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Abstract

We present ConvReflex, a compile-time toolchain enabling short-
cuts based on value prediction in convolutional neural networks
(CNNs) on ultra-low-power devices. Convolution kernels may pro-
duce extreme values that are out of the boundaries allowed by the
output neuron, and the result of the convolution operation is nec-
essarily clamped at the boundaries. Execution time is thus wasted,
because an exact computation result is unnecessary, as long as the
value fed to the output neuron is extreme enough to be eventually
clamped. We build shortcuts to skip such ineffectual computations
in the serially executed convolution kernels on ultra-low-power
devices, where the CNNworkloads exhibit frequent value clamping.
The toolchain we design and implement, named ConvReflex, finds
shortcuts in convolution kernels via compile-time profiling, allow-
ing the deployed convolution kernel code to jump to termination
when the intermediate results satisfies specific requirements that
yield a performance gain in exchange of a controlled degradation
in accuracy. Our results obtained on a Cortex-M0+ core show that
ConvReflex enables up to 21% time saving, and thus a correspond-
ing energy benefit, when allowing less than 1% accuracy loss, or
up to 27% time gain when the accuracy loss budget is 3%.
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Figure 1: Computations in a convolution operation can be

useless (a), yet this behavior can be tricky to detect (b).

1 Introduction

The appeal of deploying neural inference on resource-constrained
edge devices is multifold. First, energy efficiency across the en-
tire application operation: Microcontroller Units (MCUs) operating
in the tens of MHz with milliwatt power usage enable battery-
powered [32, 42] or even energy-harvesting deployments [1, 5,
12, 14]. Second, low-latency responses: running inference locally
avoids the unpredictability of network latency [27], a crucial factor
for sensor-based systems that require immediate reactions. Finally,
preserving privacy: by performing basic machine learning tasks
locally on the MCU, the device avoids transmitting raw sensor data,
which may contain sensitive information. Instead, only high-level,
task-relevant outputs are sent, reducing both communication band-
width and potential privacy leakage [27]. Due to the tight energy
budgets, however, improving the efficiency of processing is key.

Neuron value clamping wastes computations. In convolutional
neural network (CNN) workloads on ultra-low-powerMCUs, execu-
tion time can be wasted on neurons producing clamped values [29].

https://doi.org/10.1145/3774906.3802781
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3774906.3802781


SenSys ’26, May 11–14, 2026, Saint Malo, France Shiming Li, Luca Mottola, Yuan Yao, and Stefanos Kaxiras

In these workloads, after a convolution operation, the result fed
to the output neuron may be clamped to the boundaries allowed
by the output neuron, which is introduced by the limitation of
the quantized data type or activation functions [7, 29, 44] such as
ReLU [2, 35] or ReLU6 [28]. Value clamping can be formalized as:

𝑎clamped =𝑀𝐼𝑁 (𝑀𝐴𝑋 (𝑏lower , 𝑎), 𝑏upper ) (1)

where 𝑎 is the accumulation result of the convolution operation,
𝑎clamped is the accumulation value that is eventually fed into the
output neuron after trying to clamp 𝑎, 𝑏lower and 𝑏upper are the lower
and upper boundaries of the output neuron, respectively.

When the neuron value is clamped, the exact computation result
for the neuron’s output value becomes unnecessary, as long as the
value fed to the output neuron is clamped to the same boundary.
These situation is common in CNNs on ultra-low-power MCUs,
where ReLU-like activation functions are often adopted for because
of resource-constraints and ease of implementation [29, 48].

In Figure 1a, we exemplify this sitation with an execution trace
in a convolution kernel of a Mobilenet [19] model from the STM AI
Model Zoo Suite [48]. This convolution kernel is composed of 16
Multiply-accumulate Operations (MACs), and the output neuron
only accepts values between [−128, 127], which is the quantized
range of the layer’s ReLU6 activation function. The plot illustrates
the value change of the intermediate results of the 16 MACs. This
convolution operation leads to a result less than −128, which will
be clamped to −128 when the result is fed to the output neuron.
However, the intermediate computation result between the 8th and
the final step is constantly under −128 in the last 12 steps. Even if
the execution of the convolution operation is terminated after the
5th step, the final output neuron value is still clamped to the lower
boundary. This means that nearly 70% of the computations in this

convolution operation have no effect on the neuron’s output.
However, at run-time, it is generally impossible to knowwhether

the final result is clamped or not. We show such an example in
Figure 1b. This plot is based on the execution trace of the same
convolution kernel as in Figure 1a, but comes from another convo-
lution operation. This time, the intermediate result falls out of the
boundaries between the 8th and the 15th step, but the convolution
result eventually returns back to the [−128, 127] interval. Exist-
ing researches attempt to tackle this problem by considering the
maximum or minimum future results into consideration, in prin-
ciple [29]. However, this makes overly conservative assumptions
on the potential change of the intermediate result and makes the
condition to determine value clamping too difficult to meet, leaving
less potential for optimizations.

There exists much potential to save execution time if these mean-
ingless operations can be omitted. An investigation into the work-
loads involved in our experiments show that on average 28% of the
computations in convolutional layers bear no effect on the final
value of the neuron, as shown in Figure 2.

ConvReflex predicts and omits unecessary computations.

We design a compile-time toolchain, named ConvReflex1, to cre-
ate shortcuts in convolution kernels that spare likely unnecessary
computations. Similar to conditioned reflexes in higher animals’
nervous systems triggering responses upon certain stimuli, these

1We open-source ConvReflex at https://github.com/shm-li/convreflex.
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Figure 2: The percentage of computations with no effect on

the output neuron values in convolutional layers in the work-

loads involved in our experiments. These computations become

unncessary due to value clamping. On average, 28% of the computa-

tions in convolutions have no effect on the neuron outputs.

shortcuts enable rapid reactions in convolution kernels whenever
they are speculated to produce a clamped final result. This is done
by omitting the remaining computations and producing an output
with the intermediate result already.

In ConvReflex, we adopt a statistical approach to predict
whether the result of an ongoing convolution operation is likely
to be clamped. Based on compile-time profiling, ConvReflex ob-
serves the relations between the intermediate result and the final
result in each kernel, and finds out what intermediate result values
are likely to ultimately lead to a convolution result that will be
clamped when fed to the output neuron.

ConvReflex provides flexibility in navigating the tradeoff be-
tween the time saving and the error brought by the shortcuts, by
allowing the user to run its pipeline under a configurable accu-

racy loss budget, similar to existing works [12, 13]. By iteratively
adjusting the shortcut condition and evaluating the revised model’s
accuracy, the toolchain ultimately finds the best shortcut placement
and configuration, which leads to the most computation omission,
while ensuring the accuracy loss of the CNN model stays within
the budget during evaluation.

