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ABSTRACT
Deep neural networks are getting larger and, therefore, harder to
deploy on constrained IoT devices. Split computing provides a so-
lution by splitting a network and placing the first few layers on the
IoT device. The output of these layers is transmitted to the cloud
where inference continues. Earlier works indicate a degree of high
sparsity in intermediate activation outputs, this paper analyzes and
exploits activation sparsity to reduce the network communication
overhead when transmitting intermediate data to the cloud. Specif-
ically, we analyze the intermediate activations of two early layers
in ResNet-50 on CIFAR-10 and ImageNet, focusing on sparsity to
guide the process of choosing a splitting point. We employ dynamic
pruning of activations and feature maps and find that sparsity is
very dependent on the size of a layer, and weights do not correlate
with activation sparsity in convolutional layers. Additionally, we
show that sparse intermediate outputs can be compressed by a
factor of 3.3× at an accuracy loss of 1.1% without any fine-tuning.
When adding fine-tuning, the compression factor increases up to
14× at a total accuracy loss of 1%.

CCS CONCEPTS
• Computing methodologies → Machine learning; • Com-
puter systems organization → Embedded and cyber-physical
systems; •Human-centered computing→ Ubiquitous and mobile
computing.
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1 INTRODUCTION
Split computing executes the first layers of inference on a con-
strained IoT or edge device and then sends intermediate results,
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Figure 1: ResNet-50 architecture showing data sizes between
the first few layers. While the input image amounts to 147
KB, data size between layers increases up to 3.136 MB after
the first Residual Bottleneck. Afterward, halving with every
first Residual Bottleneck of 3 remaining ResNet layers.

i.e., activations, to the cloud to complete the remaining layers on a
more powerful device [6]. Sending the intermediate output instead
of the initial input increases privacy [11] and can reduce network
communication [21]. However, if done naively, it results in a signifi-
cant communication overhead in terms of energy consumption and
transmission time: In most convolutional architectures, intermedi-
ate data increases with each layer, see Figure 1. With each layer,
the number of feature maps increases, which in turn increases the
amount of data sent to the cloud when splitting networks. Often,
this intermediate output is significantly larger than the original
input. Commonly, the amount of intermediate data only reduces in
the final layers.

While activations change for each input, literature suggests that
many activations in intermediate layers are close to zero [1, 8, 13].
Thus, selecting a layer with a significant degree of activation spar-
sity as a splitting point and removing values close to zero reduces
the communication overhead. This paper analyzes the sparsity of
activations and feature maps in different layers to guide the search
for optimal splitting points in networks. Due to space limitations,
we focus on two selected layers in ResNet-50 [4], the first max-
pooling layer and the first Residual Bottleneck. On the one hand,
we choose these two representative layers as they have significant
differences in size. On the other hand, they are early layers, and in
split computing, we commonly want to hand off the computation
within the first layers.

Our results guide the identification of optimal splitting points in
terms of sparsity. We introduce dynamic pruning of activations and
entire feature maps, see Section 3 for details, and reveal that they
reduce the amount of data transmitted with minimal impact on the
model accuracy. Further, we show that fine-tuning, i.e., re-training
for a couple of epochs after adding the split point, significantly
limits the impact of dropping near-zero activations at the splitting
point. We show that by exploiting activation sparsity, we reduce
the amount of transmitted data by up to 3.3×with an accuracy drop
of 1.1% without fine-tuning and up to 14× with an accuracy drop of
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Figure 2: Histogram of every activation value in a convolu-
tional layer generated from CIFAR-10 test set using ResNet-
50. The first bin contains a large spike, containing 46.19%
near zero values.

1% with fine-tuning. We also evaluate dropping entire feature maps
in a convolutional network for comparison. Dynamic feature map
pruning provides compression by a factor of 3.3× with an accuracy
loss of 1.5% with fine-tuning.

This paper makes the following contributions:
• We analyze the sparsity of activations and guide the identifi-
cation of optimal splitting points in terms of sparsity.

