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ABSTRACT: With the immense growth of Artificial Intelligence (AI), especially in image processing, many people have 
taken advantage of its numerous capabilities. It is used in different domains, including generative imaging (GenI). Some of the 
crucial applications of GenI include content creation, shadow synthesis, and in-painting. However, image synthesis comes with 
flaws. Due to the complexity of generating images, the process can have very high processing times. This paper analyzes the 
shortcomings by profiling LaMa,¹ an in-painting model run on CPUs. We provide insights by highlighting the bottlenecks that 
hinder performance. Our main finding is that the mkldnn_convolution layer takes up most of the time, indicating that speeding 
up this layer's computations could drastically improve overall processing time.
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�   Introduction
With a rise in the capabilities of AI, image synthesis models 

have exploded in popularity. Image synthesis is the process in 
which images are generated with content chosen by the user. 
Image synthesis AI takes in data in the form of images or vid-
eos and removes, adds, or replaces objects from the supplied 
images. AI helps automate this process. An interesting exam-
ple of this is LaMa,¹ an image synthesis model. This model 
uses a new method called large mask inpainting. Large mask 
inpainting is where the model takes information on the entire 
image as context to fill in a gap in the image. Unlike other 
generative models, LaMa stands out due to its efficiency and 
performance. Many models have problems with high memory 
usage and struggle with producing high-quality results when 
dealing with large inpainting tasks.   

Although inpainting is a useful method, it has limitations. 
For example, inpainting struggles with complex images and 
generates unrealistic images to fill the gaps. A Graphical Pro-
cessing Unit (GPU) is a type of hardware that helps show 
graphics on a screen. Some synthesis models are mostly run 
on GPUs because they have more computational power on 
image tasks. On the other hand, during inference, inpainting 
usually uses the Central Processing Unit (CPU) as it provides 
stability, flexibility, and low latency. However, one downside to 
using CPUs is that LaMa’s execution time is much higher than 
when using GPUs. There are various ways to improve CPU 
performance, including parallelization and algorithmic im-
provements. This paper analyzes the reasons for the low speed 
and CPU inefficiency. We conducted experiments to calculate 
the time to run the LaMa model on CPUs. 

Furthermore, we profiled the CPU metrics to determine 
the processing time each layer takes in the model. We did not 
modify the original LaMa procedure, so the image generation 
and fidelity of the results should remain the same. Finally, our 
observations showcased the inefficiencies of executing an in-

painting model on the CPU. Our insights could potentially be 
used to address these bottlenecks in future works.
�   Literature Review
Image synthesis is used in various applications. Facelab² is 

a generative AI that creates a 3D facial rig and animates the 
movement of a face using masks. Another example is “From 
Shadow Generation to Shadow Removal,” which uses a Shad-
ow Generator, a tool that creates, removes, and refines shadows 
in an image. Finally, Bau et al. introduce an image-specific 
GAN model for semantic photo manipulation³, a generative 
AI method that can do many things, such as adding, remov-
ing, and changing objects in a scene with a prompt from the 
user. It uses Generative Adversarial Networks (GANs) to 
create objects and images while manipulating a photo using 
mathematical equations. GANs are made out of two parts: a 
generator and a discriminator. The generator tries to make data 
realistic while the discriminator determines if the data is real or 
generated. They both improve upon each other until the gen-
erator creates data that is impossible to distinguish from real 
data.⁴

These models have limitations that hinder the AI’s per-
formance. For Facelab, the AI struggles when the video has 
inadequate lighting. Shadow Generation heavily relies on its 
masks to tell the AI where specific objects are and what ob-
jects to remove, which can lead to errors if the masking process 
is incorrect. Finally, Semantic Photo Manipulation could give 
unnatural results and take up a lot of CPU processing power. 

In the context of this paper, we limit our scope to inpaint-
ing applications with a specific focus on the well-known LaMa 
model. LaMa has several pitfalls, from the application layer to 
the hardware stack. It usually struggles when strong perspec-
tive distortion gets involved, which occurs when a picture is 
taken at an angle that makes objects look askew. LaMa can 
construct good quality masks for resolutions up to 1090x1092 
due to using Fast Fourier convolutions (FFCs).¹ FFCs are fully 
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differentiable and are an easy-to-use replacement for con-
ventional convolutions, improving the network’s quality and 
efficiency. 

However, from a hardware perspective, LaMa’s execution 
time is about 10-20 times slower on CPUs than on GPUs. An 
explanation for this is that FFCs are memory-bound rather 
than compute-bound.¹ Memory-bound, in this case, means 
that the model’s speed is based on the speed at which data can 
be read and written, and compute-bound means the speed is 
limited to how fast the model can complete the mathemati-
cal operations it needs to generate the image. While providing 
limited insight into how LaMa performs for complex imag-
es, we mainly focus on the CPU slowdown of running LaMa 
models in this paper.
�   Methods
The LaMa model is an inpainting network designed for 

large inpainting tasks using FFCs. LaMa was created to fill in 
missing parts of an image with something realistic. It compris-
es three types of layers: downscaling layers, convolution layers, 
and upscaling layers.¹ The model’s files include a dataset of test 
images, including pictures of buildings and places with many 
objects and a mask for each image. 