ConvReflex provides support for generating and executing the
CNN inference code for MCUs with shortcut enabled. We illustrate
the execution logic of ConvReflex’s in Figure 3. On ultra-low-
power MCUs, a convolution operation is simply executed as a series
of multiplication and addition instructions. In ConvReflex, the
execution of the convolution kernel is split into a mandatory and an
optional part, with a conditional clause in between. The condition
here is to trigger the shortcut; the optional part is executed only
if the condition is not met. Otherwise, the convolution operation
terminates after only the mandatory part, and the intermediate
result is believed to be sufficient to produce the same, clamped final
result, as if all computations were executed.

Benefits. We evaluate ConvReflex on a Cortex-M0+ MCU across
a wide variety of open-source CNN workloads [48]. We use Con-
vReflex to create shortcuts for CNN models and generate C code
to be deployed on the device. We compare the model inference
code generated by ConvReflex with shortcuts with their vanilla
baselines. Two setups are used in evaluation: we evaluate models

https://github.com/shm-li/convreflex
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Figure 3: Conventional convolution and convolution with shortcuts.

with shortcuts generated with a 1% accuracy loss budget, as this
level of accuracy loss is generally considered negligible and "lost in
noise" [12, 37]. We also use a setup with a 3% accuracy loss budget,
which is somehow perceivable, but enables additional time savings.
We measure execution times and energy consumption on a different
subset of the test set that is not seen for compile-time profiling.

Experiments show that with amaximum 1% accuracy loss budget,
we obtain a time saving of up to 21%. This is increased to 27% when
we raise the accuracy loss budget to 3%. ConvReflex negligibly
influences on current draw, and hence the energy saving is nearly
proportional to execution time saving, which is up to 20% and up
to 26%, for 1% and 3% accuracy loss budget, respectively. The gains
in execution time and energy consumption come with only 3%
space overhead on average and around 1% increase in current draw.
Further, we investigate the real accuracy loss in the dataset used for
our real-board evaluation, and confirm that the accuracy loss seen
in deployment is only up to 0.67% and 1%, for the setup with 1% and
3% accuracy loss budget in the compile-time pipeline, respectively.

The remainder of the paper is organized as follows. Section 2 pro-
vides the background and context. Section 3 elaborates on ConvRe-
flex’s design and implementation. Experimental results and analy-
sis are presented in Section 4. Section 5 discusses design choices
and limitations of our work. Finally, Section 6 ends the paper.

2 Background and Related Work

Our work touches upon several inter-related areas. In the follow-
ing, we provide necessary background information while briefly
surveying related work.

2.1 Low-power Inference

The key challenge lies in the severe architectural and computational
constraints of ultra-low-power MCUs, which make deep learning
models difficult to deploy without significant optimizations [32].

To mitigate these, model augmentation and pruning are often
employed to run intermittent inference. Kang et al. [25, 26] and Yen
et al. [55] append components to existing models to allow progress
tracking information to be piggybacked onto output features. With-
out affecting accuracy, this allows the system to efficiently recover
the inference process after an energy failure. iPrune [30] embeds an

ad-hoc pruning strategy that produces compact models for intermit-
tent systems, whereas RAD [22] employs block circulant matrices
and structured pruning to exploit vector operation accelerators.

Network architecture search is also investigated for intermittent
inference. HarvNet [24] includes two complementary techniques,
one enabling architecture search that optimizes multi-exit features
based on memory and energy constraints, the other returning effi-
cient inference policies by taking into account energy constraints.
iNas [33] seeks to strike a trade-off between data reuse and energy
overhead of state persistence operations necessary to cross energy
failures. EVE [23] uses custom network search algorithms to pro-
duce different models, enabling run-time selection based on energy
constraints. Differently, Neuro-C [41] employs a custom architec-
ture that eliminates multiply-accumulate operations for efficient
inference on hardware platforms without dedicated hardware sup-
port. Unlike these works, we do not change the architecture but
only the inference process, taking advantage of an inherent feature
of how this process unfolds on ultra-low-power devices.

Approximation-based techniques to improve energy efficiency
for intermittent systems are also investigated. Intercept [12] trades
off data write errors for reduced STT-MRAM write current, achiev-
ing energy gains during inference on intermittently-powered sys-
tems. Approxify [46] develops an automated framework to apply
various approximations to intermittent computing applications,
while CheckMate [43] proposes a framework utilizing LLMs for
context-aware code approximation. Unlike these works, ConvRe-
flex utilizes compile-time knowledge of the neural network’s be-
havior to open up opportunities for approximation, effectively re-
ducing computation energy by directly cutting off computations at
very low computation error cost.

2.2 Early-exiting Neural Network Inference

Works exist that apply a variety of compression techniques and
design multi-exist network architectures for energy efficiency. As
an example, Wu et al. [53] design a network compression algorithm
working with multi-exit deep neural networks (DNNs) that selects
exits based on energy predictions. In other techniques [11], the
system steps out of the inference process depending on energy
constraints. ConvReflex exploits the same trade-off: we accept
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a limited decrease in accuracy to improve execution latency and
thus energy consumption. Unlike existing works, however, run-
time overhead is reduced by taking care of the heavy-lifting at
compile-time.

Previous works explore skipping ineffectual computations on
hardware accelerators. SnaPEA [7] proposes a technique through
software-hardware co-design that terminates computations in neu-
rons once they cannot produce a positive result, while relying on the
condition that the inputs of each layer are all positive values, which
is impractical for modern quantized models where the inter-layer
normalization and re-quantization may change the sign and values
of layer outputs. Song et al. [44] define ineffectual output neurons
(iEONs), whose values essentially have no influence on the subse-
quent layers, and propose a two-stage DNN execution model that
first predicts and then skips iEONs; this technique is designed for
accelerators and relies on checking the higher order bits of operands
for making predictions. BitSET [39] exploits similar properties in
CNNs and allows the system to skip the computations leading to
a clamped zero with a bit-serial accelerator. TangramFP [54] pro-
poses a MAC unit design that skips ineffectual partial products of
floating point operations. Unlike these works, ConvReflex is a
software-based solution without relying on dedicated accelerators
or bit-level operations on the operands.

Closest to our work is a technique [29] that examines the theo-
retical maximum or minimum value of a computation to determine
whether clamping is applicable. This inherently assumes that all
unfinished computations generate the most extreme results possi-
ble. A convolution operation can be terminated if the final result
is bound to leave the range. Although this technique retains the
exact output of the original process, it makes unnecessarily conser-
vative assumptions about the future computations, losing potential
performance gains only to account for the unlikely extreme results.
This technique also relies on reordering the computation steps in
a kernel to prioritize the steps with more impact on the result in
order to expose more computations that can be omitted without
introducing error. This introduces extra space overhead to store
the computation order. In contrast, we do not impose any signifi-
cant space overhead and allow a limited loss in the accuracy of the
output to unlock much greater performance gains.