• We use dynamic activation pruning with and without fine-
tuning to compress intermediate data by a factor of up to
14× at an accuracy loss of 1%.

• We conduct an analysis of feature maps and show that there
is no strong correlation to the corresponding weights.

• We use dynamic feature map pruning with and without fine-
tuning to compress intermediate data by a factor of up to
3.3× at an accuracy loss of 1.5%.

2 BACKGROUND AND RELATEDWORK
This section briefly introduces weight sparsity, activation sparsity,
and split computing and also discusses related work.

Weight Sparsity. Sparsity describes the proportion of the val-
ues equal to or close to zero in the output for a given input. Pre-
vious work shows that fully connected layers have high sparsity
in weights, resulting in a great pruning potential [5, 22, 23]. As
each connection has an associated weight, memory usage can be
decreased by a significant amount. Using specialized regulariza-
tion techniques can induce even more sparsity in neural networks
[8, 24]. In convolutional layers, kernels provide a tool to share
weights among multiple inputs and outputs. This presents some
challenges in using sparsity effectively. Many approaches use kernel
sparsity to reduce the number of weights in a kernel [2, 9, 16, 18].

Activation Sparsity. In contrast, others use sparsity on in-
termediate outputs, also called activation sparsity [12, 13, 20]. In
activation sparsity, intermediate outputs are represented as sparse
matrices to reduce memory usage and multiply-and-accumulate
operations, thereby providing speed-up.

Figure 2 shows a histogram of activation values for a ResNet
architecture trained with CIFAR-10 [7]. 46.19% of all activation
values are between 0 and 0.05. While the works mentioned earlier
apply sparsity to each activation value, Yang et al. [19] apply the
concept of pruning using sparsity to feature maps as a whole. Using
the maximum of a feature map as a characteristic value, they create
a ranking of importance for all feature maps. Feature maps with

Figure 3: Visualized feature maps from an early intermediate
layer. Some feature maps are completely black, indicating
that we can completely remove them from any further com-
putation. Others contain large black areas with only small
white details, where we can use a sparse representation to
compress feature maps.

low importance, i.e., low values, are removed. However, they apply
their technique to entire networks while we focus on identifying
single layers with a high fraction of sparse feature maps.

Split Computing. For this technique, a constrained node, e.g.,
a sensor node, works together with a powerful edge device or the
cloud. The sensor gets some sensor inputs and conducts parts of
the inference, i.e., a few of the first layers, as it cannot deploy the
whole network. It then sends the intermediate result, instead of the
input, to the edge or cloud device, as intermediate results preserve
some privacy [11] and can reduce network communication.

Figure 3 shows the intermediate feature maps of an early layer
in a network. Near-black images indicate the amount of data with
no impact on further computation, creating opportunities to re-
duce the amount of necessary data. Some works use bottleneck
layers to reduce the amount of data to be sent [3, 10, 11]. For ex-
ample, Yao et al. [21] used an asymmetric autoencoder to reduce
the amount of computation necessary on the sensor node with a
large decoder structure on the edge to reconstruct. However, they
need an additional training phase, requiring some time and finding
the correct architecture. While autoencoders are a powerful tool
for compression, we argue that these works omit a critical step:
evaluating activation sparsity in today’s network architectures as
an enabler for their compression. In this work, we close this gap.

3 DESIGN
This section details our design and presents how we use dynamic
activation pruning and dynamic feature map pruning in split com-
puting scenarios. In addition, we introduce fine-tuning to improve
performance.

3.1 Dynamic Activation Pruning
Many pruning techniques rely on sparsity. However, they usually
rely on weight sparsity instead of activation sparsity, as weights are
static and do not change during inference, so we can permanently
remove connections. While this reduces model size and memory
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usage while speeding up inference, it does not help as much when
we want to split a network and reduce network usage. This is
because pruning permanently removes connections. It cannot adapt
to changing inputs and instead applies the same calculation for each
image.

