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Abstract
Image AI is essential for various applications, such as self-driving
cars, medical imaging, and smart farming. Data management is
key for efficient image AI, from how to store images to how to
manage data while processing the images. This tutorial overviews
the emerging area of image AI pipelines by combining approaches
from various cross-disciplinary areas such as data management,
digital signal processing, computer vision, and machine learning.
We specifically focus on image storage and data management.

The tutorial first gives an overview of image AI pipelines step by
step, how they work and the main the challenges. We then describe
the main approaches to making image AI pipelines more efficient.
We first cover how image AI pipelines store images based on stan-
dard storage formats, learned formats, task-specific learned formats,
and self-designed formats. Second, we cover how state-of-the-art
approaches manage data within image AI pipelines. We identify
and describe three main approaches to making image AI pipelines
more efficient by efficiently managing data within the pipeline: (i)
compressing intermediate data, (ii) materializing and re-using data
objects, and (iii) parallelism for better hardware utilization. Lastly,
the tutorial covers open data management and systems problems
and future directions in making image AI pipelines more efficient.

CCS Concepts
• Information systems→ Record storage alternatives; • Com-
puting methodologies→ Image representations.
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1 Data Management for Image AI
Image AI Improves Every Aspect of Modern Human Life.
Image AI has shown great success in numerous areas, from medical
imaging to self-driving cars. Medical doctors now use image AI to
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get help in their decision-making process in the early/late detection
of diseases. Companies deploy image AI tools to enhance worker
safety conditions, increasing productivity. Farmers use image AI to
efficiently monitor the conditions of their crops and take preventive
actions against any potential disease, further improving their yield
[31, 42, 122].
Problem: Image AI is Expensive. Every year, billions of dig-
ital cameras capture trillions of images. These images consume
thousands of petabytes of storage in the cloud. Numerous AI appli-
cations process these massive datasets for various purposes, such
as personalized content management, image reconstruction, and
visual captioning. Applications access data over remote storage
servers, and data needs to be moved and processed in compute
nodes using high-end processors. Moving and processing data in-
curs an immense dollar cost for the cloud vendors and application
developers, limiting the accessibility of image AI [11].
ImageAI Pipeline.A typical image AI pipeline is composed of four
main operations. The first one is fetching raw data from persistent
storage, which can be remote, local, or a combination of the two.
The second is converting raw data into a learnable in-memory
format, such as the visually recognizable red-green-blue (RGB)
format. Today, CPUs primarily perform this conversion. Third, the
learnable format of images from the host memory moves to one
or more GPU devices. GPUs primarily run image AI models in a
single or multi-GPU setting, depending on the AI model’s size and
data. This movement typically happens over a device-to-device
connection such as PCIe or a fast interconnect network providing
fast direct communication across devices within the same server.
Lastly, the AI models process the moved images in their learnable
formats to perform the particular AI task, such as training the AI
model or performing inference over the images using the AI model
residing on the GPU [51].
Data Management is Key for Efficient Image AI. The cost of
these operations is fundamentally defined by how efficiently image
AI systems manage their data. Fetching and storing image data are
defined by the storage/file formats used for images. While some
algorithms aggressively compress images, some lightly compress,
each leaving an image AI pipeline with different trade-offs. Convert-
ing raw image data into a learnable format and how and when the
conversion happens is defined by the storage format used. While
standard storage formats use visually recognizable RGB format
[2, 4], recent AI-task-specific formats use semi-compressed visu-
ally unrecognizable formats for a more efficient decoding process
[16, 101]. Moving images from host memory to the GPU memory
depends on how images are represented in main memory, as well
as available GPU memory consumed by multiple parties such as
the AI model itself as well as the batches of images and gradients
[52, 92]. Efficient management of data objects within and across
host-to-GPU memory is crucial to fit large models into GPUs and
train them efficiently [50, 85, 121]. Similarly, performing an AI task
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within a GPU requires efficiently handling data objects of the AI
model itself together with the gradients and batches of images,
including compressing them efficiently [54, 77, 107, 112], swap-
ping them back-and-forth GPU memory [52, 92], and executing
multiple AI models or multiple data batches in parallel to improve
GPU utilization [53, 117]. From raw data to execution of AI mod-
els, managing data plays a key role in making image AI systems
efficient.
Tutorial Structure. This tutorial highlights the connection be-
tween image AI and data management systems. It covers major
image AI studies in the data management field. It combines them
with cross-disciplinary studies from digital signal processing, com-
puter vision, and machine learning into a unified view of data man-
agement systems. Figure 1 presents the tutorial’s structure over an
image AI pipeline. It is composed of four main sections. The first
section covers basic problem setup, including how typical image AI
pipelines work, the main bottlenecks, the main challenges for mak-
ing image AI pipelines efficient, and the main approaches to address
these challenges. The second and third sections detail how data
management solutions can drastically improve image AI systems
performance. The second section covers how image AI pipelines
store images. It contains four sub-sections: (i) standard formats,
e.g., JPEG, (ii) learned formats, (iii) task-specific learned formats,
and (iv) self-designed formats. It describes major solutions within
each sub-category and discusses their challenges and relationships
with each other. The third section covers how image AI pipelines
manage data within the pipeline. It contains three sub-sections: (i)
compression, (ii) materialization and reuse, and (iii) parallelism for
better hardware utilization. It covers the major approaches within
each subsection and discusses how they are different from each
other and how they complement each other. Finally, the tutorial
concludes with future research opportunities and open problems
in making image AI systems efficient.