2.3 Error Resilience of CNNs

Extensive literature [3] studies hardware faults in DNN execution
and, in particular, the related data errors in CNNs. The general
observation is that the large information redundancy in the model
and weights give CNNs high error resilience, that is, the CNN can
produce the correct outcome even if some data errors corrupt the
processing. This capability is widely exploited [10]; systems are
modified at hardware or software level to elaborate data in a slightly
inexact way, aiming at reducing resource consumption at the cost
of a limited accuracy loss.

CNN targeting resource-constrained devices are normally quan-
tized to meet memory, processing, and energy requirements. Quan-
tization makes the networks more robust. Hoang et al. [18] demon-
strate that the narrower the range that a value in the intermediate
layer can assume, the more this layer is robust to errors. With 8-bit
quantization intermediate values assume a smaller range compared

to their non-quantized counterpart [53]. The limited range acts as
a hardening mechanism [15]. Ibrahim et al. [20] also show that
when injected with errors, different layers of a CNN bear different
impacts on accuracy. They identify the most critical layers and
harden their values, increasing the network’s error resilience.

3 ConvReflex

We start with an overview of the workflow of ConvReflex. We
then describe the technical details in the key steps, namely, how
the shortcuts are selected, and how the selection is adjusted and up-
dated in iterations to make full use of the accuracy loss budget. We
conclude the section with a brief explanation of the implementation.

3.1 Overview

ConvReflex aims to provide CNN execution support for MCUs
where shortcuts are infused into convolution kernels, which are
triggered when the convolution operation is speculated to generate
a clamped value. The shortcuts are carefully chosen so that they
reduce as much computation as possible, while introducing no or
little error to the output of the the CNN inference. This is achieved
by conducting compile-time profiling on the model’s behavior and
finding what intermediate convolution results are more likely to
result in a clamped final result.

The CNN shortcuts can be further adjusted, if they induce too
much accuracy loss beyond the user’s configured budget. The
compile-time pipeline results in a modified CNN model with im-
proved efficiency and minimal expected error.

We show the overview of ConvReflex’s workflow in Figure 4.
The compile-time pipeline consists of four key steps:

1○ Profiling: In this step, ConvReflex works on a CNN model
and a subset of its test set. ConvReflex conducts profiling by
feeding the inputs into the model and observing the interme-
diate values and final results in the convolution operations.
This step generates profiled data reflecting the behavior of
each convolution kernel.

2○ Creating shortcuts: based on the output of the profiling step
and a parameter conf representing the lowest acceptable
confidence of the shortcut not introducing error. ConvRe-
flex selects and infuses shortcuts into the vanilla model.
ConvReflex decides the position of the shortcuts and the
conditions to trigger based on the configurable parameter
conf. A higher conf creates less aggressive shortcuts where
the bar of the shortcut condition is higher, so that the ac-
curacy loss is lower, but also leaves less room for skipping
computations. This step generates the shortcut-enabled CNN
model.

3○ Evaluating: ConvReflex takes in a different subset of the
test set which is not seen during profiling, the model gener-
ated in the last step, and a parameter 𝑘 which represents the
accuracy loss budget. ConvReflex evaluates the model’s
accuracy using the test subset and checks whether the ac-
curacy loss of the model with shortcuts exceeds 𝑘 . In our
experiments, we test two values for 𝑘 : 1% and 3%.

4○ Adjusting: this step is taken if the accuracy loss is still smaller
than 𝑘 . ConvReflex goes back to step 2○, adjusts the param-
eter conf to generate more agressive shortcuts, which may
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Figure 4: Overview of ConvReflex. ConvReflex starts with 1○profiling the CNN model’s intermediate values and final results of neurons

with different inputs fed to the network. Based on the value clamping profile, ConvReflex 2○creates shortcuts in the model by inserting conditional

clauses in the convolution kernels, guided with configurable parameters indicating how progressive the predictions should be made. The accuracy

of the model will be 3○evaluated with another subset of the test set, and if the accuracy loss is within the budget allowed by the user, the parameters

controlling shortcut selection will be 4○adjusted to try to produce more relaxed shortcut triggering conditions, which starts another iteration of

step 2○, 3○ and 4○. The pipeline stops when a model with accuracy loss exceeding the user’s tolerance is generated, and the last iteration’s model

will be kept.

skip more computations in tradeoff for increased error, and
start a new iteration from step 2○. Otherwise, the pipeline
stops and takes the model generated in the last iteration as
the final output.

Note that the data gathered in profiling are platform-agnostic,
meaning that the compile-time pipeline can be run on any device,
without needing the target MCU where the models are to be de-
ployed. Eventually, ConvReflex generates a modified CNN model
that contains shortcuts in convolution kernels where applicable.
The model generated by the compile-time pipeline is ready to be
deployed on the real MCU devices. Next, we explain these steps in
further detail.

3.2 Compile-time Profiling

To omit the useless computations from a convolution operation, our
goal is to predict whether the convolution will result in a clamped
value before all computations complete. However, as shown in
the counter example in Figure 1b, it might happen that even if
the intermediate result has stayed out of the output neuron’s al-
lowed boundaries, its final result is still between [−128, 127], which
should be retained instead of clamped. Without the knowledge of
future computation results, determining whether the intermediate
result will keep staying out of the boundary of the neuron until the
computation finishes is difficult.

Goal.Our solution stems from the simple insight that more extreme
intermediate accumulation results aremore likely to lead to clamped
final results. To this end, ConvReflex examines the behavior of
convolution kernels on sample inputs at each computation step,
investigates the relation between the intermediate values and the
final results, and tries to find for each convolution kernel how
extreme the intermediate result should be to guarantee it leads to a

clamped final result.
For each computation step in a convolution kernel, the profiling

process gathers two kinds of data:
(1) How many times each possible value appears;

(2) How many times a value leads to a clamped final result.

Result of profiling. Figure 5 demonstrates a real example from
the same convolution kernel as in Figure 1. In this example, we
visualize the process of profiling for one computation step in the
kernel, which is step 8. Note thatwe only exhibit the case for profiling
lower-bound clamping, that is, the final result being clamped to the
neuron’s lower boundary 𝑏𝑙𝑜𝑤𝑒𝑟 .