Therefore, we employ dynamic activation pruning based on
sparsity which depends on the particular input, to reduce network
communication and memory usage. Instead of keeping all the out-
put after a convolutional layer, we identify values close to zero and
remove them. To keep track of where the values were, we use a
simple bitmap where a bit indicates for each position whether it
is a removed value or not. On the server side, we can reconstruct
the positions of all transmitted values using the bitmap and set the
remaining values to zero. Because activations rely only on weights
and input, and weights are constant during inference, inputs di-
rectly influence activations. This means that dynamic activation
pruning is dynamic and tailored to the input, contrary to weight
pruning. Although activation sparsity does not help much when
pruning, as accelerators are not designed for dynamic missing val-
ues in a feature map, it does help to reduce network communication,
which is our goal here.

3.2 Dynamic Feature Map Pruning
Figure 3 shows feature maps for one input image in one of the
first layers of ResNet-50. The values are colored according to a
grey scale, where black represents the value zero. We can see a
notable amount of entirely black feature maps and, in general, a
significant amount of black areas in most feature maps, which have
no impact on the network’s inference. In dense layers, for example,
one can decide whether to prune for each connection. In contrast,
with convolutional layers, one can remove either single values from
the kernels or whole kernels. The former requires sparse matrix
calculations to gain anything for pruning. Although the result is
sparse and helps to reduce network communication, it suffers the
same issues as pruning individual connections in a dense layer
since it only considers weights and not activations. For removing
kernels, it is a similar story. We can remove kernels and, thereby,
feature maps. However, this uses only weights and is, therefore,
static.

Instead, this paper uses a metric to estimate the importance of
feature maps and then decide which feature maps to keep based on
that criteria. We focus on a feature map’s mean and maximum as
metrics. The idea is that the maximum of a feature map determines
themaximum impact of the featuremap on the next layer. Therefore,
a small maximum means a negligible impact on the next layer, as
all activations within the map are small. On the other hand, a big
maximum value indicates at least some value with a high impact
on the next layer. Then, the process is similar to dynamic activation
pruning. We first calculate the metric’s values for each feature
map and then use a threshold to remove feature maps with a value
below the threshold. On the server side, wemerely need to know the
positions of the dropped feature map, which we encode as a bitmap.
As a result, we now remove irrelevant channels in each intermediate
data output and thereby reduce network communication.

Conv Conv
+ ...Input Conv Max-Pooling

Conv Conv
Residual Bottleneck

+

Conv

Residual Bottleneck

Figure 4: First few layers of ResNet-50with potential splitting
points. While the first three cuts and those before or after
a Residual Bottleneck are good options, it is possible to cut
through a block. This, however, means we have to keep track
of two sets of feature maps, which cannot help us reduce the
total size.

3.3 Challenges
Splitting Points. One challenge with finding a splitting point
within a network is that many modern networks use parallel layers.
For instance, ResNet-50 introduced skip connections. Inception [15]
uses five types of convolutions in parallel and then combines them.
And with attention mechanisms [? ] and transformers [17] even
more parallelity is introduced to networks. However, parallel com-
putations pose a problem splitting a network as they significantly
increase the amount of data. Therefore, when deciding where to
split a network, we need to consider this and split at points where
these parallel branches are combined. Figure 4 shows the first few
layers of ResNet-50 and potential splitting points. The cuts inside
Residual Bottlenecks are the major issue here as they have paral-
lel computations, thus creating additional data we would have to
transmit. Therefore, we only cut between Residual Bottlenecks, i.e.,
where the parallel layers have been combined. While other popular
networks introduce even more parallel branches, they still combine
these branches every few layers resulting in enough choices for a
splitting point instead of trying to split through parallel branches.

Fine-Tuning. Another challenge is that, as we show in our eval-
uation (see Section 4), removing values close to but not exactly zero
impacts the network’s accuracy. Networks often over-provision
and have more parameters than necessary for the problem. In those
cases, we can remove activations without any impact on the ac-
curacy up to a certain threshold. Thus, the more aggressively we
remove, the more the accuracy gets negatively affected. Other net-
works are tailored very well to a problem, i.e., just enough parame-
ters to solve it. In this case, the performance directly suffers when
we remove parameters. To enable our approach of activation prun-
ing even when a network is tuned for a problem, we introduce a
fine-tuning phase, during which the splitting technique is employed
so that the network can adapt and performance can be restored.

