
training. Subsequently, pruning is applied to remove these
zeroed-out weights or neurons. Quantization on the other hand
reduces the numerical precision of model parameters to de-
crease its memory footprint [12]. Although these compression
methods reduce the number of parameters or their numerical
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Fig. 3: Training and depth search process of Optimally Deep Networks (ODNs): (a) The selected network is first warmed up
by training for a few epochs with a small learning rate for all the depth levels. (b) Progressive depth expansion is applied
during training, starting with a shallow depth and incrementally adding deeper blocks once the shallower ones have fully

converged. (c) The network searched with the optimal depth is then fine-tuned to maximize its performance.

precision, they do not provide substantial reduction in memory
footprint, particularly in the case of unstructured sparsification.
Moreover, pruning and quantization are typically applied post
training, meaning the model is first trained at full depth before
compression, still leading to larger memory footprints because
the model’s structure remains unchanged.

C. Once-for-All Training Frameworks

Once-for-All (OFA) training frameworks aim to train a
large overparametrized super-net only once, that can provide
multiple optimized sub-networks of varying sizes later, facil-
itating flexible deployment across diverse hardware platforms
[22], [29], [30]. Following this approach, SNNs [31], [32]
train a super-net for different widths, enabling accuracy and
efficiency trade-off. Although OFA training provides flexibility
and avoids retraining for each device, it introduces significant
training complexity and does not perform well across different
datasets. Moreover, the super-net parameters are shared among
all the sub-nets that leads to challenges in optimization, high
training costs, and reduced specialization of the sub-nets
compared to individually trained models [22], [31].

While all these methods have advanced the domain of effi-
cient deep learning, each one suffers from its limitations which
highlight the need for an alternative and simple paradigm
that directly adapts model size to the complexity of the task
at hand. Optimally Deep Networks (ODNSs) tackle this gap
by progressively expanding model depth in a data-driven
manner, cutting down the unnecessary memory footprint while
maintaining competitive accuracy.

III. OPTIMALLY DEEP NETWORKS (ODNS)

We propose Optimally Deep Networks (ODNSs), which
adapt model-depth to the complexity of the dataset via “pro-
gressive depth expansion”. Instead of training the model with
full-depth, we first divide its depth in partitions and assign
an output layer for each depth. Next, we warm up the
model by training it for few epochs at all the depth levels,
with a small learning rate. This stabilizes the optimization
process for all depth partitions of the model. The warmed-
up model parameters are saved for assisting in the search of
optimal depth later. Afterwards, the user specifies a “target

accuracy” according to the desired performance requirements.
The progressive depth expansion based training starts by first
activating a shallow portion of the network that only contains
its initial block(s). Once this shallow portion is converged,
additional blocks are appended, and training is restarted using
the warmed-up parameters (till this new depth of the network)
that were saved after the warm-up. This process continues until
the model achieves the target accuracy or maximum depth is
reached. If the target accuracy is obtained with a depth smaller
than the model’s original depth, the current depth is returned
as the “‘optimal depth” for which the ODN is extracted and
fine-tuned. This dynamic depth search approach ensures that
depth capacity of the network is allocated for the dataset
as needed, preventing over-parameterization and reducing the
model’s memory footprint without compromising accuracy.

Algorithm 1 outlines the procedure of training Optimally
Deep Networks and the workflow to obtain ODNs is shown
in Figure 2. In the following subsections, we describe the key
phases involved in obtaining an Optimally Deep Network.

A. Depth Partitioning & Multiple Output Layers Setup

To train a model at different depths, its depth is partitioned
into different levels. When a depth is activated, the data passes
only through the activated depth to provide the output. We
divide the depth of ResNet-18, ResNet-34, and ResNet-50 into
8, 16, and 16 blocks, respectively. The partitions are based
on number of residual blocks. An activated depth level of 4
means that only the first 4 blocks of the model are active. Each
block in ResNet-18 and ResNet-34 contains two convolutional
layers each followed by a BatchNorm layer, whereas, ResNet-
50 blocks contain three convolutional layers (each followed
by a BatchNorm layer). A separate output layer is employed
in the network architecture for each depth level (to facilitate
data flow), meaning for 16 depth levels there will be 16 output
layers, one layer for each depth. Formally, let a neural network
N be parameterized by depth D as in Eq. (1).

De{1,2,3,..., Dmax} (1

where D,,,., denotes the maximum depth (total number of
blocks) in the network.



TABLE I: Comparison of Model Depth, Parameter Count, Memory Footprint (Float32 Precision), FLOPs, and Performance
of Standard Networks with Full Depths versus Corresponding Optimally Deep Networks (ODNs). Reduced Parameter Counts
Show Significant Reduction in Memory Footprints whereas Reduced FLOPs Indicate Improvements in Inference Speed.

