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Abstract—Vision Transformers have recently surpassed convo-
lutional networks on several benchmark tasks, but their benefits
on extreme-edge IoT hardware remain unclear due to higher
computational and memory demands of attention-based blocks.
This paper provides a systematic comparison of tiny CNN,
Transformer, and hybrid architectures for image classification
under resource constraints. We evaluate models using hardware-
agnostic metrics (FLOPs, parameter count, and accuracy) and
hardware-specific measurements (working-memory footprint and
on-device inference latency) on an 8-core RISC-V microcontroller
with a 2 MiB on-chip memory budget. Accuracy is assessed in-
domain and under two out-of-distribution transfer settings: a
dataset shift at fixed resolution and a combined dataset-and-
resolution shift. Under hardware-agnostic profiling, attention-
based models achieve higher accuracy than CNNs at the same
input resolution (up to +3.81% in-domain and +6.67% under
dataset shift) while requiring up to 10× more operations. When
the input resolution is reduced, this advantage is not preserved
and CNNs outperform by up to 16.4%. On-device measurements
show that, among models that fit within the memory budget,
the best attention-based model (CaiT) provides 21% higher
accuracy than the fastest CNN, at a 7× latency cost, while also
exhibiting a more uniform layer-wise working-memory profile.
Overall, the results indicate that selecting tiny models for edge
IoT deployment requires hardware-aware profiling that jointly
accounts for accuracy under distribution and resolution changes,
working-memory behavior, and latency, with CNNs remaining
competitive when latency is the primary constraint.

I. INTRODUCTION

In recent years, Transformer models [38] have revolu-
tionized the field of Artificial Intelligence (AI), consistently
outperforming Convolutional Neural Networks (CNNs) in vi-
sion tasks [13] and Recurrent Neural Networks (RNNs) in
natural language processing [5]. However, despite their suc-
cess, Transformers require substantial computational resources
and memory due to the large matrix multiplications and
Softmax operations performed in their foundational blocks,
i.e., the attention layers (see Fig. 1 for a comparison with
CNNs). These issues make their deployment challenging on
resource-constrained embedded platforms, such as MicroCon-
trollers (MCUs) and Ultra-Low-Power (ULP) Systems-on-
Chip (SoCs), which are widely used in edge Internet-of-Things
(IoT) applications.

Nevertheless, recent work has demonstrated the feasibility
of deploying tiny Transformers on extreme-edge devices [42],
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Fig. 1: Maximum working memory vs. number of floating
point operations of models listed in Table I and larger variants
belonging to the same model families, evaluated on ImageNet,
on a 224×224 input.

Model Year Params FLOPs Top-1 Acc Type
TinyViT-5M [42] 2022 5.4M 1.3G 79.1–80.7% Hybrid
CaiT-XXS-24 [36] 2021 12M 2.5G 78.4% Attention
FastViT-T8 [37] 2023 4M 0.7G 77.2% Hybrid
EfficientNet-B0 [34] 2019 5.3M 0.39G 77.1% CNN
EfficientFormerV2-S0 [20] 2023 3.5M 0.4G 76.2% Hybrid
DeiT-Tiny [35] 2020 5.7M 1.26G 72.2–74.5% Attention
EdgeNeXt-XXS [24] 2022 1.3M 0.2G 71.2% Hybrid
PVT-v2-B0 [39] 2022 3.7M 0.6G ∼70% Hybrid
MobileViTv2-0.5x [26] 2022 ∼1.5M 0.5G ∼70% Hybrid
MobileViT-XXS [25] 2021 1.3M 0.4G 69.0% Hybrid
MobileNetV3 Small 0.75x [14] 2019 2.4M 44M 65% CNN
ShuffleNetV2 0.5x [23] 2018 1.4M 41M 61.1% CNN
MobileNetV2 0.35x [32] 2018 1.7M 66M 60.3% CNN
SqueezeNet V1.1 [16] 2016 1.2M 0.35G 58.2% CNN
ShuffleNetV1 0.5x [43] 2018 0.7M 38M 57.3% CNN
MobileNetV1 0.25x [15] 2017 0.5M 41M 50.0% CNN

TABLE I: List of tiny vision models below 12M parameters.
The smallest model of each model family is included. The
top-1 accuracy is reported on ImageNet [31].