4 EVALUATING DYNAMIC PRUNING
First, this section analyzes activation sparsity followed by dynamic
activation pruning, then it analyzes feature maps followed by dy-
namic feature map pruning.

4.1 Experiment Setup
For the analysis, we focus on ResNet-50 and inspect the interme-
diate outputs for the dataset ImageNet [14]. We use pre-trained
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(a) Pixel activations after first
max-pooling layer
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(b) Pixel activations after first
Residual Bottleneck

Figure 5: Histogram of every activation value after the first
max-pooling layer and after the first Residual Bottleneck in
ResNet-50 generated from ImageNet validation set. In both
cases, the leftmost bin containing values close to zero is the
largest. However, this bin contains only 12% of all activations
in the max-pooling layer.

networks for the initial analysis and then compare them to net-
works after fine-tuning. We use the validation set of 50,000 images
to gather data and the whole training set for fine-tuning.

We use PyTorch, and first, we evaluate and analyze the model
on the given datasets for sparsity. Then we prune according to
activation sparsity in ResNet and apply fine-tuning. We extended
the ResNet implementation to be able to set specific activations to
zero or sort feature maps using a given metric and then set a given
fraction of feature maps to zero. Our implementation acts similarly
to a dropout layer: we remove a fraction of feature maps according
to their sparsity and, during fine-tuning, allow the model to learn
to cope with the loss of feature maps.

4.2 Dynamic Activation Pruning
This section discusses our evaluation results on analyzing activation
sparsity and the impact of removing individual activation values
on a network’s accuracy.

4.2.1 Activation Sparsity. Figure 5 shows the activation values at
two selected cut-off points in ResNet-50 for the ImageNet validation
set, namely after the first max-pooling and after the first residual
layer, respectively. The chosen bin size for values is 0.05, i.e., the
first bar shows the number of values between 0 and 0.05. One main
difference between the two cut-off points is the number of pixel
activations as the shape of the data after the first max-pooling layer
is (64, 56, 56), totaling 784 KB, whereas one Residual Bottleneck later,
the shape is (256, 56, 56), which totals 3.136 MB. The second major
difference is the relative distribution of activation values. Figure 5a
shows a high number of activations near zero after the max-pooling
layer. However, compared to the total number of activations, only
12% of all activations are near zero. Figure 5b shows that after the
first Residual Bottleneck 48% of all activation values are near zero.
This means there is a large relative gain in sparsity when computing
a few more layers. However, we must remember that the number of
values also increases by 4x. So even though there is more relative
sparsity after the max-pool layer, the absolute amount of non-zero
values after the first Residual Bottleneck is still more than all values

0 500 1000 1500 2000 2500
Size [KB]

0

25

50

75

Ac
cu

ra
cy

 [%
]

maxpool w/o training
maxpool w/ training
bottle1 w/o training
bottle1 w/ training

Figure 6: Effect of dynamic activation pruning on compressed
size and corresponding accuracy with and without fine-
tuning.When compression reaches a size of 750 KB or less, ac-
curacy drops significantly without fine-tuning. Fine-tuning
manages to prevent that accuracy drop until trying to com-
press to less than 300 KB.

combined after the max-pooling layer. Therefore, when we consider,
for example, 0.05 as the threshold for non-zero values, we would
choose the max-pooling layer as a splitting point, as much fewer
non-zero values remain.

Next, we consider increasing the threshold that determines what
is considered a near-zero value. If we increase it from 0.05 to 0.1 and
0.15, the relative amount of near-zero values increases to 14.8% and
19.2%, respectively, after the max-pooling layer. After the Residual
Bottleneck, we see an increase to 56% and 64.5%, respectively. Over-
all, there are more values close to zero after the Residual Bottleneck.
However, for compression, the max-pooling layer poses a better
splitting point, as the amount of non-zero values is smaller.