LaMa's primary goal is inpainting, and it uses FFCs in its 
methodology to achieve this goal. When processing an image, 
LaMa goes through three crucial steps. First, the input image 
is downscaled, reducing the image size to reduce noise. Next,  
the model uses FFCs to understand the patterns that occur in 
the image. Finally, the image is upscaled back to its original 
size.¹

To determine how efficient LaMa was in modifying each 
image, we needed to find a specific way to gain information 
on what the model did with the CPU and how long each layer 
took to complete. The hardware used to run this experiment 
is a MacBook Pro 2023 with an Apple M2 Pro chip. It ran on 
macOS 14 Sonoma; the metrics were run using PyTorch 1.2.9. 
Specifically, we found metrics on how long each layer took to 
finish processing using the self-CPU time. Furthermore, Py-
Torch⁵ has a library called torchvision,⁶ which provides the 
metrics needed. It profiled the model, giving us the amount of 
memory it consumes and how many CPU and GPU resources 
it uses. Using the psutil library,⁷ we measured the CPU uti-
lization and discovered what percentage of CPU each layer 
took up while generating. With this information, we are able 
to provide graphs on the efficiency of the model. To get these 
graphs, we used a Python library called Matplotlib.⁸ Using the 
averages from 5 runs of each layer, we used Matplotlib to plot 
the data on a bar graph.
�   Results
In Figures 1 and 2, the graphs show the average process-

ing time for each layer. Figure 1 represents the y-axis in the 
log scale. We did this because the mkldnn_convolution layers 
had disproportionately large times compared to the rest of the 
layers, and representing the y-axis in the log scale allows all 
the bars to appear on the graph. The x-axis is each layer, and 
the y-axis is the time taken to process each in microseconds. 
In both Figures 1 and 2, the time taken to process the mkld-
nn_convolutions layers was significantly higher than the other 

Figure 1: Average Self CPU Time Per Layer (Log Scale).

Figure 2: Average Self CPU Time Per Layer (Standard Scale).

Table 1: 
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layers. In the standard scale graph, only the mkldnn_convo-
lution layers took longer than 1 second. In Table 1, each layer 
has a mean amount of time it took to process each layer and a 
standard deviation. The means and standard deviations were 
calculated by averaging 5 test runs. 

Analysis of Results:
We repeated the same graph twice, in Figure 1 and Figure 

2, but chose to represent the first graph in a log scale and the 
second graph in a standard scale so the scale of how much larg-
er the mkldnn_convolution layers are is clear and to represent 
all the values on the plot.  In both Figure 1 and Figure 2, there 
is a clear pattern. A significant part of the time was taken in 
the mkldnn_convolution layers, around 1 to 7 seconds, while 
the rest of the layers are only around 9 to 75 microseconds. 
There are many reasons why such a jump in time has occurred. 
For example, the model did more processes in the mkldnn_
convolution layers, which took longer to complete. Another 
factor is that convolutional layers are the most vital parts of 
a neural network that does image processing, making it the 
most resource expensive. Compared to the mkldnn_convolu-
tion layers, _convolution layers take much less time. However, 
a pattern emerges when compared to the other layers that pro-
cess in microseconds. The _convolution layers take 10 to 35 
microseconds longer to process than the conv2d and convolu-
tion layers. This is because _convolution layers are general and 
handle many convolution operations. Layers like conv2d are 
only for specific use cases. 

A reason current models fail to work well on complicated 
images is that the models only learn the overall features of an 
image. Instead of learning the concept of each object, the mod-
el does not understand the image but remembers where to put 
some shapes and colors.⁹ According to the author, the mod-
el does not know the whole object but its colors and overall 
shape. Since the model needs multiple iterations on each im-
age to learn the features, the model must run for several epochs 
or full passes over the entire dataset. This leads to increased 
runtime and processing power compared to just running one 
epoch. Multiple epochs of running computationally expensive 
convolutions lead to overall exhaustive training processes. As 
we can see, convolutions are the most expensive operation, so 
finding a way to speed these up would allow for overall faster 
training and inference.
�   Discussion
Our literature survey about FFCs used in LaMa revealed 

that FFCs are highly memory-bound operations. Our results 
show that the Self CPU corresponds to the actual computa-
tion done by FFCs while the remaining time is spent in data 
transfer from memory. One possible solution to achieve high-
er performance in CPUs would be to choose compute-bound 
convolution types. FFCs can be improved by reducing the 
number of computations through combined operations. This 
would speed up the process and reduce the load on the CPU. 
The LaMa model uses the Intel Math Kernel Library (MKL) 
in the form of the layers called “mkldnn_convolution.” The 
benefit of using MKL is that it does various mathematical 
operations, including FFCs, and works well on intel-based 
CPUs. This is because MKL employs multi-versioning, creat-

ing multiple implementations of one function. Hedjazi states, 
"Reducing the model size without affecting the quality of 
the generated images is desirable. We present a GAN-based 
inpainting method that reduces the inference time and gen-
erates plausible results”. One of the main observations with 
the LaMa model was that the mkldnn_convolution layers took 
too much time to process. With observations similar to ours 
regarding their image inpainting model, their solution to the 
problem was to reduce the model size.¹⁰ Similarly, the same 
results can be reproduced in LaMa by removing some over-
ly complex convolutional layers. Furthermore, in "Generative 
Image Inpainting with Contextual Attention," the authors 
use memory-based attention mechanisms.¹¹ This can be im-
plemented into LaMa to efficiently use context in an image, 
removing the burden on convolutions and increasing its per-
formance. Since FFCs are memory-bound, and one layer is the 
most expensive, another way to reduce CPU usage is to modify 
the use of FFCs in future works. 
�   Conclusion 
AI has greatly influenced image synthesis applications. 

Within this broad domain, we specifically focus on in-painting 
applications and profile a well-known model named LaMa, 
which has limitations that affect its performance and user 
experience. In this paper, we gathered observations to create 
improvements and make this a better model. In the experi-
ments, we used PyTorch to run metrics and figured out how 
long the model took to run each layer and how much pro-
cessing power it took. We discovered that completing the 
mkldnn_layers takes more time to process. Since these layers 
had more math to compute, processing would take significant 
time. We hope that people in the future can use our results to 
improve the results of future image-generation models. 
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