For each input, each time the convolution kernel moves to a new
part of the layer’s input and executes a convolution operation, the
value change of the convolution output is recorded by ConvReflex,
as exemplified by the first three line charts in Figure 5. For step 8,
ConvReflex collects profiles of the frequency of each unique value
of the intermediate result at this step, as well as whether the final
result is a clamped value. These are marked with light blue arrows
and dark blue arrows in the line charts, respectively. For example,
in the first line chart, ConvReflex observes that the intermediate
value at step 8 is −230, and the final result is clamped. As for the
second line chart, ConvReflex observes that the intermediate value
at step 8 is −208, while the final result is not clamped.

The profiled data would construct the bar chart at the bottom of
Figure 5. The light blue bars stand for the occurrence of intermediate
results at step 8, and the dark blue bars stand for the occurrence of
clamped final results associated with the intermediate values. The
length of the bars reflects the normalized frequency. Formally, a
light blue bar at value = 𝑛 can be represented as:

𝑓 𝑟𝑒𝑞(𝑎8 = 𝑛) (2)

while a dark blue bar at value = 𝑛 can be represented as:

𝑓 𝑟𝑒𝑞(𝑎8 = 𝑛 ∩ 𝑎16 < −128) (3)

The profiled data provide directions to answering the question
about what intermediate values at step 8 are more likely to lead
to a clamped final result. For example, the figure shows that if
the intermediate result is smaller than -250 at step 8, the final
convolution result is almost always clamped to −128.
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Figure 5: Visualization of the profiling process and the pro-

filed data for a certain computation step in a convolution

kernel. The first three line charts are example traces of the interme-

diate result of the convolution kernel’s operation on different parts

of the layer input or network input. The intermediate results at step

8 and whether they lead to a clamped final result will be recorded

during the profiling process. The last plot shows the profiled data,

which is the normalized frequency of the intermediate result’s value

at computation step 8 of the example in Figure 1, and the value leading

to a clamped final result. The profiled data can indicate, for example,

that if the intermediate result at step 8 is smaller than -250, then the

convolution operation almost always leads to a clamped final result.

3.3 Selecting and Creating Shortcuts

To construct a shortcut in a convolution kernel, two pieces of infor-
mation are required: (i) what is the condition to trigger the shortcut,
and (ii) at which computation step, i.e. the position, the shortcut
should be made. For simplicity, in this subsection, we still only elab-
orate on the lower-bound clamping case, which is when the final
result is clamped to 𝑏𝑙𝑜𝑤𝑒𝑟 , the output neuron’s lower boundary.

Shortcut triggering condition. We start with deciding the condi-
tion to trigger a shortcut at a certain computation step 𝑖 . With the

idea that the smaller the intermediate result is, the higher chance it
has to lead to a final clamped result, ConvReflex expects shortcut
triggering conditions in the format of 𝑎𝑖 < 𝑎𝑚𝑖𝑛 , where 𝑎𝑖 is the
value of the intermediate result at step 𝑖 , and 𝑎𝑚𝑖𝑛 is the unknown
triggering value. The key is to find the suitable 𝑎𝑚𝑖𝑛 .

We use the profiled data in the last step to guide the decision
of 𝑎𝑚𝑖𝑛 . The probability of lower-bound value clamping when the
intermediate result at a given step 𝑖 is smaller than a certain value
𝑎𝑚𝑖𝑛 can be represented as the following conditional probability
which can be calculated with information from the profiled data:

𝑃 (𝑎𝑚 < 𝑏𝑙𝑜𝑤𝑒𝑟 |𝑎𝑖 < 𝑎𝑚𝑖𝑛) =
∑𝑎𝑚𝑖𝑛

𝑗=−∞ 𝑓 𝑟𝑒𝑞(𝑎𝑖 = 𝑗 ∩ 𝑎𝑚 < 𝑏𝑙𝑜𝑤𝑒𝑟 )∑𝑎𝑚𝑖𝑛

𝑗=−∞ 𝑓 𝑟𝑒𝑞(𝑎𝑖 = 𝑗)
(4)

where𝑚 is the total number of computation steps.
From the visualization of the profiled data in the last bar plot

in Figure 5, it can be observed that the greater 𝑎𝑚𝑖𝑛 , the lower the
probability 𝑃 (𝑎𝑚 < 𝑏𝑙𝑜𝑤𝑒𝑟 |𝑎𝑖 < 𝑎𝑚𝑖𝑛), meaning a shortcut trigger-
ing condition with this 𝑎𝑚𝑖𝑛 value has a higher risk of mispredicting
value clamping. However, a greater 𝑎𝑚𝑖𝑛 builds a shortcut triggering
condition that is easier to meet, as 𝑃 (𝑎𝑖 < 𝑎𝑚𝑖𝑛) is greater.

We leave the choice of the suitable 𝑎𝑚𝑖𝑛 to the user by allow-
ing a configurable parameter conf . The parameter simply sets the
minimum acceptable probability 𝑃 (𝑎𝑚 < 𝑏𝑙𝑜𝑤𝑒𝑟 |𝑎𝑖 < 𝑎𝑚𝑖𝑛) that
the chosen 𝑎𝑚𝑖𝑛 should satisfy. ConvReflex then tests all possible
𝑎𝑚𝑖𝑛 from the greatest to the least. For example, for the case in
Figure 5 where we look for a 𝑎𝑚𝑖𝑛 for step 8 of the convolution
operation, when the target conf is set to 100%, we find the first 𝑎𝑚𝑖𝑛

to satisfy 𝑃 (𝑎16 < −128|𝑎8 < 𝑎𝑚𝑖𝑛) = 100% is −284. In other words,
if we choose to trigger the shortcut when the intermediate result
at step 8 is smaller than −284, we expect a 100% chance of seeing a
clamped final result according to the profiled history behavior of
the convolution kernel.

Note that even when conf is set to 100%, it might happen that
the accuracy loss introduced by the shortcuts is beyond the budget,
because some corner cases where an intermediate result does not
lead to clamping may not be seen in the profiling process. Thus, for
conf at 100%, ConvReflex allows ignoring a certain proportion of
edge cases that already satisfies the requirement when sweeping
all possible 𝑎𝑚𝑖𝑛 ’s from the greatest to the least. For example, for a
conf parameter of 100%, if ignoring 20% edge cases, the first 𝑎𝑚𝑖𝑛

that satisfies the requirement in Figure 5 will not be −284, but −291
instead. This design enables having a safety margin in the step
to create shortcuts, and gives ConvReflex the ability to limit the
accuracy loss to an arbitrarily small budget.