[4], [8], such as MCUs, where CNNs still offer a state-of-the-
art trade-off between latency, memory usage, and accuracy.

However, existing works overlook a systematic analysis
of the trade-off between the additional computational and
memory costs introduced by tiny Transformers relative to
CNNs and their prediction accuracy, particularly under ex-
posure to unseen data distributions (i.e., domain shifts). This
phenomenon has been shown to critically degrade the accuracy
of tiny CNNs [27]. It has motivated the development of novel
On-Device (Continual) Learning algorithms to enable model
self-adaptation at the edge [29].

Therefore, at the current state-of-the-art, a key question re-
mains unanswered: what practical benefits do tiny Transform-



ers provide over CNNs on severely resource-limited hardware?
Focusing on image classification, this work presents a com-
prehensive study of tiny AI models for edge IoT deployment,
examining the trade-offs between CNN- and Transformer-
based architectures. We compare these models from a joint
perspective of computational complexity (floating-point oper-
ations per inference), parameter count, and classification accu-
racy, factors that determine deployability in hardware-agnostic
yet resource-constrained settings. We then extend the analysis
to a hardware-specific scenario, introducing two additional
evaluation metrics: working memory and inference latency. To
the best of our knowledge, such a holistic evaluation has not
been reported previously in this application domain, and it
is essential for informed model selection in real-world IoT
systems. To investigate the critical aspect of classification
accuracy in such tiny models, we evaluate model performance
under both in-domain and out-of-distribution settings. First,
we consider an in-domain scenario in which the training and
test data are drawn from the same distribution. Second, we
consider two transfer learning settings with a frozen backbone
and a trained classification head: (i) domain shift only, where
we train our detection head and evaluate on a different dataset
at the exact input resolution as pre-training; and (ii) domain
+ resolution shift, where we evaluate on the same dataset of
the previous step while changing the input resolution relative
to pre-training.
Our results show that tiny Transformers achieve higher ac-
curacy than CNNs in both in-domain and out-of-distribution
settings, but at a steep efficiency cost under a hardware-
agnostic profiling lens. In the ≈1M-parameter regime, the best
Transformer improves over the strongest CNN by +3.81% in-
domain and +6.67% for out-of-distribution, while requiring
roughly 10× more FLOPs at the same input size. Moreover,
this accuracy margin is not robust to reduced input resolution,
which is common in low-power IoT devices, either due to
sensor constraints or a deliberate choice to reduce energy con-
sumption via downsampling. In this setting, the Transformer
accuracy advantage disappears, and it instead falls 16.41%
behind CNNs. Overall, these results indicate that state-of-
the-art tiny Transformers do not offer a consistent efficiency
advantage on edge IoT devices; in practice, their adoption
depends on a careful balance of accuracy, memory footprint,
and compute, and CNNs remain a strong baseline for tiny IoT
deployments.
When considering deployment on an 8-core RISC-V micro-
controller [30], hardware-specific effects become decisive.
Among models fitting within the 2 MiB on-chip memory
budget, Transformer architectures exhibit more uniform layer-
wise memory profiles, with no layers exceeding the memory
threshold compared to 11.4% for CNNs. The best attention-
based model (CaiT-XXS-24) achieves 21% higher accuracy
than the fastest CNN at 9.41 billion cycles, while CNNs retain
a 1.5× latency advantage, with the fastest CNN requiring
only 1.37 billion cycles. These results show that while CNNs
remain the best choice when overall latency is the primary
objective, Transformers provide higher accuracy and more

bounded layer-wise memory requirements, which improves
deployability under tight on-chip budgets and indicates strong
potential for use in constrained edge environments.

II. RELATED WORK

A. Transformer Deployment on Extreme Edge Devices

Recent studies have investigated how to adapt Transformer
architectures to the stringent memory and computational bud-
gets of IoT hardware. MCUFormer [21], for instance, lever-
ages Neural Architecture Search (NAS) [10] to generate Vision
Transformer (ViT) variants tailored for microcontroller units
(MCUs). Although the approach specifically targets STM32
devices, it provides only limited analysis of memory foot-
print, end-to-end latency, and performance beyond ImageNet,
leaving open questions regarding real-world deployability and
generalization.

