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Abstract—Quantized CNN inference on ultra-low-power MCUs
incurs unnecessary computations in neurons that produce sat-
urated output values. These values are too extreme and are
eventually clamped to the boundaries allowed by the neuron.
Often times, the neuron can save time by only producing a value
that is extreme enough to lead to the clamped result, instead
of completing the computation, yet without introducing any
error. Based on this, we present saturation-aware convolution: an
inference technique whereby we alter the order of computations
in convolution kernels to induce earlier saturation, and value
checks are inserted to omit unnecessary computations when
the intermediate result is sufficiently extreme. Our experimental
results display up to 24% inference time saving on a Cortex-M0+
MCU, with zero impact on accuracy.

I. INTRODUCTION

TinyML applications such as convolutional neural networks

(CNNs) empowers complex data processing on ultra-low-

power devices under power-scarce environments [1, 2, 3]. The

CNN inference latency translates almost linearly to energy

consumption [4, 5] as these microcontrollers (MCUs) mostly

lack features such as DVFS [6, 7].

Time is wasted on neurons producing saturated values.
The majority of CNNs’ inference time is spent on multiply-

accumulate operations (MACs) in convolutional and fully-

connected layers. Their operation can be generally described

as a = bias+
∑m−1

i=0 xi ·wi, where a is the accumulation, m
is the number of computation steps, xi are the inputs, wi and

bias represent the weights and bias, respectively. However, a
is not fed to the output neuron directly. It may be too large

or too small, and causes the output neuron to saturate. Then,

the actual value of the neuron is clamped within specified

boundaries, which can be introduced by, for example, the value

range of the neuron’s data type. Computation time is wasted,

because regardless of a, a saturated neuron’s value is fixed.

We exemplify this in Figure 1, showing the computation

trace of a convolution operation for an output neuron in the

hand gesture recognition CNN from the STM32 AI Model

Zoo [8]. Since the output is of type int8, the result of the

convolution is clamped to -128. The last 10 steps are wasted.
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Fig. 1: An example of the computation trace of a convolution

operation, where the output neuron’s final value saturates.

We find that this phenomenon is common in CNNs on

ultra-low-power MCUs, which are typically quantized net-

works where the data types have smaller value ranges and

often use ReLU-like activation functions, further tightening

the boundaries. CNNs like GMP [8] also have dynamic

boundaries [9] that bear similar effects. Existing literature

extensively explores redundancy in neural networks, for ex-

ample, in weights or connections [10, 11, 12], value preci-

sion [11, 13, 14, 15], and even feature maps [16, 17] or

network structure [18, 19, 20, 21, 22, 9]. Most of these

solutions fail to exploit redundancy at per-neuron granularity.

Closest to our work is SnaPEA [23]. It analyzes neuron-level

redundancy by terminating computations that cannot produce

a positive result, by relying on the condition that the inputs of

each layer are all positive values.

We omit computations from saturated neurons. We propose

an inference technique which executes convolution kernels

while dynamically omitting the unnecessary computations in

saturated neurons without introducing error. We integrate

our design into a modified, arm-v6m compatible version of

TinyEngine, the code generation and inference engine of the

state-of-the-art MCUNet [24]. We conduct experiments on

a STM32 development board with a Cortex-M0+ MCU and

observe up to 24% time saving across 7 CNNs we test.

II. SATURATION-AWARE CONVOLUTION

We propose saturation-aware convolution, where convolu-

tion kernels allow neurons that would definitely produce a

saturated value to terminate computation early, without error.

Omitting ineffectual computations with zero error. We only

allow terminating a convolution operation when the intermedi-

ate result is too extreme, and is bound to cause saturation. This

can be done for any computation step by checking the most



(a) Conventional convo-
lution operation.

(b) Saturation-aware convolution.