Shortcut position. ConvReflex performs the profiling such as in
Figure 5 and the process to choose a shortcut for each computation
step of a convolution kernel. In the example in Figure 6, we show
the profiled data for all 16 computation steps in the convolution
kernel. For each step, we also mark the choice of shortcut triggering
condition with vertical dotted lines and notations about 𝑎𝑚𝑖𝑛 , if any.
The notations additionally contain extra information, 𝑃 (𝑎𝑖 < 𝑎𝑚𝑖𝑛),
which is the probability that the shortcut can be triggered.

ConvReflex allows only one shortcut in each convolution ker-
nel, and thus, the best shortcut will be chosen out of the 16 steps.
The choice is simply based on the expected number of steps they
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Figure 6: Visualization of the profiled data at each computation step of a convolution kernel, together with the choice of

shortcut triggering condition chosen at each step with conf = 100%. In each sub-figure, the bar chart shows the profiled data in the format

of normalized frequency of the intermediate result’s value and the value leading to a clamped final result at that step. The vertical dotted line and

the notation in each sub-figure, if plotted, describe the chosen shortcut triggering condition at 𝑐𝑜𝑛𝑓 = 100%. Additionally, the notations display
the probability that the shortcut can be triggered, i.e. 𝑃 (𝑎𝑖 < 𝑎𝑚𝑖𝑛), which will be used when selecting the best shortcut position from the 16 steps.

can skip, described by:

(𝑚 − 𝑖) ∗ 𝑃 (𝑎𝑖 < 𝑎𝑚𝑖𝑛) (5)

which is the product of the remaining computation steps that can
be skipped and the probability that a shortcut will be taken. In the
example in Figure 6, the shortcut will be set after computation step
7, as the shortcut here can skip 9 steps, with a 0.10 probability of
being triggered, which results in an expected computation step
omission of 0.9, ranking the highest among all choices.

3.4 Evaluating and Adjusting Shortcut Selection

It might be not straightforward to adjust the conf parameter directly
since there is no direct feedback as to how the model will be affected
by different conf settings. Thus, what ConvReflex exposes to the
user is another parameter: the budget for accuracy loss, denoted as
𝑘 . The user only needs to set up a upper limit for the accuracy loss
in the shortcut-enabled CNN model, and ConvReflex iteratively
looks for the best shortcuts which yields the most gain in time
saving, while strictly limiting the accuracy loss below 𝑘 .

With the constraint 𝑘 , after profiling, ConvReflex iteratively
attempts to create shortcuts and evaluating the accuracy of the pro-
duced model, following a series of conf settings with increasingly
relaxed tolerance for error. Our preset conf setting series start from
100% and end at 90% with gradually increasing strides from 0.1% to
5%. The user can also modify this default setup according to their
needs. The accuracy loss of the generated model compared to the
baseline model will be evaluated based on a different subset of the
test set than the subset used for profiling. If the accuracy loss is
still within the budget, the next, more relaxed conf parameter will

be used in the next iteration when re-selecting shortcuts and evalu-
ating. The process stops when the generated model can no longer
stay within the accuracy loss budget 𝑘 , and the model generated in
the last iteration will be selected as the final output of the pipeline.

3.5 Implementation

In this subsection, we explain the implementation of the compo-
nents of ConvReflex.

Model execution support.We implement support for code gen-
eration and execution for .tflite format CNN models, which
produces C code that can be deployed on MCUs. We base our code
generation framework on MCUNet [31]’s TinyEngine module [34]
and use this as the baseline for our comparison, since TinyEngine
exhibits state-of-the-art performance surpassing other popular edge
AI inference frameworks, such as Google’s TF-Lite Micro [16],
ARM’s CMSIS-NN [8] or STMicroelectronics’ X-CUBE-AI [50]. We
tailored TinyEngine to fit the instruction set architecture of the
Cortex-M0+ MCU [9] used in our evaluation and added supports
for the operators involved in the neural networks we use. We also
extend the existing code generation functionalities to support gen-
erating inference code with the extra information describing the
shortcuts, and modify library functions in TinyEngine to support
the shortcut functionalities. We do not compare our work with
saturation-aware convolution [29], because its space overhead ex-
ceeds our experiment platform’s memory limitations for several
workloads, rendering the comparison partial. However, it is indeed
feasible to implement ConvReflex based on other frameworks which
supports .tflite model execution on MCUs.
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We add in support for generating inference code with extra
shortcut information based on TinyEngine’s code generation. In
the generated code, the position and the triggering condition of each
kernel’s shortcut are written as C arrays and placed alongside each
layer’s weight array. Our modified convolution function accepts
additional parameters that pass in the position and condition for
each of the convolution kernels in a layer in the format of C arrays,
which will be further passed to the matrix multiplication function
that is called by the convolution function after im2col conversion.
The execution logic of the modified matrix multiplication in our
convolution function is similar to the example in Figure 3.

Our implementation only consider lower-bound value clamping,
i.e. the type of clamping where the final value is clamped to the out-
put neuron’s lower boundary, since we find that lower-bound value
clamping takes up more than 99.5% of all the observed value clamp-
ing on average across all workloads involved in our evaluation.
While there is no additional complication or significant memory
overhead to include upper-bound clamping check, the computation
overhead of one extra conditional branch is unlikely to be worth-
while, because this check likely does not skip any computation
most of the times, giving very limited gain, if any.

Profiling support. ConvReflex’s profiling functionality involves
modified TinyEngine libraries to output computation traces when
executing CNN inference and a Python script to parse the traces.

To generate the computation traces, we integrate the data gather-
ing and printing functionalities into TinyEngine’s library functions.
With associated compilation flags, the convolution and matrix mul-
tiplication functions print the trace of the intermediate result of
each convolution operation, alongside the information about the
final result before and after clamping. Note that the trace can be
gathered on any platform, but not limited to the particular MCU
where the CNNmodel will be deployed. We develop a Python script
to parse and organize the data in the execution trace files. Data are
organized at the granularity of computation steps. The script saves
the profiled data as pickle files, and supports incremental updates
to saved data, so that profiled data of new computation traces can
be merged into existing data.

Shortcut selection and accuracy evaluation. We develop a
Python script to implement the shortcut selection process. Besides
the profiled data, the script requires the setting for the conf param-
eter and the proportion of ignored edge cases if conf = 100%, as
explained in Section 3.3. For one convolution kernel, the shortcut
selection script first finds the suitable shortcut triggering condition
at each computation step, and then compares the expected gain in
computation step omission at all computation steps to find the one
with the most potential gain.

Accuracy evaluation is supported by a series of bash scripts au-
tomating the process. Taking as input 𝑘 , the accuracy loss budget,
the scripts drive the workflow to iteratively evaluate the accuracy
of the CNN model produced by ConvReflex and adjust the conf
parameter to generate a new model with different shortcuts. The
process starts with generating code for, compiling and executing
the CNNmodel. The model is executed in a loop that runs all inputs
from the subset of test set used exclusively for accuracy evalua-
tion in pipeline. The scripts then gather accuracy information from
the outputs of the executions, and decide whether the pipeline can

Table 1: Models evaluated. We test various of benchmarks with

different task types and a wide range of sizes.