Burrello et al. [4] introduce a dedicated runtime stack with
optimized kernels to reduce data marshalling overhead when
executing hybrid CNN-Transformer models on MCUs. Their
framework combines FP32 and INT8 quantization techniques
(e.g., I-BERT [17] and NEMO [7]) to lower memory usage
and latency. However, the evaluation is confined to a single
application domain using the TinyRadarNN dataset [33], pro-
viding limited insight into how well these methods generalize
across different vision tasks or hardware platforms.

MobileViT [25] proposes a lightweight architecture that
integrates convolutional layers with Transformer blocks at
a scale comparable to MobileNet [14]. While it improves
ImageNet-1K accuracy and generalization by approximately
2% over MobileNet, its inference latency can be up to 9×
higher at similar parameter counts, raising concerns about its
suitability for latency-sensitive edge deployments.

In contrast to these efforts, we focus on benchmarking
state-of-the-art tiny Transformer models alongside CNNs to
systematically analyze the trade-offs involved in deploying
these architectures on extreme-edge devices.

B. Comparison Between CNNs and Transformers

Several studies have compared CNNs and Transformers on
vision tasks from an architectural and accuracy perspective.
Bai et al. [1], for example, evaluate ResNet-50 [18] and
DeiT [35] on ImageNet [31], ensuring a fair comparison in
terms of model size and training strategy. Their results show
that CNNs are equally or more robust to specific perturbation-
and patch-based adversarial attacks. In contrast, Transformers
achieve superior performance on out-of-distribution data, with
accuracy gains ranging from 4.7% to 10% across benchmarks.
However, their analysis is restricted to large-scale models and
does not account for memory footprint, FLOPs, or latency,
factors that are critical for deployment on low-power hardware.

Similarly, Wang et al. [40] introduce ViT-inspired de-
sign elements into a ResNet architecture, such as patchified
stems [9] and larger convolutional kernels. Their modified
model achieves up to a 5.8% improvement in accuracy over
DeiT-B on out-of-distribution data. Nevertheless, this perfor-
mance gain comes at a computational cost comparable to DeiT,



and the study does not include a hardware-aware evaluation
to assess the trade-off between accuracy and efficiency in
resource-constrained environments.

In contrast to these works, we present a systematic analysis
of CNNs and Transformers specifically designed for extreme-
edge devices. Beyond model size and accuracy, we evaluate
on-device latency, memory usage, and robustness to domain
shift, enabling a more comprehensive assessment of which
architectures are best suited for deployment under stringent
hardware constraints.

C. Domain Shift in Tiny Edge AI

Memory and computational constraints of extreme-edge
devices limit the deployment of AI in IoT systems to very
small, task-specific models, which often exhibit limited gen-
eralization capability.

Prior works, such as Lotti et al. [22], indicate that large
Transformer architectures may adapt more effectively than
similarly sized CNNs in specialized applications. However,
to the best of our knowledge, no study has examined whether
this advantage persists under the tight resource budgets and
application constraints typical of IoT and extreme-edge sce-
narios.

Domain shift in IoT contexts has been predominantly inves-
tigated in CNN-based models, with studies highlighting their
pronounced performance degradation when exposed to out-of-
distribution data. For example, in monocular depth estimation,
Nadalini et al. [27] show that a 107k-parameter CNN achieves
less than 20% accuracy when evaluated on a different outdoor
setting from the KITTI dataset [12].

Building on these findings, we present a systematic study
of domain shift in image classification for extreme-edge
devices. We compare more than 10 tiny models, including
CNNs, Transformers, and hybrid architectures, under identi-
cal domain-shift scenarios, providing the first comprehensive
cross-family evaluation of model robustness at the extreme
edge.

III. METHOD

We assess the deployability of CNNs and Transformer-based
models, and their performance on edge platforms, using a
set of complementary metrics that jointly form a hardware-
agnostic benchmarking suite for edge AI deployment.