4.2.2 Dynamic Activation Pruning. Figure 6 shows the differences
in accuracy for the max-pooling layer, called maxpool, and the
first Residual Bottleneck, called bottle1, when we employ dynamic
activation pruning. With 90% data removed from the bottle1 inter-
mediate outputs and without fine-tuning, there is still 313 KB of
data left to transmit, which – in combination with the experienced
accuracy drop – is not a suitable option. With the removal of 60%
or 70%, we only lose up to around 1% in accuracy compared to the
baseline accuracy of 76.1%, leaving us with 1,254 KB and 940 KB,
respectively. The max-pooling layer achieves 75.7% accuracy with
705 KB of data left, which drops to 71% with 627 KB of data and
then to 24.5% with 548 KB.

Next, we apply fine-tuning to evaluate how an additional training
phase after adding dynamic activation pruning to the network
can recover losses. We use a pre-trained ResNet-50 and, during
training, apply dynamic activation pruning for different thresholds,
determining what values get set to zero. As a result, the accuracy
increases for each threshold in both layers, see Figure 6. For smaller
thresholds, the accuracy increases only slightly, but starting at
a compressed size of 548 KB, the difference in accuracy is more
than 15%. And – most importantly – while trying to compress
below 500 KBwithout any additional training destroys the inference
accuracy completely. However, training manages to recover most
of it, achieving at least 70% accuracy until a compressed size of 78
KB.

Overall, our results show that the chosen layer can make a huge
difference in the possible compression using sparsity in a splitting
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(a) Filter weights of the layer directly after the shown feature maps.
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(b) Filter weights of the layer directly before the shown feature maps.

Figure 7: Each red, blue, and green bar are corresponding
filter and feature map. We compare the feature map metrics
with incoming and outgoing weights and find no strong cor-
relation between feature map metrics and weights.

scenario without training. In scenarios where we use an additional
training phase, however, accuracies for both layers are very compa-
rable at similar compression sizes. Despite their huge size difference,
this suggests a large degree of unnecessary information in bigger
layers.

4.3 Dynamic Feature Map Pruning
Next, we evaluate the impact of removing whole feature maps
instead of single values. We set feature maps to zero, i.e., all values
within a feature map, based on their magnitude, determined by
their maximum value, as introduced in Section 3.

4.3.1 Feature Map Analysis. Figure 7 shows for the maxpool layer
each feature map maximum and mean with the mean of the cor-
responding absolute weights, sorted by the weights means. Figure
7a shows the incoming weights with the respective feature map
they create, while Figure 7b shows the outgoing weights of the
next layer. Since each kernel of the following layer has a channel
for each feature map, we average over the weights of the respec-
tive channel of all kernels. For both cases, we can see that rising
weights do not mean that activations are increasing, i.e., there is no
direct correlation. Looking at the weights of the previous layer in
Figure 7a, we first notice many near-zero kernels. Despite this, the
means and maxima of the feature maps of these kernels are greater
than some means and maxima of feature maps with higher average
kernel weights. Similarly, when looking at the weights of the next
layer in Figure 7b, we can see the occurrence of higher feature
map means and maxima increasing with greater kernel weights.
However, some feature maps with high mean and maximum with
low corresponding kernel weights still exist. As the feature map
mean and maximum indicate the impact of the feature map on the
following layers, it is insufficient to only take kernel weights into
account when deciding what feature maps or kernels to keep. In
the case of looking at the incoming kernel weights, there is only a
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Figure 8: Average maximum values of feature maps for the
classes great white shark and kit fox compared to the average
of all classes. While kit fox’s average maxima are similar to
the average of all classes, the maxima of great white shark
show a noticeable difference between classes.
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Figure 9: Effect of dynamic feature map pruning on com-
pressed size and corresponding accuracy with and without
fine-tuning. When removing more than 20% of feature maps,
accuracy drops significantly without fine-tuning.

very low correlation. In the case of looking at the outgoing weights,
where there is a correlation, we would still miss some higher acti-
vation feature maps when only relying on kernel weights. Overall,
weights are not a good option to determine which feature maps
have a low impact on classification for different inputs.