2 Image AI Pipeline
An image AI pipeline refers to a computing stack that (i) stores
images, (ii) reads images, (iii) coverts them from raw data into a
learnable format, (iv) moves them across and/or within machines,
and (v) finally executes one or more AI models over the images
for training and/or inference, as also shown in Figure 1. An image
AI application goes through the entire stack, typically iteratively,
multiple times over static and/or dynamic datasets. This part of
the tutorial describes the image AI pipeline in detail. It exposes
a data-centric view of image AI systems to understand the data
management challenges and how we can approach the problems.
1. Storing and Reading Images. Storing images requires pro-
cessing images into an on-disk format with a combined lossy and
lossless compression technique. Reading an image is the inverse of
storing it, which requires performing the inverse of every operation
that storing does. While both storing and reading images can be
in the application’s critical path, images are typically stored once
and read multiple times due to the iterative nature of the image AI
pipelines [4, 51, 101].
2. Decoding. Once read, images are simply series of bytes in their
raw format. Image AI pipelines require converting them into a
learnable format, such as a visually recognizable red-green-blue

(RGB) format by decoding images. A learnable format is a format
that AI models can operate on. There are various learnable formats.
The most popular format is the visually recognizable RGB format.
Other formats include self-designed formats and learned formats.
All these formats represent images in a different domain, offering
different cost vs. model quality trade-offs [4, 80, 101].
3. Moving Images within/across Machines. AI models today
typically reside on a GPU machine, where the host machine is
a server-grade CPU with a large main memory in the orders of
hundreds of GBs. The host machine is connected to co-processor
GPU(s) with its own private memory, typically 20 to 80 GBs. While
some machines have a single GPU, some have four, and some have
up to 32 GPUs. CPU and GPUs are connected with various links,
such as a PCIe link or a faster NVlink that allows direct CPU-
to-GPU and GPU-to-GPU communication. While CPU and GPU
are both typical sources of bottlenecks in image AI pipelines, the
network connection between CPU and GPUs and within GPUs are
critical to keeping GPUs busy, which otherwise leads to a GPU
underutilization constituting a major source of inefficiency for
image AI pipelines [53, 117].
4. AI Model Execution over Images. AI models are executed over
images once they reach their final destinations and produce the
outcome. Image AI models are today layered, such as convolutional
neural networks (CNNs) and visual transformers [48, 74]. Image AI
models process images layer by layer in a sequential manner, where
every layer consumes the output of its previous layer. The output
of a layer is referred to as an activation/feature map. Depending on
whether it is training or inference, AI model execution produces
different amounts and types of data. Inference requires keeping
a single activation map during the inference, which incurs a low
memory overhead. Training requires not only the current activation
map but also several previous ones and gradient matrices to be able
to update model parameters. As GPU memories are significantly
smaller than host memory, i.e., CPU memory, training is usually a
memory-intensive operation for GPUs and hence often constitutes
a bottleneck. Algorithms employ various methods such as swapping
data matrices across CPU and GPU memory or compressing them
to mitigate this problem and accelerate image AI systems [52, 92].

3 Image Storage for AI
Image storage is one of the fundamental elements of image AI
pipelines. Image AI pipelines read images based on how they are
stored and convert them into a learnable format primarily based
on how images are stored. JPEG, to illustrate, stores images af-
ter applying a version of Fourier transformation and uses a lossy
compression algorithm coupled with a lossless encoding algorithm.
Reading JPEG files requires fetching so many bytes of JPEG data
that are decided by the combined lossy and lossless compression
algorithms. Decoding JPEG files into a learnable format requires
converting them into a visually recognizable red-green-blue (RGB)
format with a specific resolution, which is also decided by the spe-
cific version of the used JPEG. The resolution further decides how
much data needs to be decoded and transferred within/across the
machine from the host CPU to the GPU or across GPUs and pro-
cessed by the GPU. Therefore, storage impacts all time components
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Figure 1: Image AI pipeline is composed of four stages: (i) reading image files, (ii) decoding them into a learnable format, (iii)
transferring them to a GPU cluster, and (iv) executing an AI model over images. This tutorial covers all aspects of making
image AI pipeline efficient, from storage to managing data within the pipeline.