Specifically, we evaluate the following: Number of param-
eters (in millions) is a proxy for representational capacity and
storage footprint; when multiplied by the number of bytes
used to store weights, it must fit within the available on-
board non-volatile memory (e.g., flash). FLOPs per inference
(in billions) measures the computational complexity of a
single inference, accounting for dominant operations such as
matrix multiplications, non-linear activations, and Softmax,
and is commonly used as an indicator of inference latency
and energy consumption on the target hardware. Classifi-
cation accuracy (percentage of correct predictions) is the
test accuracy on data drawn from the same distribution as
the training set, representing upper-bound performance under

nominal conditions. Robustness to domain shift (percentage of
correct predictions) is the test accuracy on data from unseen
distributions, capturing performance degradation under domain
shift and indicating model reliability and the potential need for
retraining or adaptation during deployment.

When selecting a model for deployment on embedded
hardware, these hardware-agnostic metrics are complemented
with two hardware-aware metrics. Working memory footprint
(in MB) is the peak memory required during inference and
must fit within the available on-chip RAM, cache, and/or
scratchpad; larger footprints can increase latency and energy
due to tiling and additional data transfers. Inference latency
(in clock cycles) is measured directly on the target platform
using on-board performance counters.

For the specific workload (image classification in our case),
the best-suited model is selected as the one that achieves the
best trade-off on the target hardware among those selected dur-
ing the hardware-agnostic evaluation. We provide an example
of our study in Sec. V.

IV. EXPERIMENTAL SETUP

A. Target Models

In line with the considerations in Sec. III, we select
CNN- and Transformer-based architectures with a maximum
parameter count of 12 million. The target models included
in our profiling study are listed in Table I, which reports
their ImageNet Top-1 accuracy (as stated in the corresponding
reference papers and in PyTorch Image Models (Timm) [41])
together with their computational complexity. We verified all
reported complexity figures using a 224×224 RGB input
for every model. Finally, we group the selected architectures
into three categories: (i) pure CNNs, (ii) pure attention-based
transformers, and (iii) hybrid attention-CNN designs.

B. Datasets & Benchmark

We evaluate on two standard TinyPerf benchmarks [2]:
CIFAR-10 [19] for general-purpose object classification and
Visual Wake Words (VWW) [6] for application-oriented visual
recognition. For both datasets, we hold out 10% of the original
training set for validation, resulting in 45000/5000/10000
train/val/test images for CIFAR-10 and 103500/11500/5000
samples for VWW. These splits are kept fixed across all
experiments, including those at different input resolutions.
In particular, for CIFAR-10, we consider the native 32×32
resolution as well as an upscaled 224×224 version obtained
via bilinear interpolation. In contrast, for VWW, we consider
96×96 and 224×224, consistent with the range of input sizes
discussed in the original benchmark.

C. Training and Evaluation Setup

All training and evaluation runs are performed on A100
GPUs using PyTorch 2.0.0 and CUDA 12.1. Our protocol
starts from ImageNet-pretrained networks and comprises three
complementary evaluations. We first quantify in-distribution
performance by evaluating each pretrained model on the
ImageNet validation set at 224×224. We then study domain
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3) CIFAR-10 Evaluation
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Transformer
CNN

MODEL FAMILY:
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EdgeNeXt
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Fig. 2: Accuracy vs. number of parameters and floating point operations on the ImageNet, VWW and CIFAR-10 Datasets. For
all evaluations we consider a 224×224 input image.

transfer by adapting the pretrained backbones to each target
dataset via head-only fine-tuning, initially keeping the Ima-
geNet input resolution (224×224) to isolate the effect of the
dataset shift.

Finally, to characterize the impact of input size, we repeat
the same head-only adaptation at the dataset-native resolution,
namely 32×32 for CIFAR-10 and 96×96 for VWW, and
evaluate using the corresponding fixed splits.

All training in our evaluation uses the same optimizers
and hyperparameters as in the original papers presenting each
model, with only two exceptions.

Mobilenetv3 [14] and EfficientNet [34] have been trained

using an AdamW optimizer with a learning rate set to 5 ∗
10−4 and weight decay set to 5 ∗ 10−2, as the original works’
configuration failed to converge in our testing framework. All
trainings use the same augmentations: a random Horizontal
flip and a random crop, both with an execution probability of
50%.

To evaluate working memory, we compute the worst-case
per-layer memory required by a given model. This offers a
finer-grained profiling compared to an end-to-end approach, as
it enables precise identification of the layers which consume
disproportionate memory or compute power. It is equal to the



maximum memory occupied by any single layer of that model,
including the inputs, the required buffers (including the output
buffer), and the weights and biases. We omit auxiliary code
elements, such as kernel-required loop index variables, as they
constitute a negligible portion of the memory needed and are
implementation-dependent. The network’s FLOPs are instead
obtained using Facebook Research’s fvcore library [11].