Model Task Type

Model Size

in .tflite

Format (kB)

Mini ResNet [17]

Audio event detection

140
Mini ResNet
(2 stacks) 467

Mini ResNet v2 142
Mini ResNet
v2 (2 stacks) 470

Hand posture
recognition CNN Hand posture recognition 6.5

HAR IGN [21] 24 Human activity recognition 6.7
HAR IGN 48 6.5
Mobilenet

96x96 grayscale

Image classification

301

Mobilenet 96x96x3 301
FdMobilenet 192

ST FdMobilenet 217
ResNet 8 94

ST MNIST CNN 19

finish, or it should modify the conf parameter and start another iter-
ation. Note that, just like profiling, during accuracy evaluation, the
C code of the candidate CNN models can be run on any platform.

4 Evaluation

We conduct experiments to investigate the time and energy saving
ConvReflex can provide on real development boards. We also
investigate the overhead brought by having the shortcuts in the
convolution kernels, namely, flash space overhead and accuracy
loss. Our evaluation results show that:

• Compared to a vanilla model with no shortcuts, ConvReflex
enables on average 11% and 14% time saving when using 1%
and 3% accuracy loss budget (𝑘), respectively.

• With ConvReflex, 15% and 20% of the computations in
convolutional layers are skipped, when using 1% and 3%
accuracy loss budget (𝑘), respectively.

• ConvReflex causes small space overhead and little changes
in the current draw, and thus the energy savings are nearly
proportional to the time savings.

• On the test set, the accuracy drop introduced by ConvReflex
is still within the 1% and 3% budget.

4.1 Experimental Setup

Platform and benchmarks. We carry out experiments on a
STM32 G0B1RE [51] development board with a Cortex-M0+
MCU [9], with 144 kB of RAM and 512 kB Flash memory.

We evaluate with CNNmodels from STM32 Model Zoo Suite [48,
49], and we select models that do not exceed the Flash and RAM
capacity of our board. They are summarized in Table 1. The models
we select cover a wide range of task type, including audio event
detection, hand posture recognition, human activity recognition
and image classification. The size of the models vary from several
kBs to hundreds of kBs. The architectures of the models also include
various structures, such as depth-wise convolutional layers and
residual connections. We use models in .tflite format, as this is
the format that ConvReflex supports as input. For several models
whose .tflite versions are not released in STM32 Model Zoo, we
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Figure 7: CNN inference time reduction by enabling ConvReflex. ConvReflex enables up to 27% time saving.

MiniResNet MiniResNet
(2 stacks)

MiniResNet
v2

MiniResNet
v2 (2 stacks)

Hand
Posture

Recognition

HAR IGN
24

HAR IGN
48

Mobilenet
96x96 gray

Mobilenet
96x96x3

FdMobilenet ST
FdMobilenet

ResNet 8 ST MNIST Average
0

20

40

Sk
ip

pe
d 

Co
m

pu
ta

tio
ns

in
 C

on
v 

O
pe

ra
tio

ns
 (%

)

10.2

21.4

5.3 3.8

31.1

19.2
15.5

24.3
17.1

9.3

21.0

2.6

17.3 15.2
22.3

26.4

5.8 4.6

43.4

19.2
15.5

27.1
21.3 21.5

27.3

6.0

17.3 19.8

k=1% k=3%

Figure 8: Skipped computation steps in convolution kernels by enabling ConvReflex. ConvReflex helps models to skip up to 43.4%

of the computation steps in convolution kernels. On average, 15.2% and 19.8% computation steps are skipped, for 𝑘 = 1% and 𝑘 = 3%, respectively.
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Figure 9: Energy saving by enabling ConvReflex. The energy saving is close to the percentage of time saving.

convert them into .tflite format using the quantization scripts
provided in STM32 Model Zoo [49].

Metrics.We investigate the following aspects:
(1) Average execution time. We measure execution time on the

MCU using the HAL_GetTick() function in STM32 libraries.
This function returns time at a millisecond resolution.

(2) Skipped computation steps. We modify the convolution func-
tions to record and print information regarding skipped com-
putation steps. For this metric, we execute the models on a
desktop machine, because no platform-dependent informa-
tion is generated.

(3) Average energy consumption. We first measure the average
current consumption for each run on theMCUusing aNordic
Power Profiler Kit II. This tool can provide a stable 3.3V
voltage and supports high-precision current measurements
(10kHz sample rate, 100nA resolution) via direct pin con-
nections. Then, the energy consumption is computed as the
product of the average current, supply voltage and average
execution time.

(4) Space overhead. We obtain information of the Flash memory
usage with the help of the tools in STM32CubeIDE.

(5) Accuracy at run-time. As the accuracy loss budget 𝑘 only
strictly constrains the accuracy loss in the compile-time
evaluation, we further investigate the run-time accuracy of
the shortcut-enabled models using a different subset of the
test set which is not seen in the compile-time pipeline.

We compare the models generated by ConvReflex with the
baseline models without shortcuts. For a fair comparison, the C
code of the models are generated with the same, TinyEngine-based
code generation tool in ConvReflex, the only difference being
whether the shortcuts are enabled.

Preparation. Using ConvReflex, we produce CNN inference code
for MCUs under two setups for the accuracy loss budget: a conser-
vative setup where we set the accuracy loss budget 𝑘 to 1%, and a
more aggressive setup where we set 𝑘 to 3% to tolerate more error
and trade it off for time saving.

First, we split the test set for each model into three: a small split
of tens of inputs for compile-time profiling, a relatively larger split
with hundreds of inputs for compile-time accuracy evaluation, and
the rest as the actual test set. We do not conduct experiments with
any data known to the models, and make sure the input data used
by ConvReflex’s pipeline are not reused for further tests.
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Table 2: Characterization of the result after running Con-

vReflex’s pipeline on the models.We show the eventual conf

parameter chosen by ConvReflex’s pipeline, and the accuracy com-

parison between the baseline and shortcut-enabled model.