DATASET Architecture Depth Parameters | Size on Disk | % Size Reduction T FLOPs | Accuracy 1
Q _ q
MNIST ResNet-18 8/8 11.17 M 4478 MB 98.64 % 45821 M 99.61 %
ResNet-18 5 /g 2/8 0.15M 0.61 MB 117.36 M 99.31 %
EMNIST ResNet-18 8/8 11.17 M 4478 MB 96.54 % 45821 M 95.17 %
ResNet-18 3/8 3/8 038 M 1.55 MB 162.37 M 95.04 %
SVHN ResNet-34 16/16 2128 M 85.29 MB 96.44 % 93991 M 96.51 %
ResNet-34 5 /16 5/16 0.75 M 3.04 MB 365.63 M 96.08 %
Fashion-MNIST ResNet-34 16/16 2128 M 85.29 MB 95.04 % 93991 M 94.52 %
ResNet-34 ¢ /16 6/16 1.04 M 4.23 MB 337.08 M 93.54 %
CIFAR-10 ResNet-50 16/16 23.52 M 94.43 MB 73.06 % 1315.02 M 95.01 %
ResNet-50 11 /16 11/16 631 M 25.44 MB 906.19 M 94.12 %

B. Warm-Up with Full Depth

After depth partitioning and assignment of separate output
layers for each depth, the model is warmed up at all the depths
for a few epochs with a small learning rate, see Figure 3(a).
This gives all depth levels good initialization points, stabilizing
the progressive depth expansion based training, preventing the
parameters of newly activated deeper blocks from random
initialization that leads to jumps in the loss curve, gradient
instability, and slower convergence as shown in Figure 4.

C. Training with Progressive Depth Expansion

Progressive depth expansion based training starts from the
shallow portion of the network that comprises initial block(s)
up to a depth level. Once the shallow block(s) have converged,
next block is appended to increase the model depth and train-
ing is resumed. At each depth increment, training is started
from the warmed-up state of the model instead of starting
from scratch. This progressive depth expansion continues until
either the target accuracy is achieved or the model reaches its
maximum depth. If the target accuracy is achieved using a
depth smaller than the full model depth, the current depth is
declared as the optimal depth, and the ODN is extracted with
the corresponding output layer for fine-tuning as shown in
Figure 3(b). The training objective with model depth “D” is
to minimize a standard supervised learning loss function:

1 N

where L is cross entropy loss, ©p represents the parameters
of the network A activated till depth D, N is the number of
training samples in a mini-batch, z; represents input data and
y; denotes corresponding ground-truth labels. Traditionally, a
model is always trained using depth D = D, ., regardless
of the dataset’s complexity. The goal of ODNs is to optimally
adapt the depth D,y < Dipep of the model for the task at
hand, bridging the gap between performance and efficiency.

Stopping Criterion: Each depth is trained until conver-
gence and the convergence is determined using a stopping

criterion. During training or fine-tuning, the learning rate is
reduced by 60 % after every 5 consecutive epochs with “no-
improvement” on the validation set. Whenever a new best val-
idation accuracy is achieved, the counter is reset to zero. The
model is considered converged when the “no-improvement”
epochs reach the value of 23, as shown in Algorithm 1.

D. Fine-tuning the Optimally Deep Network

Once the Optimally Deep Network is obtained, it is fine-
tuned till convergence to maximize its performance as shown
in Figure 3(c). The fine-tuning stage is the final step in training
Optimally Deep Networks (ODNS5) to ensure the selected opti-
mal depth achieves its best possible performance. Fine-tuning
allows the model parameters with optimal depth to adjust more
precisely to the target dataset, further improving accuracy
(without altering the depth). The ODN can be extracted from
the backbone at the end (by copying weights) for deployment.

IV. EXPERIMENTS & RESULTS

We evaluate Optimally Deep Networks (ODN5s) across five
benchmark datasets of varying complexity: MNIST, EMNIST,
SVHN, Fashion-MNIST, and CIFAR-10. All the datasets have
10 classes except EMNIST, which has 26 classes (for “let-
ters”). To demonstrate the simplicity and applicability of our
approach, we use three widely used architectures: ResNet-18,
ResNet-34, and ResNet-50. We train the models using SGD
optimizer with momentum 0.9, weight decay 5e-4, batch size
128, and initial learning rate of 0.1.