D. Deployment Flow

For deployment, we use PULP-TrainLib [28] as an opti-
mized DNN inference library for multi-core RISC-V MCUs,
enabling efficient on-device execution on ultra-low-power plat-
forms. The library provides a range of performance-tunable
DNN layer primitives implemented via matrix-multiplication-
based kernels, along with common activation and support
functions required for end-to-end inference.

To optimize kernel performance, PULP-TrainLib is coupled
with a hardware-in-the-loop method that greedily selects,
layer by layer, the primitive that minimizes latency given the
network structure and the memory constraints of the target
device. Results show that this approach improves MAC/clk
by up to 2.4× over a matrix-multiplication baseline, reaching
4.39 MAC/clk.

PULP-TrainLib requires PULP-SDK [3] and the RISC-
V GNU GCC Toolchain to be used and compiled. The
library targets a PULP SoC instance that includes an MCU
for control-related tasks and a multi-core cluster for parallel
computation, where the cluster includes 8 RISC-V cores. Each
core implements a basic set of standard RISC-V extensions
(RV32IMFC), and a custom extension (Xpulp) provides DSP-
like features including post-increment load/store operations
and 2-level nested hardware loops.

We evaluate on all 8 cores available in a PULP-Cluster
architecture [30], layer-by-layer, in L2, which is limited at 2
MiB. The obtained values are then summed into the total per-
model number of cycles. Because of the memory constraint,
we only evaluate the models with a working memory below 2
MiB. This leads us to a list comprising 2 transformer models,
2 hybrid ones, and 3 CNNs.

V. RESULTS

A. Accuracy vs. Parameters vs. Flops Tradeoffs

Fig. 2 reports the results of our experimental setup on Im-
ageNet and on the two selected image classification datasets,
CIFAR-10 and Visual Wake Words (VWW). The correspond-
ing numerical results are provided in Table II. In the figures,
pure CNN models are highlighted in blue, while architectures
incorporating attention mechanisms are shown in red. For this
evaluation, we do not distinguish between pure transformers
and hybrid models for visual clarity. Different marker shapes
identify the model families. Multiple points with the same
shape correspond to the same architectural design evaluated
at different model sizes. For clarity, full model names and
sizes are omitted from the plots.

ImageNet
224×224

VWW
224×224

CIFAR-10
224×224

VWW
96×96

CIFAR-10
32×32

MobileNet v1 0.25x 60.66 87.39 76.24 81.25 60.84
MobileNet v2 0.5x 51.29 83.88 77.36 78.62 65.16

MobileNet v3 Small 0.75 64.7 87.59 77.14 72.3 35.94
DeiT-Tiny 74.44 88.83 88.99 72.39 42.35

CaiT-XXS-24 78.4 88.86 93.24 N/A N/A
EdgeNeXt-XXS 71.12 87.26 84.58 84.23 56.13
MobileViT-XXS 68.77 88.75 71 83.72 44.52
MobileViTv2-0.5 70.15 88 70.52 79.64 35.33
SqueezeNet v1.1 58.1 89.32 69.4 80.22 10

PVTv2-B0 70.65 89.31 88.08 84.6 62.27
TinyViT-5M 80.86 91.11 81.6 77.75 42.33

EfficientFormerV2-S0 74.08 88.73 66.09 N/A N/A
EfficientNet-B0 77.64 83.62 79.81 79.84 41.97

ShuffleNetV1 0.5x 56.95 83.62 77.92 72.7 28.28
ShuffleNetV2 0.5x 60.56 87.07 72.68 77.62 40.62

FastViT-T8 76.17 90.21 54.79 78.71 46.68

TABLE II: Accuracy on the test datasets (in all resolution for-
mats) for the smallest variants of each network family. Missing
values are for those networks whose original implementation
didn’t account for multiple input sizes. Top-1 accuracy is
reported on ImageNet.