Fig. 2: Conventional and saturation-aware convolution.

extreme possible future result. For example, in the case of an

int8 CNN, any future input value x is in [−128, 127]. Al-

ready knowing the weight value wi+1 at computation step i+1,

the result of this step must be within [−128 ·wi+1, 127 ·wi+1]
if wi+1 is non-negative, or [127 · wi+1,−128 · wi+1] if wi+1

is negative. Summing up all possible limits of future results,

we know ai’s future deviation will not exceed [dmin,i, dmax,i],

where dmin,i =
∑m−1

j=i+1

{−128 · wj , if wj ≥ 0

127 · wj , if wj < 0
, and dmax,i =

∑m−1
j=i+1

{
127 · wj , if wj ≥ 0

−128 · wj , if wj < 0
.

Note that values involved to compute dmin,i and dmax,i are

compile-time knowledge, easing the need for extra computa-

tion at run-time. A convolution kernel can practically utilize

the information of dmin,i and dmax,i to compare ai against

a range [amin,i, amax,i], where amin,i = −128 − dmax,i and

amax,i = 127− dmin,i. If ai has left the range, it means even

the most extreme future deviation of a cannot bring it back

into [−128, 127], and ai can be deemed “too extreme” and

will definitely lead to saturation.

Reordering computations to induce earlier saturation. The

computation order in a convolution kernel affects the changes

of intermediate results. Intuitively, we prefer the intermediate

value of a to stabilize more quickly [25], leaving less space

for deviation in the future. Thus, we reorder the computation

in a convolution kernel by the absolute value of weight wi.

The order does not affect the final result of a, since in a

quantized CNNs with integer types, the additions and multipli-

cations are commutative. However, it effectively increases the

percentage of unnecessary computations that can be omitted

without introducing error. According to our experiments, this

is increased by four times, from 5% to 20%, as discussed next.

Saturation-aware convolution execution flow. We illustrate

and compare conventional and saturation-aware convolution in

Figure 2. The output neuron’s value o is produced by filtering

out any extreme value of a through clamping. The example

saturation-aware convolution operation in Figure 2b executes

convolution with extra information. In this example, a termina-

tion check is inserted at the sixth computation step. The check

examines the intermediate result of a against [amin,6, amax,6],
and if the value is too extreme, the convolution operation will

Fig. 3: Inference latency reduction, current consumption in-

crease and energy saving with saturation-aware convolution.

be terminated, and the intermediate value of a6 will be used to

produce the result to be fed to the neuron. Moreover, instead

of executing xi · wi in the natural number order, Figure 2b

introduces a redirection array to induce earlier saturation.

III. EVALUATION

We implement saturation-aware convolution and evaluate

CNN model inference speed and energy consumption. Experi-

ments are conducted on the STM32 NUCLEO-G0B1RE devel-

opment board with a Cortex-M0+ MCU, using 7 lightweight

CNNs from the open-source STM32 Model Zoo [8, 26].

Implementation. We implement scripts to analyze models,

generate the computation order and find the layers where to

apply saturation-aware convolution. We allow up to 2 checks

per kernel, and we insert them in each convolution kernel at

the positions where the most computation steps can be omitted

statistically, which we decide by profiling the kernels’ behavior

with sample inputs not used in the evaluation.

We integrate saturation-aware convolution into a modified,

arm-v6m compatible version of TinyEngine [24], the state-of-

the-art neural network code generation and inference engine

for MCUs. TinyEngine takes in CNN models in TenforFlow

Lite .tflite format, and generates .c code that can be

compiled and run on MCUs.

Results. Saturation-aware convolution effectively reduces in-

ference latency and gains energy saving. We display the time

and energy saving in Figure 3. We achieve up to 23.9% time

saving, and up to 23.5% energy saving on HPR VL53L8CX,

averaging 11.7% and 8.6%, respectively, across all workloads.

We observe only a small increase in current consumption with

saturation-aware convolution, only 3.6% on average, as in

Figure 3 (yellow bar). We compare the CNNs’s outputs for

each single experiment with the baseline, and verify that our

technique introduces strictly zero error.

IV. CONCLUSION

We present saturation-aware convolution, where a convo-

lution kernel executes the computations in an altered order

to induce saturation and predicts saturation dynamically via

infused compile-time information, without introducing error.

Based on experiments involving 7 CNN workloads, our tech-

nique shows up to 24% inference latency reduction and up to

23.5% energy saving, with zero impact on accuracy.
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