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Abstract
With deep neural networks (DNNs) being increasingly de-
ployed on low-resource devices, achieving efficiency without
sacrificing accuracy has become a critical challenge. Model
pruning, commonly performed during training, is a common
approach to reducing model size and computational cost,
even in environments where computational resources are
not limited. However, traditional pruning methods are inher-
ently static, often leading to accuracy losses that hinder their
applicability in dynamic, real-world settings. Although some
inference-time pruning techniques exist [23, 26], these meth-
ods are generally structured, introducing similar accuracy
compromises as conventional pruning methods. In this paper,
we propose a novel, unstructured pruning algorithm that
performs adaptive, input-specific pruning during inference:
Unstructured Inference-Time Pruner (UnIT Pruner). Unlike
traditional approaches,UnIT Pruner dynamically skips redun-
dant operations in real time based on the unique properties
of each input, allowing for efficient computation without sig-
nificant accuracy trade-offs. Our algorithm can complement
existing methods, enhancing the balance between energy
efficiency and accuracy and, in certain systems, even re-
ducing latency. Experimental results show that our method
reduces MAC operations by 70.38–87.39% with as low as
0.43% accuracy drop. Additionally, we achieve 74.4–94.7%
less inference time and consume 74.2–96.5% less energy on
microcontrollers when compared to other pruning methods.
Our proposed algorithm achieves state-of-the-art inference-
time pruning performance, demonstrating its effectiveness
in deploying DNNs in resource-constrained environments.
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1 Introduction
As artificial intelligence advances, deploying deep neural
networks (DNNs) on edge devices is transforming how data
is processed and interpreted directly at its source. Resource-
constrained microcontroller units (MCUs) are critical to this
shift, enabling real-time applications such as healthcare mon-
itoring [8], environmental sensing [12, 20], and industrial
automation [40] in settings where constant connectivity and
power are not guaranteed. However, the demand for energy-
efficient computation becomes even more pronounced with
the emergence of battery-free, energy-harvesting devices.

These ultra-low-power MCUs, which harvest energy from
sources like ambient light, vibrations, or radio frequencies,
offer the possibility of long-term, maintenance-free opera-
tion but present strict limitations on power availability and
computational resources.
Inference in Deep Neural Networks (DNNs) on battery-

free devices presents unique challenges due to the combi-
nation of limited memory, low computational power, and
the need to operate with minimal energy harvested from
ambient sources [11, 19]. These devices must manage both
resource constraints and the intermittent nature of power
availability, which often leads to frequent power loss. As a
result, data must be saved in persistent memory regularly
to avoid loss, which adds significant overhead to the system
[16, 32]. This intermittent power loss, coupled with the lim-
itations of available memory and computational resources,
creates significant hurdles in maintaining efficient and accu-
rate performance in real-time applications on battery-free
devices.
Various studies have proposed DNN deployment tech-

niques to reduce memory footprint and computational over-
head, allowing these models to run efficiently on edge de-
vices with limited memory and power. Techniques such
as train-time pruning [29], quantization [43], specialized
pruning [14], tensor decomposition, and early-exit strate-
gies [9, 19, 34, 39]. Other research focuses on compressing
DNNs to minimize execution time and energy consumption.
Several intermittent systems have adopted similar strategies
on shallower, smaller DNNs to maintain accuracy, includ-
ing neural architecture search (NAS)-based approaches that
generate various compressed configurations of a DNN [11].

A major bottleneck in DNN inference on these devices is
the high cost of multiply-accumulate (MAC) operations. To
illustrate, in aMSP430 [3], amultiplication operation requires
77 cycles [1] compared to 6 cycles [3] required for addition.
Thus, reducing the number of MAC operations is crucial to
making DNNs feasible on batteryless systems, especially for
low latency and high energy efficiency applications.
Thus, among these techniques, pruning is valuable, not

only for reducing the model size but also for eliminating
redundant MAC operations, thereby enhancing the power
efficiency of the system without sacrificing accuracy. By
strategically pruning the network, unnecessary computa-
tions are minimized, making the model more lightweight and
energy-efficient while still maintaining high performance



under fluctuating power conditions. All pruning on battery-
free devices is typically performed at training time, as most
methods focus on optimizing the model before deployment
[4, 24, 38]. However, training-time pruning methods often
lack the flexibility to adapt to real-time conditions, such as
changes in available energy or computational load, which
limits their effectiveness in the dynamic environments of
battery-free systems.
Only a few works have explored inference-time pruning

[6, 13, 35], but they are not targeted at battery-free devices
or other resource-constrained microcontrollers. These ap-
proaches often employ structured pruning, which does not
take into account the unique characteristics of microcon-
troller units (MCUs), such as the lack of floating-point oper-
ations and single-threaded processing. Furthermore, struc-
tured pruning introduces high computation and memory
overhead, making these methods unsuitable for battery-free
systems. Additionally, current inference-time pruning meth-
ods are often limited by fixed pruning schedules or static
criteria that fail to account for variable computational de-
mands and power fluctuations in real-world environments.
These methods lack the flexibility to adjust pruned elements
adaptively, which can lead to unnecessary accuracy loss or
underutilization of available resources. A more adaptable
technique is needed to deploy DNNs on batteryless systems
effectively—one that can bridge the accuracy gap while satis-
fying extreme memory and power constraints and that inte-
grates adaptive pruning mechanisms responsive to real-time
conditions, balancing efficiency and accuracy dynamically.