As shown in Figs. 2.a and 2.e, when matched for the
same number of parameters, transformer-based models out-
perform CNNs on ImageNet and CIFAR-10, while achieving
comparable accuracy on VWW. For the latter (Fig. 2.c) the
absence of a clear winner can be attributed to the task’s
relative simplicity, for which most models achieve strong
performance without requiring highly expressive architectures
or large model capacity.

In contrast, for ImageNet and CIFAR-10, a more pro-
nounced separation emerges. Among models with approxi-
mately one million parameters, the best-performing Attention
model, EdgeNeXt-XXS, achieves an accuracy of 84.58% on
CIFAR-10. In contrast, the CNN counterpart, ShuffleNetV1
0.5×, reaches 77.91%, corresponding to a 6.67% accuracy gap
in favor of transformers. A similar trend is observed on Ima-
geNet, where the performance difference between transformer-
based and CNN models reaches 3.81% at the same parameter
budget and further increases for larger models.

However, as shown in Fig. 2.b and Fig. 2.f, this accuracy ad-
vantage comes at the cost of higher computational complexity.
Specifically, for a comparable level of accuracy, transformer-
based models require up to ∼ 10× as many FLOPs per input
as CNNs, highlighting that, despite the higher accuracy ceiling
achieved by transformers, CNNs remain significantly more
computationally efficient.

B. Compressed Input Tradeoffs

We analyze robustness to changes in input resolution by
training and evaluating on VWW and CIFAR-10 at input sizes
smaller than those used during ImageNet pre-training (Fig. 3).

For VWW (Fig. 3.c) no clear winner emerges among the
evaluated architectures. This outcome is consistent with the
observations in Section V-A, as the task’s relative simplicity
limits the advantage of models with better adaptability to
change in put size, leading to comparable performance across
architectures.

In contrast, CIFAR-10 shows a more precise separation
between architectures. As shown in Fig. 3.a, at 32×32 input
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2) VWW Evaluation
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Fig. 3: Accuracy vs. number of parameters and floating point operations on the VWW and Cifar-10 datasets, with input sizes
96×96 and 32×32.

resolution and in the 1M-parameter regime, the best CNN
achieves an accuracy of 72.54%, whereas the best Attention-
based model reaches only 56.13%. This substantial perfor-
mance gap indicates that reducing the input resolution leads
to a pronounced degradation in transformer accuracy, resulting
in the loss of the previously observed performance advantage.
Overall, this behavior suggests that Attention-based models are
less robust to changes in input resolution than CNNs, likely
because they lack strong inductive biases that support effective
scale adaptation.

C. Working Layer Memory Distribution Analysis

Figs. 4.a, 4.b, and 4.c report, for CNN, hybrid, and
transformer architectures, respectively, for an input size of
224×224, the percentage of layers whose memory footprint
exceeds the 2 MiB threshold, corresponding to the available
L2 memory on the target device. Each figure includes both
an aggregate view and a positional breakdown along the
network’s topological order, with layers grouped into early,
intermediate, and late stages. Considering the full network
depth, 11.4% of layers in CNNs exceed the 2 MiB limit of
our architecture on-chip memory, while this fraction increases
to 13.2% for hybrid models; transformer-based architectures,
instead, exhibit no layers above the threshold across all the

analyzed networks. The concentration of critical layers is
particularly pronounced in the early stages: restricting the
analysis to the first 33% of the network increases the fraction
of layers exceeding 2 MiB to 26.6% for CNNs and 34.4% for
hybrids. Overall, these results indicate that CNN and hybrid
architectures exhibit a less uniform memory footprint along
depth, with pronounced peaks, especially in the early layers,
whereas transformers display a more stable, predictable mem-
ory profile. This regularity makes transformer models more
amenable to deployment on memory-constrained platforms, as
it facilitates buffer reuse and simplifies memory management.

D. Deployment Latency Analysis

Based on the worst-case working-memory footprint, mea-
sured when processing 224×224 ImageNet inputs, and the
device’s 2 MiB on-chip memory budget, we restricted deploy-
ment to the models reported in Table III, ensuring that all
results reflect realistic, deployable operating conditions.

