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Abstract—Deep learning has recently emerged as a powerful
technique for many tasks including image classification. A key
bottleneck of deep learning is that the training phase takes a lot
of time, since state-of-the-art deep neural networks have millions
of parameters and hundreds of hidden layers. The early layers
of these deep neural networks have the fewest parameters but
take up the most computation. In this work, we reduce training
time by progressively freezing hidden layers, pre-computing
their output and excluding them from training in both forward
and backward paths in subsequent iterations. We compare this
technique to the most closely related approach for speeding up
the training process of neural network. Through experiments on
two widely used datasets for image classification, we empirically
demonstrate that our approach can yield savings of up to 25%
wall-clock time during training with small loss in accuracy.

Index Terms—Deep Learning, Artificial Neural Network, Con-
vergence, Precomputation

I. INTRODUCTION AND MOTIVATION

Deep Learning is credited with improving many state of the
art problems that Artificial Intelligence and Machine Learning
community has been facing over the years. A practical instance
is Face Verification by Facebook which uses DeepFace [1] to
automatically tag people in uploaded photos.

Many state-of-the-art deep neural networks have millions
of parameters and hundreds or perhaps thousands of hidden
layers. Deep Learning models typically tend to work well
with large dataset. However, even with a clean dataset and
a suitable model to train the dataset on, getting a trained
model that generalizes the underlying behavior well is a time
consuming and resource intensive process. Generally large
scale training of deep learning models are carried out in a
distributed environment with multiple GPUs [2], [3].

One way to reduce training time is to fine tune the hyper
parameters of the model. One such hyper parameter is the
learning rate of the hidden layers. General practices in fine
tuning the learning rate sets a higher learning rate initially
and reduces it based on some functional policy such as cubic
decay, exponential decay, etc.

To optimize training time, Brock et al. [4] proposed the
FreezeOut technique. In this technique, each layer Li starts
with a single fixed learning rate, which anneals to zero at
ti, where ti is linearly spaced between a user-selected t0 and
the total number of iterations. Once the layer’s learning rate
anneals to zero, it is frozen by excluding it from backward

passes. The technique is motivated by an observation that
early layers of many deep neural networks have comparatively
fewer parameters, take most of the time while training, but
converge quickly, suggesting early layers need less time to
train in comparison to later layers. For example, in image
classification, early layers of a deep neural network try to learn
simple features such as edges or contours while later layers
learn complex features of the entire image (e.g., face, car).

Brock et al. proposed to progressively freeze layers by
excluding from backward passes. He reported 3% loss in ac-
curacy, saving up to 20% training time in image classification
using a state-of-the-art deep neural net model. Adding to his
work, we completely exclude frozen layer by pre-computing
the output and assess how much we can gain on training
time. Our experimental evaluation suggests improvement in
the training time of up to 25 % with small loss in accuracy
compared to the work by Brock et al.

II. BACKGROUND AND RELATED WORK

In general, training a neural net involves two steps: (1) The
forward pass propagates input in forward direction through
the network to compute a output label. Error is calculated
comparing the actual labels with the model’s predicted labels.
(2) The backward pass then propagates the error in a backward
direction, to compute weight gradients to update the weight
parameters, minimizing the model loss or error by means of
cross entropy. The process is carried out with multiple passes
of training data until the desired accuracy is achieved or for a
fixed number of iterations. The goal of training the model is
to search for weight parameters, keeping the error or loss as
low as possible.

Many approaches have been developed to speed up the
training of neural networks, which can be broadly divided
into two categories: (1) Algorithmic approaches exploit the
training algorithm to accelerate training, whereas (2) system
approaches focus on deploying enhanced resources such as
super computers to achieve parallel training.

Recent work by Priya Goyal et al. [3] adopted a hyper-
parameter-free linear scaling rule for adjusting learning rates
as a function of mini-batch size and developed a new warm-
up scheme that overcome optimization challenges early in
training. Their Caffe2-based system trained ResNet-50 [5]
on the ImageNet dataset in one hour using the distributed



setting. Many projects based on data parallelism have reduced
the training time of deep neural network[ [6]–[10]

III. OVERVIEW AND DESIGN

Figure-1 and Figure-2 give a general overview of training a
neural network with both FreezeOut and PreFast. FreezeOut’s
approach tweaks training by fine tuning the learning rate of
each layer based on user defined hyper parameter t0. Once
the learning rate of a layer anneals to zero, it excludes the
layer from the backward pass saving on computation, hence
reducing training time. Our PreFast approach further builds
on this technique by pre-computing all frozen layer’s output
and saving the output in memory such that the layer can be
entirely removed from training. This approach further reduces
computation and thus improves on the training time.
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Fig. 1. FreezeOut. When a layer is frozen, the frozen layer is excluded from
backward pass. Thus weights are not updated for the frozen layer.
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Fig. 2. PreFast. This technique computes output of the frozen layer and saves
it in memory. It then uses the computed output as an input to subsequent
hidden layers.

IV. EXPERIMENTAL SETUP AND EVALUATION

In our work, we used FreezeOut’s open source implemen-
tation1 with default hyper parameter settings and incorporated
our technique to empirically compare the results. Our open
source code can be found in Git hub2. The original Freezeout
work validates its claim using the CIFAR-10 and CIFAR-
100 datasets on the state-of-the-art DenseNet [11] model. We
compared our technique using both of the datasets along with
the MNIST dataset.

Output pre-computation of the frozen layers required large
memory size. Due to resource constraints, we took multiple
random samples of 2000 training images for the CIFAR
datasets and 4000 training images for MNIST to train the
DenseNet model and record the training time. We then tested
the DenseNet model trained on both techniques on the respec-
tive test dataset to compute validation errors. The empirical

1github.com/ajbrock/FreezeOut
2https://github.com/50417/PreFast

results suggest that for a user-defined parameter t0 of 0.6, we
could save additional 20-25% training time without losing on
accuracy in comparison to FreezeOut.

Although PreFast improves on the training time, there is
trade-off between accuracy and training time compared to the
base case where layers are not frozen. The acceptability of
such trade-off is entirely up to the user. Thus, this technique is
beneficial for the user who wants to prototype different designs
of neural network and quickly observe how they compare.

V. CONCLUSIONS

In this work, we presented the PreFast technique which
extends the work of the FreezeOut technique aiming to reduce
the training time of deep neural networks.
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