in an image AI pipeline and is crucial for making image AI systems
efficient.
1. Standard Storage Formats.Many image AI systems store im-
ages by using a standard storage format, such as JPEG or PNG.
There are two types of standard storage formats: (i) lossy formats
and (ii) lossless formats. Lossy storage formats employ a lossy com-
pression algorithm, where some data is lost concerning a certain
optimization criterion. For JPEG, it is the visual quality. Its lossy
compression algorithm is based on losing information by minimally
hurting the visual quality of the compressed image. Losing infor-
mation brings a significant advantage regarding space-saving, as
lossy compression compresses data directly, removing a certain
amount of information. However, it could sometimes be detrimen-
tal as it nevertheless causes a loss in the optimization criteria, such
as the visual quality [4, 9, 55, 105, 108]. Lossless compression al-
gorithms are encoding algorithms that exploit data characteristics,
such as repetitions or order of values in the data, to encode data
with an amount of data that is less than the original data. PNG [2],
for example, uses the DEFLATE algorithm [37], which is a combi-
nation of LZ77 and Huffman coding. DEFLATE creates a table of
symbols in the data, such that the most frequently used symbols
are encoded with the least number of bits. This way, it exploits
the repetitions in the data and encodes data with fewer bits than
the original data. As a lossy overall compression algorithm, JPEG
uses a lossless compression algorithm in its final stage to efficiently
encode a final set of bytes. It uses an arithmetic encoding algorithm,
where data is sorted concerning a specific order and encoded by
using a run-length encoding algorithm to exploit repetitions in the
data. Lossless compression algorithms dramatically reduce image
file sizes, as images are high in repetitions in their data values. The
trade-off they offer is space versus decoding time. The deeper an
image is compressed and encoded into a file, the longer it takes
to decode it. Image AI systems need to balance this trade-off, as

decoding is typically performed on a CPU and can easily become a
bottleneck of an image AI pipeline.
2. Learned Formats. Efficiently compressing and storing images
saves a large amount of data to store and move. Hence, even small
improvements in compression ratio can provide millions of dol-
lars of cost-savings and thousands of pounds of carbon emissions
thanks to energy savings. Learned storage formats aim to learn a
specific representation of images that is cheap to store and con-
tains enough information to restore the image to its original format
fully. Cheaply storing an image requires losing lots of information
from data, whereas fully restoring images with high visual quality
requires keeping all information in images. As these two goals con-
tradict, learned formats use a parameter that balances this trade-off
between compression ratio and visual quality, i.e., rate-distortion
trade-off. Studies have shown that learned formats can improve
standard formats by more than 2x in terms of compression ratio
while achieving a similar visual quality. Learned formats, however,
suffer from increased encoding and decoding times compared to
standard formats. Standard formats use static data transformations
to transform images from their native visually recognizable format
to another domain to compress them efficiently. JPEG, for example,
uses a version of Fourier transformation, discrete-cosine transfor-
mation (DCT), to transform images into the frequency domain since
the frequency domain allows a more efficient lossy compression.
While DCT is expensive, it is significantly cheaper than executing
an AI model to obtain a learned representation. Similarly, recon-
structing an image requires an inverse DCT operation for JPEG,
which is significantly cheaper than executing another AI model
to restore an image from its learned and compressed format fully.
Therefore, while learned formats can successfully improve com-
pression ratio for a similar visual quality, they suffer from increased
read and write times for images. For image AI applications, where
read and write are on the critical path, and there is only a limited
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amount of GPU resources, learned formats can cost a significantly
higher cost than standard formats [5, 6, 80].
3. Task-specific Learned Formats. Recent studies took a step
forward and improved learned formats by learning a representa-
tion that contains just enough information to perform a specific AI
task successfully. Most AI tasks can be performed with much less
information than the original images contain. Task-specific learned
formats exploit this dimension of the problem. Unlike learned for-
mats that target visual quality, they run AI tasks straight over the
learned representation. Hence, they are significantly fast when
they decode images, though being still expensive when they en-
code images due to using an AI model to perform the encoding.
Task-specific formats differ in terms of the AI model they use and
their target AI task. While some studies learn a single represen-
tation for a specific task [15, 17, 28, 72, 106], some learn a shared
representation for a collection of tasks [16, 29, 30, 73, 111], and some
others learn a modified version of a standard format, such as JPEG,
tailored for a specific AI task [13, 14, 36, 38, 44, 75, 97, 118, 119]. All
these studies set a trade-off parameter among two objectives of the
learning algorithm: reducing data storage versus achieving high
accuracy. For different trade-off settings, studies have shown that
compression ratio can be improved by more than 2x, and accuracy
can be improved by more than 10% compared to standard formats,
thanks to learning a task-specific representation.
4. Self-designed Formats. More recently, researchers from the
database community proposed a self-designing storage format that
designs itself for a given AI task. Like task-specific learned for-
mats, self-designed formats tailor their storage for a specific AI
task. Instead of learning a new format each time, however, self-
designed formats rely on a one-time created, rich design space of
storage formats, each offering a different trade-off regarding com-
pression ratio, end-to-end inference time, and model quality. Each
AI task has its intrinsic characteristics regarding how much data
should be maintained in images to perform the AI task successfully.
Given an AI task and performance budget, self-designed formats
search within its design space for the most accurate storage for-
mat that fits into a given storage budget. As the user adapts its
budget, self-designed formats allow cheap what-if analyses over
different storage formats to explore the design space and decide
on what storage format would work the best for a given AI task.
Compared to learned storage formats, self-designed formats use a
richer design space of storage formats, as they have more freedom
in designing storage formats with different data representations
and compression ratios. For example, learned formats learn a fixed
shape of representation of images, i.e., all images are transformed
into a tensor of, e.g., 64x16x16. Self-designed formats, however,
offer different ranges of representations, which allows much more
flexible trade-off space in inference time versus model quality, as
representation shape plays a crucial role in GPU time, much like the
resolution of an image. Furthermore, self-designed systems learn
all trade-offs at once and reuse them for all performance budgets.
In contrast, learned formats require re-learning a different repre-
sentation for each performance budget. As a result, studies have
shown that self-designed formats can reduce end-to-end inference
time by more than 10x, by losing little or no accuracy, compared to
standard and learned storage formats [62, 101, 102].