Table I presents the performance of ODNs as compared to
networks with full depths. It can be observed that the optimally
deep ResNet-18 trained on MNIST and EMNIST achieves a
comparable accuracy of 99.31 % and 95.04 % while reducing
the model size (memory footprint) by 98.64 % and 96.54
%, respectively. Only 2 out of the 8 blocks of ResNet-18
are sufficient to match the complexity of the MNIST dataset
whereas only 3 blocks are sufficient for EMNIST. Similarly,
the optimally deep ResNet-34 achieves accuracies of 96.08
% and 93.54 %, with model size reductions of 96.44 % and
95.04 % on SVHN and Fashion-MNIST, respectively. For the



CIFAR-10 dataset, the optimally deep ResNet-50 with a depth
of 11 blocks instead of 16, provides the accuracy of 94.12
% with a reduction of 73.06 % in model size. Compared to
full-depth models, the accuracies of ODNs can be achieved
within 1% tolerance, while the memory footprint reductions
are substantial, exceeding 95 % for low-complexity datasets:
MNIST, EMNIST, SVHN, and Fashion-MNIST.

Table I also shows that the substantial reduction in param-
eter count and model size of ODNs leads to a decrease in
FLOPs. Lower FLOPs result in faster inference times and
reduced latency in edge devices. For MNIST and EMNIST,
the memory footprint is reduced from 44.78 MB to 0.61 MB

Algorithm 1 : Training Optimally Deep Networks (ODNs)

Require: training dataset S, neural network A, depth levels
D =1{1,2,3,...,Dmax}, warm-up epochs E,,, stopping
epochs Fg;,p, warm-up learning rate «,,, learning rate o,
initial depth D;, final depth Dy, target accuracy Ayq,

Ensure: trained network Ng with optimal depth D,

1: Activate N with depth Dy, .y

Initialize network parameters ©

Initialize optimizer with © and «,

fore=1to F, do
Clear gradients: optimizer.zero_grad()

Sample batch (z,y) from S
Compute loss: L(y, N (x))
Backpropagate: L.backward)()
Update parameters: optimizer.step()

R A A

._
4

Save: Save parameters of A as ©,,

. Activate N with depth D;

Set learning rate «

. Initialize Apest < 0, Acurrent < 0, Ecyrrent < 0,
Estop — 23’ Dcurrent — Di

14: while Acurrent S Atarget and Dcurrent S Df do

15: Ecurrent +=1

16: for each batch (z,y) in S do

e =
LS I N

17: Clear gradients: optimizer.zero_grad()
18: Sample batch (z,y) from S

19: Compute loss: L(y, N (z))

20: Backpropagate: L.backward)()

21: Update parameters: optimizer.step()
22: Evaluate N till Deyrrent t0 g€t Acurrent
23: if Acu’rrent > Abest then

24 Save: Save best model Mg

25: Abest = Acurrent

26: Ecurrent =0

27: if E.yrrent mod 5 = 0 then

28: a+— 06 xa

29: if Ecurrent = Estop then

30: Deyrrent +=1

31: Load: Load parameters of A from O,

32: Do;mf — Dcurrent
33: return No, Doy
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Fig. 4: The accuracy and loss curves of ResNet-34 for
Fashion-MNIST show that use of warm-up mitigates large
fluctuations and accelerates convergence during training.

and 1.55 MB, respectively. Similarly, for SVHN and Fashion-
MNIST, the memory footprint decreases from 85.29 MB to
3.04 MB and 4.23 MB, respectively. In the case of CIFAR-10,
the memory footprint is reduced by 73.06 %, from 94.43 MB
to 25.44 MB, reflecting the higher complexity of this dataset.

ODNs eliminate the need for an expensive and complex
search space as compared to complex NAS methods. Un-
like sparsification and pruning, ODNs achieve a substantial



reduction in the memory footprints of the models. In contrast
to Once-for-All (OFA) training, ODNs are simpler, requiring
only a single progressively expanding model without the
complexity of maintaining a super-net [22]. Another advantage
of ODNs is that in order to find the optimal depth, the
model is trained till convergence using shallower depths during
progressive depth expansion stage. These fully converged
intermediate models can be saved as by-products at each depth
and later used for deployment on devices (like OFA) when
stricter accuracy-efficiency trade-offs are required.

CONCLUSION

We propose Optimally Deep Networks (ODNs), models
which adapt their depth according to the complexity of the
task at hand. Typically, powerful architectures are trained
at full depths but we show that not all datasets require
high model capacity. ODNs are trained using progressive
depth expansion: training begins with shallow depths and the
network is incrementally deepened only as needed, until the
desired performance is achieved. This enables the extraction
of Optimally Deep Networks that significantly reduce memory
footprint, computational overhead, and inference cost, while
maintaining competitive accuracy. Empirical evaluations on
MNIST, EMNIST, SVHN, Fashion-MNIST, and CIFAR-10
using ResNet-18, ResNet-34, and ResNet-50 show that ODNs
can achieve up to 98.64 % reduction in model size while
maintaining good performance. ODNs present a practical
framework for searching optimally deep networks that balance
resource efficiency with accuracy, paving the way for scalable
and deployable neural networks in real-world applications.
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