This paper proposes UnIT Pruner , the first algorithm of its
kind, introducing novel unstructured inference-time pruning,
specifically tailored to the unique device-specific constraints
to enhance computational efficiency and scalability across
a wide range of resource-constrained devices without com-
promising accuracy. It dynamically skips redundant MAC
operations based on the specific characteristics of each input,
providing a flexible and efficient pruning solution without
predefined patterns.
UnIT Pruner first introduces a unique fine-grain prun-

ing which neither prunes activation values nor weights but
rather individual connections, enabling selective removal
of redundant MAC operations throughout the network. It
hinges on the relatively low cost of branching compared
to MAC operations on devices without multi-stage instruc-
tion pipelining and/or dedicated multiplication hardware,
allowing us to apply a dynamically generated threshold dur-
ing runtime. UnIT Pruner uses a dynamic connection skip-
ping mechanism, which selectively activates or deactivates
connections based on each input’s contribution to the final
output. This approach reduces the number of MAC opera-
tions required to compute each forward pass, dynamically
adjusting the model’s computational load in real time.

Besides, UnIT Pruner preserves activations and weights
that may be useful later available to the network, which is im-
possible for train-time pruning or structured inference time
pruning as both are unable to dynamically skip individual
connections. This unstructured approach increases model
adaptability, allowing it to retain more nuanced information
and perform efficiently across diverse datasets and tasks.
To reduce the computational overhead of pruning, UnIT

Pruner offers three division estimation algorithms specif-
ically designed to optimize the algorithm’s overhead for
varied devices and quantization methodologies. Each algo-
rithm is customized to evaluate pruning impacts in real-time,
balancing computational load with performance goals. The
algorithms can be adapted to device, model, and task-specific
constraints and particulars, enabling faster runtime and low-
ering the power andmemory demands, making our approach
suitable for resource-limited devices. While MCUs have this
strict hardware limitation, high-performance GPU and CPU
can overcome this limitation and show negligible perfor-
mance improvement.

By introducing this first-of-its-kind unstructured pruning
algorithm, we set a new standard for flexibility and efficiency
in model compression. Additionally, our algorithm is compat-
ible with existing pruning methods, further enhancing the
trade-offs between energy efficiency, accuracy, and latency.

Our key contributions are as follows:

• We introduceUnIT Pruner : a novel unstructured infer-
ence-time pruning algorithmwith extremely lowmem-
ory overhead that prunes individual connections in-
stead of activations or weights, enabling selective
MAC operation removal across the network. Con-
nections are activated or deactivated based on input
relevance, dynamically adjusting computational load
in real-time and leveraging Location-Specific Thresh-
olding suited for devices without advanced pipelining
or multiplication hardware.

• Our method retains activations and weights for po-
tential future use, increasing adaptability and perfor-
mance across varied tasks and datasets, amplifying
energy savings, and maintaining accuracy in real-
world, low-power applications.

• We present three tailored division estimation algo-
rithms to minimize pruning overhead, adapting them
to device, model, and task constraints. These algo-
rithms enable faster runtime, lower power consump-
tion, and reduced memory use, making UnIT Pruner
ideal for constrained devices.

This work fills a critical gap by enabling adaptive, efficient
DNN inference on batteryless MCUs, offering a robust and
scalable solution for the next generation of intelligent, low-
maintenance edge devices.
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(a) Standard unstructured train-time pruning for convolutional layers removes parts of filters.
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(b) UnIT Pruner does unstructured pruning in a different way for convolutional layers, pruning
individual connections as opposed to entire filter components, similar to contemporary unstructured
pruning methods for linear layers.

Figure 1: The 𝑋s are feature maps or channels from a previous layer’s output. With existing methods, the samples
have some values ignored due to the way that unstructured train-time pruning works for convolutional layers.
With UnIT Pruner, samples are taken from this feature map and passed through a threshold filter before being
multiplied with the filter. This form of pruning is edge pruning.

We perform a rigorous evaluation using 4 datasets on an
MSP430FR5994 [3]. Our results demonstrate that our method
consumes 74.2% to 96.5% less energy compared to other prun-
ing methods. Additionally, it achieves a 74.4% to 94.7% reduc-
tion in inference time. UnIT Pruner reduces MAC operations
by 70.38% to 87.39%, with an accuracy drop as low as 0.43%
when compared to the unpruned models.

2 Unstructured Inference-Time Pruning
We propose UnIT Pruner , an unstructured inference-time
pruning algorithm that prunes individual connections be-
tween two nodes of a neural network with minimal overhead.
UnIT Pruner consists of three key elements—(1) Dynamic
Edge Pruning, (2) Location-Specific Thresholding, and (3)
Fast Division Approximation.