Figure 8 shows the average maximum over the full ImageNet
validation set for each feature map compared to the average max-
imum over the validation images of two classes. Specifically, we
show the average maxima for two selected classes of ImageNet,
kit fox and great white shark. We can see that most of the kit fox’s
feature map maxima are very similar to the average maxima of all
classes. However, the maxima of the great white shark’s feature
maps differ significantly from the all classes average. This indicates
that activations are very dependent on their class. Whereas most
images contained within ImageNet are pictures on land, only a
fraction of the images are underwater images. However, in the case
of the class great white shark, there are underwater images mixed
with images taken above water. Overall, feature maps differ greatly
across different classes, warranting a solution based on activations.

4.3.2 Dynamic Feature Map Pruning. Figure 9 shows the change
in accuracy when we set feature maps to zero without fine-tuning
in the same two layers, maxpool and bottle1 as before. Compared
to Figure 6, the accuracy drops considerably more in both layers
without training. For any given amount of removed values or feature
maps, the accuracy is lower when we remove feature maps. This
is because a feature map can contain sparsity while having a high
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maximum value. We cannot retain these specific non-sparse values
when removing entire feature maps.

While accuracy drops significantly in the max-pooling layer at
548 KB when removing individual activations, removing feature
maps leads to a similar drop in accuracy between 548 KB and 627 KB.
However, the difference is much more significant in the bottle1 layer.
Dynamic activation pruning can retain more than 75% of accuracy
with only 940 KB of data, but dynamic feature map removal requires
2.2 MB to achieve the same accuracy. Overall, with half the data, i.e.,
1.6 MB, dynamic feature map pruning can only achieve an accuracy
of 57.7%. We get a comparable accuracy with 1.6 MB of feature
maps using only 313 KB of individual activations.

Next, we evaluate the benefits of fine-tuning to retain accuracy
in dynamic feature map pruning, see Figure 9. Dynamic feature
map pruning with fine-tuning achieves better accuracies in the max-
pooling layer than dynamic activation pruning without fine-tuning.
However, dynamic activation pruningwith fine-tuning outperforms
dynamic feature map pruning in both layers at every compression
level, regardless of whether we fine-tune it. This is due to the
inability to retain individual value with high impact when removing
entire feature maps. Therefore, dynamic activation pruning without
fine-tuning can even outperform a network, trained for dynamic
feature map pruning, as is the case in layer bottle1.

Overall, dynamic feature map pruning is an easy way to prune
feature maps in layers where pruning individual values requires
sparse matrix computation. Still, it can only remove up to around
20% in a layer without fine-tuning and without taking a significant
hit to the accuracy. With fine-tuning, dynamic feature map pruning
manages to compress intermediate data by a factor of up to 2.5×
depending on the layer’s size, while at most losing 0.9% accuracy.

5 CONCLUSION
In this paper, we analyze the sparsity of activations in a state-of-the-
art network and exploit this sparsity with dynamic activation prun-
ing and dynamic feature map pruning for efficient split computing.
We show that activations contain up to 48% near-zero values. For
feature maps, we show that there is almost no correlation between
weights and activations, indicating a huge potential for compres-
sion compared to weight-based methods. However, we find that
compression using dynamic feature map pruning only reduces in-
termediate data by up to 20% until losing a high degree of accuracy
regardless of the layer’s size. On the other hand, using dynamic ac-
tivation pruning, we can reduce intermediate data by a factor of up
to 3.3× in large layers with a drop of 1.1% in accuracy. Fine-tuning
helps with accuracy after compression, allowing accuracy in case
of dynamic feature map pruning to degrade gracefully and in case
of dynamic activation pruning to improve compression by a factor
of 2.5× with a loss of 1.1% accuracy in the smaller layer and up to
14× in the bigger layer with an accuracy loss of 1%. We argue that
our results apply to many of today’s established architectures, as
they were inspired by ResNet’s architecture. Nonetheless, we leave
a detailed evaluation as future work.
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