Model
Baseline

Acc. (%)

k=1% k=3%

Chosen

conf (%)

Acc. in

eval (%)

Chosen

conf (%)

Acc. in

eval (%)

Mini ResNet 85.63 99.9 84.69 97 84.06
Mini ResNet
(2 stacks) 85.63 97 85 95 83.8

Mini ResNet v2 86.89 92 86.56 90 84.38
Mini ResNet
v2 (2 stacks) 89.06 95 89.38 92 86.25

Hand posture
recognition CNN 98.44 100* 97.5 99.9 95.62

HAR IGN 24 92.19 95 91.56 95 91.56
HAR IGN 48 91.56 90 94.69 90 94.69
Mobilenet

96x96 grayscale 76.56 97 76.88 95 73.75

Mobilenet 96x96x3 90.63 99.5 89.69 98 89.06
FdMobilenet 85 100* 84.38 97 83.13

ST FdMobilenet 86.56 99.2 87.19 97 85.31
ResNet 8 84.38 99.9 84.06 95 82.19

ST MNIST CNN 90.31 99 90 99 90
* Profiled with 1/6, or 16.7% edge cases ignored, as explained in Section 3.3. The
highest preset 𝑐𝑜𝑛𝑓 at 100% cannot keep the models’ accuracy loss within the
𝑘 = 1% budget.

We then run ConvReflex’s pipeline under the two 𝑘 setups for
all of the models to be evaluated, on a Macbook pro M1 machine. In
the iterative conf adjusting stage, we use up to 12 conf parameter
ranging from 100% to 90%. For small models such as HAR IGN 24,
it takes about 10 minutes to run the whole pipeline for profiling,
shortcut creation, accuracy evaluation, and iterative conf adjusting.
For larger models such as ResNet, the whole process takes 5 to 7
hours. The profiling stage usually takes the most time, which can
be 1 hour to 1.5 hours for larger models, but the result of profiling
can be reused for later iterative stages.

The pipeline eventually produces CNN inference code written
in C that is ready to be deploy onto the MCU. In Table 2, we show
the eventual choice of conf parameters after the iterative adjust-
ing process, and the accuracy comparison between each model’s
baseline version and their shortcut-enabled version. Some models,
namely, HAR IGN 24, HAR IGN 48 and ST MNIST CNN end up
with the same conf parameter with different 𝑘 setups, since none
of the conf parameters can produce a model with more than 1%,
but less than 3% accuracy loss. With a 𝑘 = 1% accuracy loss budget,
Hand posture recognition CNN and FdMobilenet use a conf = 100%
but additionally ignores 1/6 edge cases, since the highest preset
conf = 100% alone cannot keep the model’s accuracy loss within
the 1% budget. There are also instances where the evaluated ac-
curacy of a model produced by ConvReflex is greater than the
baseline, especially with the 𝑘 = 1% setup. We believe the reasons
to this is two-pronged: on the one hand, the 1% difference is actually
smaller than the natural deviation of the accuracy evaluation result;
on the other hand, injecting noise may in turn help improve the
accuracy of a network [37].

4.2 Time Saving

We report the time saving by ConvReflex in Figure 7. With a
𝑘 = 1% accuracy loss budget, ConvReflex enables the MCU to

save on average a 10.7% fraction of the execution time, which goes
up to a 21% saving for the hand posture recognition CNN.When the
accuracy loss in compile-time accuracy evaluation is allowed to go
up to 3%, the average time saving is 14.2% (up to 27%). Indeed, hand
posture recognition CNN shows the highest time saving. According
to Figure 2, as much as 61% of the computations in the convolutional
layers of this model have no effect on the output neuron’s final
value; we believe its high potential in the computation steps that
can be skipped contributes to its high on-board time saving.

ConvReflex yield high performance gains for most of the CNN
models, with exceptions for MiniResNet v2 and 8-layered ResNet.
This is because these models contain convolutional layers with no
activation function. For such layers, value clamping happens very
rarely because there are no extra constraints like ReLU or ReLU6 on
the layer’s output, and thus ConvReflex finds no opportunities for
creating shortcuts. For example, more than half of the convolution
layers in ResNet 8 have no activation function, and these layers
consist of 59% of all convolution computation steps of the model.

4.3 Skipped Computation Steps

We conduct further investigation on the number of skipped com-
putation steps in our experiments, shown in Figure 8. On average,
15.2% and 19.8% of the computation steps in convolutional layers
are skipped, with setups of 𝑘 = 1% and 𝑘 = 3%, respectively. For
the hand posture recognition CNN which exhibits the highest time
saving, up to 43.4% of the computation steps is skipped (𝑘 = 3%).

The models we consider consist mainly of convolutional lay-
ers [48]. The vast majority of the models’ execution time is spent in
convolutional and fully-connected layers, which are implemented
as a special case of 1 × 1 convolution in TinyEngine [34]; other
operations such as pooling, reduce, point-wise addition and multi-
plication take negligible time. Thus, the data in Figure 8 and Figure 7
indicates a positive correlation between the skipped computation
and the time saving. The relation appears to not be strictly propor-
tional. We believe the variance is related to how many times the
shortcuts are triggered. For example, a kernel with more computa-
tion steps is less affected by the overhead of executing the shortcut
condition checks, as the overhead is relatively small compared to
the kernel’s total execution time.

Unfortunately, even if convolution takes up the majority of ex-
ecution time of these CNN models, the relation between the two
cannot be described by a simple linear model, because the execution
overhead of the shortcuts is affected by multiple complex factors.
For example, both the shortcut triggering condition and taking the
shortcut require branching instructions, but the latter is not always
executed for each and every shortcut, but depends on whether the
triggering condition is met.

Increasing 𝑘 from 1% to 3% brings an increase in the percentage
of skipped computations for all of the models, except the ones
where the two setups generate the same shortcut settings. Among
these, MiniResNet, Hand Posture Recognition, FdMobilenet and
ResNet 8 enjoy the most increase. As shown in Table 2, these four
benchmarks have the most strict conf setting when 𝑘 = 1%. We
believe that there is a diminishing marginal effect in relaxing the
conf parameter, i.e. as conf becomes more and more relaxed, the
return in skipped computations becomes less.
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Figure 10: Increase in current draw. ConvReflex incurs very small increase in the current draw.
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Figure 11: Flash space overhead introduced by ConvReflex. ConvReflex introduces negligible space overhead. The average overhead in

flash usage is merely 3.4%, and the highest overhead is 5.4%. The space overhead is nearly the same for 𝑘 = 1% or 𝑘 = 3%, because 𝑘 seldom affects

the number of shortcuts.

4.4 Current Draw and Energy Saving

We run the models on a real MCU and measure the average current
consumption of the development board with a power profiler, which
provides stable supply voltage and profiles current and energy
consumption. With the measurement of average execution time and
current draw for each model, we estimate the energy consumption
with the product of execution time, supply voltage and current.

We report the energy saving in Figure 9. The reduction in energy
consumption is close to the reduction in execution time; ConvRe-
flex saves 9.8% and 13.2% energywith𝑘 setups of 1% and 3%, respec-
tively. This is expected, since on ultra-low-power MCUs, the energy
consumption is nearly proportional to the active time [38, 41, 45, 47],
as they mostly lack features such as DVFS [4, 6].