2.1 Dynamic Edge Pruning
Traditional unstructured pruning is performed during train-
ing, and individual multiplications are skipped by setting

values in the weight tensor to 0. Multiplications are skipped
when evaluating dot products for those layers. Given an in-
put matrix X𝑚×𝑛 from the (𝑘−1)𝑡ℎ layer and a weight matrix
Wn×p from the 𝑘𝑡ℎ layer, the output Y𝑚×𝑝 can be represented
as

Y𝑖, 𝑗 =

𝑛∑︁
𝑙=1

X𝑖,𝑙W𝑙, 𝑗 (1)

Where 𝑖 indicates the row of Y and X, 𝑗 indicates the column
of Y and W, and 𝑙 ∈ [1, 𝑛]. Summing the products of the
corresponding elements in row 𝑖 of X column 𝑗 of W.
In weight pruning, if W𝑙, 𝑗 is an extremely low value, the

multiplied output Y becomes insignificant, allowing skip-
ping of the multiplication. On the other hand, activation
pruning evaluates the magnitude of Y and removes further
connections depending on this Y.

However, with aggressive train-time pruning, multiplica-
tions that should not be skipped get skipped and result in
increased error. Train-time weight pruning removes small
values of W𝑙, 𝑗 ( 10−3), which can still be significant with
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Figure 2: 𝑋 is the vector of outputs from the previous layer of size𝑚.𝑊 is the weight tensor that connects the
previous layer to the next layer with 𝑛 neurons. The next layer has its pre-activation values put into 𝑂 which is
initialized to all 0s. For each output 𝑋𝑖 from the previous layer, a threshold 𝑇

|𝑋𝑖 | is generated. Then, for each weight
associated with 𝑋𝑖 , it is skipped if its magnitude is below the threshold.

higher order values of X𝑖,𝑙 ( 104). Although train-time activa-
tion pruning aims to address this, it fails when the training
and inference-time data distribution changes because the
pruned connections are static due to being decided during
training. To address this, UnIT Pruner introduces Dynamic
Edge Pruning (DEP), which preserves weight values that
train-time pruning methods do not and dynamically skips
multiplications based on the values of X𝑖,𝑙 and W𝑙, 𝑗 together.
Dynamic Edge Pruning defines a minimum magnitude,

T, below which any multiplication is deemed insignificant
and excluded from the final computation (as shown in Equa-
tion 2).

Ŷ𝑖, 𝑗 =

{0 if |X𝑖,𝑙W𝑙, 𝑗 | ≤ 𝑇

X𝑖,𝑙W𝑙, 𝑗 if |X𝑖,𝑙W𝑙, 𝑗 | > 𝑇
(2)

Fig 1 illustrates the dynamic nature of Dynamic Edge Prun-
ing for linear layers and explains how it significantly reduces
the error that can comewith train-time unstructured pruning.
Figure 2 outlines how generalized edge pruning differs from
modern understandings of what techniques are possible.
With linear layers, edge pruning is already utilized. Con-

volutional layers, however, even when pruned in an unstruc-
turedmanner, remove correlated edges as outlined in Figure 1.
The word unstructured usually refers to the structure of the
weight tensors as opposed to the network itself. With dynamic
edge pruning, we can skip individual multiplications, taking
advantage of the whole filter when it is useful and skipping
parts of it when it’s not worth doing the computation.

2.2 Location-Specific Thresholding
For successful Dynamic Edge Pruning, we propose Location-
Specific Thresholding, which applies specialized thresholds
based on the magnitude of the thresholded term to skip
multiplications.

Algorithm 1: Threshold Calculation for Location-
Specific Thresholding
input :A threshold for the minimum magnitude of a

multiplication 𝑇 and a control term 𝐶 . Here,
𝐶 is either weight,𝑊 or input, 𝑋 .

output :The magnitude of the quotient of 𝑇 and 𝐶 .
Function GenerateThreshold(T, C):

return |𝑇 /𝐶 |
end

The most obvious threshold specialization method is to
divide T by the absolute value of the static parameter, W𝑙, 𝑗

as is outlined in Algorithm 1.

X̂𝑙, 𝑗 =

{
0 if |X𝑖,𝑙 | ≤ W̄𝑖,𝑙

X𝑖,𝑙 if |X𝑖,𝑙 | > W̄𝑖,𝑙

where, W̄l,j =
𝑇

|W𝑙, 𝑗 |
(3)

AsW𝑙, 𝑗 is fixed, we can calculate X̂𝑙, 𝑗 during training. How-
ever, this doubles the network’s memory requirement, which
is often unfeasible for battery-free devices as they have ex-
tremely limited lowmemory (e.g., 256 KB forMSP430FR5994).
Thus, we propose calculating these thresholds at runtime.