Within this subset, Table III indicates that FLOPs correlate
with latency only weakly: computational cost is directionally
informative, but it is not a reliable predictor of cycle count on
the target edge platform as effective speed depends on factors
beyond arithmetic complexity (e.g., operator mix, memory ac-
cess patterns, and hardware specialization). For example, CaiT



(a) CNNs memory distribution (b) Hybrid networks memory distribution (c) Transformer networks memory distribution

Fig. 4: For each subfigure: (Left) Layer-wise distribution of required working memory (sum of input activations, output
activations, and parameters), grouped by whether it exceeds or fits within the OpenPULP internal memory capacity. (Right)
The same metric stratified by layer position in the network’s topological order: Early (first 33% of layers), Mid (33–67%),
and Late (last 33%), highlighting how memory occupation evolves from front to back of the model. All results are reported
for 224×224 input size, and the absolute values in the sub-figures represent the number of layers for that category.

Model Working Mem. (MiB) Cycles (G) FLOPS (M) ImageNet Acc.
CaiT-XXS-24 1.28 9.41 2,500 0.78
EdgeNeXt-XS 1.93 4.72 538 0.75
DeiT-Ti 1.29 40.43 1,300 0.74
EdgeNeXt-XXS 1.44 2.06 261 0.71
MobileNet v3 Small 0,75x 1.69 1.46 44 0.65
ShuffleNetV1 0,5x (g=3) 1.84 1.37 41 0.57
MobileNet v1 0,25x 1.53 1.55 44 0.51

TABLE III: Model memory and computational cost for
224×224 inputs.

is 4× faster than DeiT, even though DeiT reports about half the
FLOPs, illustrating that nominal arithmetic complexity does
not capture deployment-relevant bottlenecks. More broadly,
when comparing CaiT to the simpler CNNs, one might expect
a 61× latency increase if FLOPs were the dominant driver;
instead, the fastest network (ShuffleNetV1 0.5×) has ≈61×
fewer FLOPs than CaiT but achieves only ≈7× fewer cycles.
Further demonstrating the limited usefulness of FLOPs as a
stand-in for on-device latency in this regime.

Table III also highlights the working-memory advantage of
Transformer architectures over both hybrid and convolutional
baselines. In particular, the Transformer models require 1.13×
and 1.2× less working memory than the best-performing
hybrid networks and CNNs, despite being substantially larger,
corresponding to 9.2× and 17.2× increases in parameter
count, respectively. This has direct deployment implications:
because Transformers fit more comfortably within the 2 MiB
operational budget, they leave more headroom for buffering
and kernel-level tuning, while achieving better accuracy under
the same constraint, +21% and +7% over the smallest-footprint
CNNs and hybrid models, respectively.

Finally, we notice that CNNs still exhibit a clear advantage
in cycle count: even the fastest hybrid model is 1.5× slower
than the fastest convolutional baseline. A likely contributing
factor is that the evaluated toolchains and target platforms re-
main convolution-centric, meaning convolution kernels benefit
from more mature operator implementations and hardware-
software co-optimization, whereas transformer and hybrid
networks’ kernels are comparatively less optimized.

VI. CONCLUSION

This work presented a systematic comparison of tiny CNNs,
Transformers, and Hybrid architectures for image classifica-

tion on extreme-edge devices, jointly assessing accuracy and
efficiency. On the accuracy side, attention-based models are
consistently more effective both at acquiring in-domain knowl-
edge and at retaining performance under semantic domain
shift, achieving up to +3.81% higher in-domain accuracy and
+6.67% under domain shift. However, this accuracy gain is
not stable across input scales: at reduced input resolutions
the advantage disappears, and CNNs surpass transformers by
up to 16.4%, suggesting that transformers are comparatively
more robust to semantic variation while being more sensitive
to changes in input size.

To measure efficiency, we profile a subset of networks
on an 8-core RISC-V microcontroller. Transformers exhibit
a more predictable, better-behaved working-memory profile:
their layer-wise footprint is more uniform, and no layer
exceeds the 2 MiB budget, whereas 11.4% of CNN layers
exceed this threshold, complicating buffer sizing and mem-
ory management. Despite this regularity, CNNs still achieve
approximately a 1.5× latency advantage, plausibly due to
more mature, better-optimized kernel support for convolutional
operators on this platform. Overall, transformers currently lag
behind CNNs in latency on extreme-edge deployments, but
their higher accuracy and more bounded memory profile are
strong practical benefits and indicate substantial promise as
software and kernel support will reduce the latency gap.
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