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Background

CNNs traditionally used 
for ML Computer Vision in 
all types of tasks:

classification

segmentation

object detection
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Fig. 1 - CNN architectures. Sources: [1], [2], [3], [4], [5]



Background

● The Attention mechanism 
and the Transformer took 
the stage by storm                  
9 years ago

● Replaced RNNs with 
self-attention allowing 
every sequence element to 
parallely relate to every 
other one

● Initially designed as NLP 
solutions
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Fig. 2 - Transformer & Attention. Source: [7]



● Quickly ported to vision 
problems

● Dosovitskiy’s                 
Vision Transformer (ViT) 
became a landmark

● Adopted architectures - 
pure attention, but mostly 
hybrid (Conv. & att. layers)

Background
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Fig. 3 - ViT architectures. Sources: [8], [9], [10]



The Gap?
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ViT Large
85.15% accuracy

CaiT M48
86.5% accuracy

DINO v2 Large
86.3% acc.

Fig. 4 - ViT [8], DINO [13], and CaiT [9] architectures



The Gap
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ViT Large
85.15% accuracy

307M params

CaiT M48
86.5% accuracy
356M params

DINO v2 Large
86.3% acc.

306M params.

Fig. 4 - ViT [8], DINO [13], and CaiT [9] architectures



The Gap
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?
Fig. 5 - Ultra-Low Power Platforms [14]



The Analysis Method

Hardware-agnostic Hardware-aware
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The Analysis Method

Hardware-agnostic

● Computational complexity - floating 
point operations (FLOPs) per 
inference

● Model size - parameter count

● Task performance - top-1 
classification accuracy, evaluated on 
the ImageNet evaluation subset

● Domain shift robustness

Hardware-aware
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Domain shift robustness

● Backbone pre-trained on one set (ImageNet)

● Head fine-tuned and model evaluated on other sets: 
CIFAR 10 and Visual Wake Words (MLPerf Tiny)

● Two types of evaluation:

○ Domain shift only - input resolution identical 
between pre-train and fine-tune + evaluation

○ Domain and resolution shift - fine-tune + 
evaluation on different input resolution relative 
to pre-training
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Working memory

● Peak memory required during inference

● Computed as worst-case per-layer memory

● Offers finer-grained profiling compared to end-to-end

● Inputs, outputs, weights, biases, other buffers considered

● Auxiliary elements ignored, since they are 
implementation-dependent
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Inference latency

● Measured in clock cycles

● Measured with on-board performance counters, 
directly on the target platform:

○ PULP SoC

○ MCU + 8 RISC-V cores

○ L2 memory limited to 2 MiB



The Analysis Method

- 16 model families chosen

- Up to 12M parameters

- Most “attention” models 
actually hybrid

- Most top positions 
belong to attention or 
hybrid
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Results - Accuracy at the Same Num. of Params.
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Transformers hold top positions 
across all models in a certain family

Fig 6: ImageNet - Number of Parameter / Accuracy @ 224x224 input



Results - Accuracy at the Same Num. of Params.
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Fig 7: CIFAR-10 - Number of Parameter / Accuracy @ 224x224 input



Results - Accuracy at the Same Num. of Params.
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Fig 7: CIFAR-10 - Number of Parameter / Accuracy @ 224x224 input

EdgeNeXt-XXS - 84.58%

SqueezeNet - 79.76%

Transformers have better accuracy        
at the same number of parameters



Results - Computation at the Same Accuracy
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Fig 9: ImageNet - Computational Complexity / Accuracy @ 224x224 input



Results - Computation at the Same Accuracy
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Fig 9: ImageNet - Computational Complexity / Accuracy @ 224x224 input

Almost clean separation: 
top-performing transformers require 

significantly more computation 
(logarithmic horizontal scale!)



Results - Computation at the Same Accuracy
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Fig 10: CIFAR-10 - Computational Complexity / Accuracy @ 224x224 input



Results - Computation at the Same Accuracy
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Fig 10: CIFAR-10 - Computational Complexity / Accuracy @ 224x224 input

Same for CIFAR-10: attention models 
reach higher accuracy ceiling, but at a 
significantly larger computational cost



Results - Computation at the Same Accuracy
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Fig 10: CIFAR-10 - Computational Complexity / Accuracy @ 224x224 input

Comparable
accuracy,

4x more
computation
needed

MobileViT v2 - 79.45% 
@ ~4 GFLOPs

EfficientNet - 79.81% 
@ ~1 GFLOP



Results - Computation at the Same Accuracy
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Fig 10: CIFAR-10 - Computational Complexity / Accuracy @ 224x224 input

Or even > 100x
more computation

for < 2%
accuracy gain

MobileViT v2 - 79.45% 
@ ~4 GFLOPs

ShuffleNet v1 - 77.92% 
@ ~0.035 GFLOPs



Results - Resolution Shift Robustness

25

Fig 11: CIFAR-10 - Num. of Params / Accuracy @ 32x32 input



Results - Resolution Shift Robustness
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Fig 11: CIFAR-10 - Num. of Params / Accuracy @ 32x32 input

PVT v2 - 62.27%

MobileNet v1 - 78.58%

Transformers (even hybrids) less robust 
to input resolution changes



Results - Working Layer Memory Distribution
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Fig 12: Layer-wise distribution of required working memory @ 224x224 input



Results - Working Layer Memory Distribution
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Fig 12: Layer-wise distribution of required working memory @ 224x224 input

11.4% layers of CNN models and 13.2% of hybrid ones exceed the 2 MB limit
Pure transformer models - 0%!



Results - Working Layer Memory Distribution
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Fig 12: Layer-wise distribution of required working memory @ 224x224 input

CNN and hybrid architectures exhibit a less uniform 
memory footprint along depth, with pronounced peaks, 

especially in the early layers



Results - Working Layer Memory Distribution
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Fig 12: Layer-wise distribution of required working memory @ 224x224 input

This regularity makes transformers favorable to 
deployment on memory-constrained platforms, as it 

enables buffer reuse and simpler memory management



Results - Deployment Latency Analysis
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Fig 13: Model memory and computational cost @ 224×224 input



Results - Deployment Latency Analysis
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Fig 13: Model memory and computational cost @ 224×224 input

FLOPs don’t tell the full story:

CaiT is 4× faster than DeiT, 
even though DeiT reports 

about half the FLOPs



Results - Deployment Latency Analysis
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Fig 13: Model memory and computational cost @ 224×224 input

CaiT - 61× more FLOPs reported 
than ShuffleNet, but only          

~7x fewer cycles

Thus, target platform evaluation 
necessary for true picture



Results - Deployment Latency Analysis
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Fig 13: Model memory and computational cost @ 224×224 input

Slowest CNN >1.3x faster than 
fastest attention model

Attention models may benefit in 
the future from better hw-sw 

co-optimization
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Conclusions:

- Transformers win on accuracy                  
(up to +6.67%) and memory predictability, 
but require more cycles

- Resolution kills the advantage: at 32×32, 
CNNs beat transformers by 16.4%

- FLOPs can be misleading, making 
on-device profiling mandatory for 
choosing an architecture

Thank you!
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