Convolutional layers are designed to exploit spatial local-
ity in data (e.g., images), with weights organized in smaller
kernels applied across the input feature map. Since each
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Figure 3: For any integer or fixed-point number 𝑥 , by performing up to 𝜔 bit shifts to the right, we are able to
determine the approximate order of magnitude of the original number where 𝜔 is the word size of the processor.

kernel has relatively few weights and each weight is uti-
lized in many more multiplications than any of the previous
layer’s activation values, we prune the input matrices using
equation 3.
However, for linear layers, each neuron in the previous

layer is connected to every neuron in the next, resulting in
large weight matrices in which each weight is only used once.
For this reason, Equation 4 allows for better amortization
of the division operation as linear layers perform only one
multiplication per W𝑙, 𝑗 . In Figure 2, the output from the pre-
vious layer is lined up with their associated multiplications.
In reality, this means that we can only keep track of one
threshold at a time and apply it many times before needing
to generate a new one.

Ŵ𝑙, 𝑗 =

{
0 if |W𝑙, 𝑗 | ≤ X̄𝑖,𝑙

W𝑙, 𝑗 if |W𝑙, 𝑗 | > X̄𝑖,𝑙

where, X̄l,j =
𝑇

|X𝑖,𝑙 |
(4)

2.3 Fast Division Approximation
Though replacing many multiplications with relatively fewer
divisions and an equivalent number of comparisons is more
efficient, division remains an expensive operation to perform
on any device, especially so with micro-controllers. Thus,
we propose three fast division approximation techniques
based on—(1) bit shifting, (2) binary tree search, and (3) bit
masking. Each of these techniques provides unique benefits
for different types of devices. Bit shifting and binary tree are
focused on integers and fixed-point numbers and thus are
suitable for extremely low-power micro-controllers that do
not have floating point units (e.g., MSP430FR5994). Bit Mask-
ing operates on floating-point numbers, making it suitable
for devices with floating-point units (e.g., MAX78000).
Bit shifting. For fixed-point and integer numbers, a series
of bit shifts can be used to approximate division. Bit shifting
is an efficient method for dividing by powers of 2, leveraging
the binary structure of numbers. Instead of performing tradi-
tional division, which can be computationally expensive, our
algorithm shifts the bits of the absolute value of the input to

the right until it becomes 1. Doing so gives us a truncated
value of the input in the form of a power of 2, as can be seen
in Figure 3. This can then be used to approximate division by
subtracting the exponent from the exponent of our chosen T
value. We then perform a leftwards bit shift on 1 to generate
our threshold, equal to this power of 2.

The maximum amount of time that this algorithm can take
is directly proportional to the processor’s word size. With 16-
bit processors such as the MSP430[3], the cost is low relative
to 32 or even 64-bit processors, making the algorithm better
suited for 16-bit and even 8-bit processors. That said, the
initial shift can be more than a single place or a different
comparison can be made, quantizing the value even further
but saving even more time. It’s important to note that with
fixed-point numbers, the exponent calculated will be relative
to the fixed point as opposed to being absolute. This can be
adjusted for by initializing the value 𝑛 as shown in Figure 3
to a different value than 0.
Binary Tree. A binary tree can be utilized to quickly deter-
mine the order of magnitude of a given input. This is done by
performing a series of comparisons with pre-computed piv-
ots to determine the order of the input, as is demonstrated
in Figure 4. Similar to the bit-shift method’s ability to be
sped up by initially shifting more or using a higher compari-
son, the pivots can be moved depending on the frequency
of various magnitudes, making some lookups faster than
others.
Unlike the previous method, this is capable of working

on devices using any type of number. It’s recommended,
however, that it only be used for integers or fixed-point num-
bers whose bits have been reinterpreted as integers. This is
because for floating-point numbers, the range in orders of
magnitude is proportional to the maximum value that can
be stored in the exponent bits, making increasing word sizes
correlate to exponentially more expensive lookups than lin-
early more expensive ones. As with the previous algorithm,
the exponent generated will be relative to the fixed point.
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Figure 4: Starting with the head, the value at each sub-tree’s head is compared to the value we are checking. If the
value is less, then we descend down the tree to the right, otherwise the left. Repeating this until reaching a leaf
results in the smallest value 𝑛 such that 2𝑛 is greater than the checked value.

Bit mask. The bit mask algorithm is rather unintuitive but
one of the most widely applicable. This algorithm relies heav-
ily on how IEEE 754 floating-point numbers[2] are stored,
which can be seen below.