Additionally, we report the current draw in Figure 10.We observe
very small changes in current draw when running the models
optimized by ConvReflex compared to the baseline models. On
average, the current only increases by 0.98% and 1.13% with 𝑘 =

1% and 𝑘 = 3%, respectively. However, as small as the changes
are, the current draw always increases on models produced with
shortcuts. We believe the small increase of current draw is due to
the extra branch instructions introduced by the shortcuts, since
branching contributes more to energy consumption than common
instructions [36].

4.5 Space Overhead

As ConvReflex uses extra C arrays to pass the shortcut informa-
tion, i.e. the position of the shortcut in the convolution kernel’s
computation steps and the condition to trigger the shortcut, to
convolution kernels, we also investigate its space overhead. As in
Figure 11, we find the model inference code generated by ConvRe-
flex only takes up 3.4% extra flash memory on average, and the
overhead is no more than 5.4%.

In Figure 11, the space overheads of using setup 𝑘 = 1% and
𝑘 = 3% appear the same. The actual difference between two setups
is usually only a few bytes, if any. This is because the space needed
for one shortcut is always the same, and the space overhead is
proportional to the number of shortcuts. Changing the accuracy
loss setups 𝑘 seldom affect the number of shortcuts, but will only
change their position and triggering conditions.

MiniResNet v2 has the least overhead, and this is due to the
network having only a few layers with shortcuts. On the other hand,
the four Mobilenet or FdMobilenet models have the most space
overhead, since almost all layers in these models have shortcuts.

4.6 Deployed Model Accuracy

As the accuracy loss budget 𝑘 only puts constraints on the accuracy
during compile-time, we further investigate whether the accuracy
of models during our real-board evaluation can stay within the con-
straints of 𝑘 , and report it in Figure 12. Note that this investigation
does not include the four MiniResNet models, since they are trained
and tested on the ESC-10 dataset [40] which contains very limited
number of inputs. As we need to split out parts of the test set for
profiling and compile-time accuracy evaluation, we do not have
enough input left in the rest of the test set to observe the accuracy
change with a resolution under 1%. Thus, the evaluation for the
four MiniResNet models would not be trustworthy, and we omit
them from this subsection.

As shown in Figure 12, For the models generated by ConvRe-
flex with 𝑘 = 1%, the accuracy loss is at most 0.7%. For those
generated with 𝑘 = 3%, the accuracy loss is at most 1%. Similar to
the accuracy evaluated at compile-time in Table 2, there are also
models exhibiting positive accuracy change, i.e. increased accuracy,
despite ConvReflex infusing shortcuts into them which in theory
can bring in error. We also believe this is because injecting noise
into the network in turn helps improve its accuracy [37].
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Figure 12: Deployed model accuracy compared to baseline.

The accuracy loss budget 𝑘 only guarantees a constraint in compile-

time evaluations. When the model is out of the compile-time pipeline,

we re-evaluate the model accuracy with unseen test inputs. The result

confirms that the accuracy loss is still under 1% and 3%, which are

the 𝑘 values used at compile time.

5 Discussion

In the following, we articulate the rationale behind some key design
choices and discuss limitations of our work.

Generalizability. The design principles of ConvReflex are ap-
plicable to neural network layers or structures with the following
properties: (i) the value of each neuron is decided via a sequence of
computations, so that there are opportunities for early-exits, and
(ii) each neuron’s value is capped at a set of fixed boundary, so
that it is practical to predict the final value. Thus, ConvReflex is
not limited to CNNs. It can be directly applied to fully-connected
layers, as they are essentially special cases of convolution layers
with 1 × 1 filters. ConvReflex may also be applied to transformer
models [52], provided that the model contains non-linear activation
functions that enforce clear upper and/or lower boundaries on the
computation result. However, the trade-off between the overhead
and gain of ConvReflex on more complex neural networks are to
be empirically analyzed.

ConvReflex may be ported to more capable hardware plat-
forms. There are no explicit hardware requirements in the design of
ConvReflex. We do acknowledge that ConvReflex may be more
effective on scalar, in-order platforms because SIMD vectorization
can weaken the effect of ConvReflex since the integrity of vec-
torized computation must be retained, leaving fewer choices for
placing shortcuts. We also acknowledge that the overhead of condi-
tional branches may be relatively larger in more complex processor
pipelines. We design ConvReflex prioritizing energy efficiency,
targeting energy-scarce use cases where the computing system
may even operate on harvested energy, and thus ultra-low-power
MCUs [41] are usually the target platform. We experiment with
a Cortex-M0+ platform, because it is a truthful representative of
such platforms and supports the underlying ARM CMSIS-NN [8]
libraries which our baseline TinyEngine [31, 34] relies on.

Profiling data. Data from the test set can be trusted as profiling
set inputs. In the first place, a neural network model is trained on

a dataset that is believed to be representative of real-world use
cases. If a drastically different, never-seen data input is fed into the
network, indeed the ConvReflex shortcut triggering conditions
may fail to work properly, but the neural network itself cannot
correctly classify the input, either.

The profiling set does not need to be large to be representative
of real-world data. In our experiments, the profiling sets are limited
to only 32 inputs. Because the same convolution kernel can operate
on the same layer input up to hundreds of times, even a small
profiling set suffices to collect information about the behavior of
each convolution kernel.

6 Conclusion

We presented ConvReflex, a toolchain aimed at supporting effi-
cient CNN inference on ultra-low-power MCUs by predicting value
clamping. For a convolution operation that generates a value that
will be clamped to the boundaries defined by the allowed value
range of the output neuron, it is unnecessary to compute the exact
convolution result, since the result eventually will be clamped to
a certain value. ConvReflex enables convolution operations to
predict such value clamping behavior, and take a shortcut to jump
to termination, skipping the remaining computations. By analyz-
ing the data obtained from compile-time profiling, ConvReflex
carefully selects the statistically optimal condition to trigger the
shortcuts as well as their best location in the execution flow of a
convolution kernel, so that the shortcuts may yield the most gain in
time saving, while introducing little to no error. These procedures
are done under the constraint of an accuracy loss budget given
by the user, representing the maximum tolerated accuracy loss in-
duced by the shortcuts in a CNN model. We evaluate ConvReflex
on 13 various CNN models on a development board equipped with
a Cortex-M0+ MCU, and obtain on average 11% (up to 21%) execu-
tion time reduction with an accuracy loss budget of 1%. With 3%
accuracy loss budget, the gain in time saving is 14% (up to 27%).
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