+/− Exponent Mantissa

The first bit in a floating point number represents the sign.
The rest represent the exponent and the mantissa. We can
therefore rewrite these numbers as follows:

(−1)𝑆
(
2(𝐸−𝐸0 )

) (
1 + 𝑀

𝑀Max

)
Here, 𝑆 is the sign bit, 𝐸 is the relative exponent, 𝐸0 is the

exponential offset,𝑀 is the mantissa, and𝑀Max is the maxi-
mum value that the mantissa can hold plus 1. This allows for
a large range of numbers to be stored. For our purposes, we
only care about the exponent. We can pull out this exponent
by using a bit mask of the form 011110001 along with a bit-
wise and. The output is then subtracted from the exponent of
T to generate the new exponent. This value is pushed back
into the normal range by adding the exponential offset again
before reinterpreting the bits as a floating point number. The
intuition for this can be observed below.�������

(−1)𝑆1
(
2(𝐸1−𝐸0 ) ) (1 + 𝑀1

𝑀Max

)
(−1)𝑆2

(
2(𝐸2−𝐸0 )

) (
1 + 𝑀2

𝑀Max

)
������� =

(
2(𝐸1−𝐸0 ) )(
2(𝐸2−𝐸0 )

) (1 + 𝑀1
𝑀Max

)(
1 + 𝑀2

𝑀Max

)
Since𝑀 must be smaller than𝑀𝑀𝑎𝑥 , the value of the sec-

ond term will be between 1
2 and 2. Therefore this can be

simplified to the following.

1This is for 8-bit floating point numbers, but the same idea works for all
sizes.

(
2(𝐸1−𝐸0 ) )(
2(𝐸2−𝐸0 )

) (1 + 𝑀1
𝑀Max

)(
1 + 𝑀2

𝑀Max

) ≈ 2(𝐸1−𝐸2 )

The conversion to a floating point number only requires
adding the exponential offset back results in the desired
threshold. This is only possible with floating point num-
bers as it takes advantage of how they are stored so heavily.
Additionally, due to limitations with how C works as a pro-
gramming language, implementing this requires inlining
assembly because reinterpreting bits can only be done on
values stored in RAM or on the stack as opposed to within
registers, making the overhead far too high.

3 Experimental Setup
This section describes the evaluation setup, including plat-
form, dataset, network, baseline, evaluation metrics, and
implementation details.

3.1 Evaluation Platform
Weevaluate our proposed algorithmusingMSP430FR5994 [3],
a common micro-controller for battery-free systems [9, 19].
MSP430FR5994 requires significantly higher multiplication
than branching due to having such a limited instruction
set and no pipelining. To test on the MSP430, we utilized a
modified version of SONIC [11], a neural network runtime
built for intermittent systems. To measure the energy con-
sumption, we used Code Composer Studio’s EnergyTraceTM
Technology, which can measure the wattage of the MSP430
in real time.
We evaluate algorithms targeting floating-point opera-

tions on more standard hardware, as the MSP430FR5994 does
not support floating-point arithmetic. To facilitate this eval-
uation, we modify PyTorch, as will be described in section
3.4.
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Figure 5: Model Architectures Used For Testing

3.2 Dataset
We evaluate the performance of UnIT Pruner across datasets
spanning different domains. Specifically, we conduct ex-
periments on an image classification dataset (MNIST [7],
CIFAR-10 [22]), an acoustic dataset (Google Keyword Spot-
ting (KWS) [41]), and a motion-based human activity recog-
nition dataset (HAR) [18]. The training data is divided into
training and validation subsets for each dataset. After shuf-
fling, 90% of the training data is allocated to the training
set, while the remaining 10% is used for validation. The test
dataset is kept entirely separate and is only utilized for infer-
ence to ensure an unbiased evaluation of Sys’s effectiveness.

3.3 Network
We evaluate UnIT Pruner on small deep neural networks
specifically designed to fit into the 256KBmemory ofMSP430-
FR5994 [3]. Figure 5 outlines the network architecture for
each dataset. All the models have two convolutional layers,
each followed by a max pooling layer and, finally, a linear
layer. For the CIFAR10, KWS, and MNIST datasets, we use
2D convolution and 2D max pool, and for the HAR dataset,
we use 1D convolution with 1D max pool. These models are
trained using PyTorch before being quantized to work with
the SONIC[11] runtime for the MSP430, which only works
with fixed-point numbers.

3.4 Baseline
We compareUnIT Pruner against the unpruned version, train-
time pruning, and state-of-the-art inference-time pruning,
FATReLU[23]. For train-time pruning, we perform unstruc-
tured magnitude-based global pruning. Like ReLU, FATReLU
is an activation function that sets values below a certain
threshold to 0. It replaces the default threshold value with a
higher one to intentionally increase sparsity in the network
during inference. We choose FATReLU as the only existing
inference-time pruning method with reasonable overhead to
deploy in a battery-free system.

3.5 Evaluation metrics
We evaluate UnIT Pruner using four different metrics.
Accuracy Drop. We calculate the performance drop due
to the proposed method’s accuracy from a baseline model.
We choose the unpruned model performance as our base-
line model.MACs Skipped. We calculate how many MAC
operations are skipped due to the proposed method.
Power Consumption. We calculate the power consumption
during inference with and without the overheads such as
data transfer.
Execution Time. Similar to the power consumption, we
measure the execution time for inference, including data
transfer and other overhead time.

3.6 Implementation Details
PyTorch. To support inference-time pruning, we reimple-
ment PyTorch’s linear and convolutional layers in C++2. By
customizing these layers, we gain finer control over layer
operations. It enables efficient adjustment and testing of
threshold values. This modification further allows faster ex-
perimentation and tuning, as C++ provides lower-level con-
trol and typically faster execution than Python alone.
This code is available as a Python module and will in-

clude linear, 1D convolutional, and 2D convolutional layers.
In addition to the UnIT Pruner versions of the modules, we
will release a debug version. This debug version hinders
performance greatly but gives statistics on how many multi-
plications are skipped during runtime.
C++. The PyTorch module utilizes a C++ backend that allows
granular data control. Due to Python being an interpreted
language, C++ bindings are used for applications where per-
formance is of concern. In the case of PyTorch, almost all
manipulation of tensors is handled by C++, making it impos-
sible to modify PyTorch’s core in the way that was necessary
for these experiments without changing the underlying C++
code. To determine the efficiency of our division algorithms,
we utilize C/C++ on its own without the support of Python

2Code available here: https://github.com/anonymouspaper2314

https://github.com/anonymouspaper2314
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Figure 6: Performance of UnIT regarding MAC operations skipped and accuracy drop. UnIT can consistently skip
a high number of MAC operations without any significant performance drop

to better understand what was happening under the covers
and measure the algorithm more directly.
SONIC.We modify the SONIC[11] runtime to include sup-
port for UnIT Pruner . We extend their fixed-point number
implementation to include our division approximation tech-
niques. Namely, we implement the bit-shift and binary tree
techniques. We modify the implementation of convolutional
and linear layers to generate and utilize the thresholds as
needed. We also implemented activation sparsity skipping
to further demonstrate the interoperability of UnIT Pruner
with other techniques.

4 Results
In this section, we evaluate the performance of our proposed
method in terms of speed, energy, and accuracy.

4.1 Performance Speed Trade-off
Figure 6 shows the model performance with different prun-
ing methods for four datasets: MNIST, CIFAR10, HAR, and
KWS. UnIT Pruner skips 70.38 - 87.39% MAC operation with
as low as 0.51% accuracy drop. Our highest accuracy drop
(14%) was with CIFAR10, where we skipped 87.79% of the
multiplications. With a small baseline model, the unpruned
performance on CIFAR10 is already limited therefore a slight
accuracy drop caused by UnIT Pruner becomes more signif-
icant. For the KWS dataset, the maximum accuracy drop

is only 6%. Overall, UnIT Pruner skips many unnecessary
multiplications without a significant accuracy drop, which
is crucial for a batteryless system.
Moreover, The proposed method has 16.43–52.7% less

MAC operation compared to train-time pruning with a 0.43-
1.19% accuracy drop. Compared to FATReLU, our model
achieves 7.08–25.34% less MAC operation with 0.43–1.88%
less accuracy. Thus, our method can be more efficient with
less MAC operation by sacrificing a small performance.
UnIT Pruner not only achieves comparable performance

when skipping the vast majority of MAC operations but is
also a more efficient pruning method for batteryless systems
than FATReLU. Figure 6 shows that our method not only
outperforms FATReLU but integrating FATReLU with UnIT
Pruner does not give any advantage, making our method the
most effective in these tests.

4.2 Time Analysis
Time spent moving memory around was amajor contributor
to the total runtime of our tests. Therefore, we subtract the
time it takes to do everything except MAC operations from
all final times. Figure 7 shows that UnIT Pruner drastically
reduces inference time by 78.8–94.7% compared to train-time
pruning and 74.4–89% faster than FATReLU, achieving times
of 7.5–151 and 3.8–125 seconds, respectively.We also observe
that UnIT Pruner has a lower time overhead than FATReLU.
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Figure 7: UnIT achieves faster inference than other
pruning methods for all four datasets.

As expected for a battery-free system, most of the time is
spent moving data and other computations.

4.3 Energy Analysis
In Figure 8, UnIT consumes only 0.37–62mJ per inference on
the MSP430, whereas FATReLU needs 0.62–241mJ, and train-
time pruning needs 0.79–288mJ. Even with the energy for
data transfer, overhead, and other computational tasks, our
algorithm saves the most energy when compared to other
methods, making it suitable for battery-free systems.
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Figure 8: UnIT consumes less energy than other prun-
ing methods for all four datasets.

4.4 Impact of Threshold
Figure 9 demonstrates the impact of threshold choice on
UnIT’s performance. With a lower threshold, we skip fewer
MAC operations while maintaining a higher performance.
The higher the threshold, the more significant the perfor-
mance drop. For this work, we set the threshold to 0.25 for
all results. However, even with a low threshold, our method
achieves the best performance of the tested pruning methods,
as is evident from previous sections.
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Figure 9: Increasing the threshold skips more MAC
operations and lowers accuracy.

4.5 Fast Division Approximation
Techniques

We compare the performance of our fast division approx-
imation techniques with that of traditional divisions. We
perform bit shifting and binary tree searches on the MSP430
as they are suitable for integer and fixed point systems. Al-
though we cannot compare the performance of the bit mask-
ing method with the traditional division on the MSP430
due to the unavailability of a floating point system, we per-
form bit masking on an Intel(R) Core(TM) i7-9750H CPU @
2.60GHz, 2592 Mhz, 6 Core(s), 12 Logical Processor(s) for 10
billion iterations. Figure 10 shows the performance of our fast
approximate division techniques compared to the traditional
division. Bit shifting and binary tree search both achieve
50-59.8% lower execution time and 53.7 - 60.3% lower energy
consumption when compared to the conventional division
method on the MSP430. Similarly, bit masking completes
44.8% faster than the traditional method.
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Figure 10: Fast approximate division using bit shifting,
binary tree search, and bit masking outperforms tra-
ditional division techniques with significantly faster
and cheaper operations.

5 Related Work

DNN in Battery-free Systems. DNN in battery-free sys-
tems requires additional processing to make the model mem-
ory and computationally efficient. Researchers have deployed
train-time pruning [29], special pruning [14], and quantiza-
tion [43] to make the model smaller. Tensor decomposition
and early-exit strategies have been popular in reducing infer-
ence time for on-device computation [9, 19, 34, 39]. Neural
architecture search (NAS) is used to find themost compressed
model to run on battery-free systems [11, 31]. Some systems
utilize Knowledge distillation to make a smaller model from
a larger model [5, 36]. Researchers also utilized a combina-
tion of quantization or pruning with knowledge distillation
for a more efficient model [37].
Structured Pruning. Structured pruning targets the re-
moval of entire structures, such as neurons, channels, or
even layers. This approach simplifies model architecture in
a way that aligns well with hardware, as it results in smaller
matrices or tensor dimensions. Notable structured pruning
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methods include channel pruning [25], which removes chan-
nels based on a criterion like weight magnitude or contribu-
tion to overall model accuracy. Filter pruning [30] is another
structured technique that removes filters based on the im-
portance of their activations, reducing convolutional layer
sizes in CNNs and enhancing deployment speed on hardware
that benefits from reduced channel dimensions. More recent
structured pruning techniques also involve group sparsity
regularization [42], where specific regularizers are applied
to groups of weights to force sparsity within predefined
structures, yielding efficient models without major loss in ac-
curacy. Structured pruning is widely favored for deployment
on accelerators, as it produces compact models without the
need for additional computation to handle irregular sparsity.
Unstructured Pruning. Unstructured pruning, by contrast,
removes individual weights based on specific criteria, such
as magnitude. Themagnitude-based pruning approach [15] is
one of the most widely used methods in this category, where
weights with the smallest absolute values are removed it-
eratively, yielding a sparse weight matrix. This technique,
while effective in significantly reducing model parameters,
results in irregular sparsity patterns that are less efficient
to compute on standard hardware due to the need for spe-
cialized libraries and frameworks to leverage the sparsity.
Techniques such as variational dropout [33] use Bayesian
methods to apply pruning during training, automatically
determining which weights can be removed by learning a
probability distribution over them. Although unstructured
pruning can yield highly sparse networks, the irregularity of
the resulting weights often limits practical speedup benefits
during deployment.
Training-TimePruning. Training-time pruning, also known
as dynamic pruning, integrates pruning operations within
the training process. This category includes Gradual Mag-
nitude Pruning (GMP) [44], where weights are pruned itera-
tively throughout the training process, allowing the model
to adapt and learn with progressively fewer parameters. Sim-
ilarly, the Lottery Ticket Hypothesis [10] suggests identifying
subnetworks with randomly initialized parameters that can
be retrained to achieve near-original accuracy, leading to a
more efficient training process. Training-time pruning can
also be applied through regularization-based techniques [28],
where sparsity-inducing norms (e.g., 𝐿1 norm) are added to
the loss function, encouraging the model to develop sparse
weight patterns inherently. By pruning during training, these
approaches enable the model to adapt to lower parameter
counts while preserving accuracy, though they may add com-
plexity to the training process.
Post-Training Pruning. Post-training pruning is applied to
pre-trained models allowing practitioners to achieve model

size reductions without altering the original training pipeline.
In this category, post-training quantization and pruning [17]
is a widely used method, where redundant parameters are
pruned after training and then quantized to reduce mem-
ory footprint, resulting in efficient deployment. Layer-wise
pruning [27] is another post-training approach that uses sen-
sitivity analysis on each layer of a trained network to prune
layers with minimal impact on model performance. Tech-
niques such as fine-tuning after pruning [15] are commonly
employed to recover any accuracy loss following pruning,
where the model is slightly retrained after pruning to regain
accuracy lost due to the reduction in parameters.
Inference-Time Pruning. Inference-time pruning refers to
techniques that are done during inference. Techniques like
FATReLU [23], also known as as Truncated Rectified [21],
which induce more sparsity only during runtime are exam-
ples of inference-time neuron pruning. There has also been
work involving inference-time channel pruning [26] where
a simpler model was trained in tandem with the main model
to signal when to skip certain filters. These methods are all
structured, making UnIT Pruner the first of its kind as an
unstructured inference-time pruning system.

6 Discussion and Limitations
This section discusses the shortcomings and future potential
of UnIT Pruner .

6.1 Trade-Off Between Adaptability and
Network Size

One notable advantage of UnIT Pruner is its ability to retain
activations and weights for potential future use, offering
greater adaptability compared to traditional train-time and
structured pruning methods. This flexibility is especially
beneficial in environments where computational and energy
resources fluctuate. However, preserving these weights limits
the ability to reduce the network size further. This presents
a challenge, particularly given the algorithm’s primary fo-
cus on resource-constrained hardware, where minimizing
network size is crucial for optimal performance.

6.2 UnIT Pruner on Highly Parallelized
Hardware

GPUs and other highly parallelized hardware may struggle
to leverage UnIT Pruner fully. In such systems, the potential
savings are diminished because all cores must wait for the
slowest one, causing the worst-performing core to dictate
the speed of the operation. This blocking behavior reduces
the effectiveness of the algorithm on these devices. While the
results presented here suggest that the frequency of skipped



operations could be high enough for certain systems to ben-
efit, it is evident that as the number of cores increases, the
overall savings will decrease. Future experiments will be
conducted to verify this hypothesis.

6.3 Portability Limitations Due to
Hardware-Specific Division Techniques

Proposed fast division approximation techniques significantly
reduce computational overhead, making the algorithm suit-
able for many embedded systems. However, the need for
different algorithms depending on the hardware used means
that the portability of UnIT Pruner runtimes would be lim-
ited. This hardware dependency may restrict the algorithm’s
versatility across diverse platforms and complicate its de-
ployment in varied environments.

6.4 Impact of Model Size
Since the algorithmwas designed with low-power systems in
mind, the testing so far has been focused on smaller models
to ensure efficient resource utilization. However, the perfor-
mance and benefits of UnIT Pruner on larger, more complex
models remain untested. In future work, we plan to evalu-
ate UnIT Pruner with larger models to better understand its
scalability, performance under higher computational loads,
and ability to maintain efficiency across a broader range of
applications. This will provide a more comprehensive assess-
ment of the algorithm’s full potential and help identify any
additional challenges that may arise with increased model
complexity.

6.5 Expand to Diverse DNN Layers
Thus far, we have only tested UnIT Pruner with convolu-
tional and linear layers, primarily due to their popularity
and efficiency, especially in resource-constrained applica-
tions. Future work will include testing a broader range of
layer types, such as recurrent and attention layers, to assess
Sys’s adaptability and performance across different architec-
tures. This will help evaluate its general applicability to a
broader set of neural network models.

6.6 Testing on Diverse Edge Devices
While the MSP430 is a good starting point, we aim to test
UnIT Pruner on a wider range of devices, particularly edge
computing devices with unique properties. We believe the
flexibility of the techniques described here will be instrumen-
tal in porting the algorithm to various embedded systems,
enabling its use in different hardware environments. This
will help assess the adaptability and performance of UnIT
Pruner across a broader spectrum of edge devices, contribut-
ing to its potential for more widespread deployment

6.7 Data Transfer Overhead
Although our method reduces inference time significantly,
the energy and time spent moving memory on the device cur-
rently outweigh the time spent on computations, resulting
in high total inference time. We plan to explore alternative,
application-specific memory management systems tailored
for ultra-low-power devices. Future work could investigate
more efficient storage and retrieval mechanisms that better
support dynamic pruning while maintaining the benefits of
adaptability. Additionally, we aim to develop techniques to
minimize memory transfer overhead, further optimizing the
overall performance of UnIT Pruner on resource-constrained
hardware.

6.8 Imprecise BLAS
Fundamentally, the techniques outlined here for quickly gen-
erating thresholds and applying them induce and take ad-
vantage of sparsity in matrix multiplications. While these
threshold generation techniques may not be as valuable in
machine learning contexts for systems with ample storage,
they can still be useful in scenarios like Basic Linear Al-
gebra Subprograms (BLAS), where the two matrix values
are entirely unknown. In such cases, these algorithms may
offer a form of dynamic thresholding, helping to improve
efficiency by selectively skipping redundant operations. This
approach highlights the potential applicability of these meth-
ods beyond traditional machine learning tasks, particularly
in resource-constrained environments.

7 Conclusion
This paper presentsUnIT Pruner , the first unstructured inference-
time pruning algorithm that implements dynamic edge prun-
ing, a novel form of pruning that is unstructured relative to
the model as opposed to just the weights. By dynamically
pruning individual connections based on input relevance,
UnIT Pruner significantly reduces MAC operations, inference
time, and energy consumption while maintaining compet-
itive accuracy levels. The algorithm’s adaptability and fast
division approximation techniques highlight its suitability
for embedded and intermittent systems.
Experimental results validate the effectiveness of UnIT

Pruner , showing reductions of 70.38–87.39% in MAC op-
erations, 74.4–94.7% in inference time, and 74.2–96.5% in
energy consumption with accuracy drops as low as 0.43%.
Future work will focus on extending UnIT Pruner’s capabili-
ties to larger models and exploring its ability to be integrated
with other pruning methods to further optimize performance
across a diverse set of applications.
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