4 Managing Data Inside Image AI Pipeline
Image AI pipelines produce and consume enormous amounts of
data only while processing the images. Today’s AI models are com-
posed of a set of sequential layers. Every layer transforms a batch
of images from one representation to another, finally producing
the outcome of the AI model. The intermediate representations are
called activation or feature maps and are heavy three-dimensional
objects with complex floating points, high memory consumption,
and high processing costs. If the image AI pipeline performs infer-
ence, activation maps can be maintained one at a time and flushed
out otherwise. If the image AI pipeline is performing training, many
activation maps are necessary to keep in the pipeline to perform
training operations. Activation maps take a significant amount of
GPU memory, often limiting training capacity regarding how large
models can be trained and/or how efficiently training can happen.
This part of the tutorial will describe the primary data management
solutions for making image AI pipelines efficient when managing
intermediate data. The section contains three subsections centered
around the main methods used to improve image AI pipelines: (i)
compression to reduce moved/processed data, (ii) materialization
and reuse to reduce computation, and (iii) parallelism for better
hardware utilization.
1. Compression to Reduce Moved/Processed Data. Image AI
pipelines produce significant data while processing images, includ-
ing activation/feature maps and gradients. Large amounts of data
limit training quality, as GPU memory is usually small, and models
start not fitting into single or even multi-GPU memories. In a dis-
tributed setting, large amounts of intermediate results cause high
communication costs across GPUs, causing GPU under-utilization
and high training times. This subsection will cover how image AI
pipelines use compression to reduce GPU memory consumption
and cross-GPU communication, what trade-offs they offer, and their
limitations.
Compressing Activation Maps. The first method is compressing
activation maps. Activation maps usually dominate GPU memory
consumption during training, as they are heavy large-scale objects
with expensive high-precision floating point operations. Numerous
compressionmethods have been proposed, from dropping values be-
low a specific threshold [107] to using sophisticated error-bounded
lossy compression algorithms over activation data [54]. Compressed
activation maps consume significantly smaller GPU memory, allow-
ing training larger models or using larger batch sizes to use GPU
cycles more efficiently. Compression brings a three-dimensional
trade-off: reduced memory consumption versus decreased accuracy
versus training time. Compressed activation maps often need to
be decompressed to their original format with a small bounded
error to use in the main training pipeline, particularly during back-
ward propagation. Hence, deeply compressed activation maps will
take a long time to decompress and incur increased training times.
Similarly, lossily compressed activation maps will cause inaccurate
training results, causing decreased model accuracy. These disad-
vantages will come with the benefit of training large models on
small cheap GPUs, which otherwise would be impossible [10, 41].
Compressing Gradients. Training in modern image AI pipelines
is done by the gradient-descent (GD) algorithm. GD computes deriv-
ative of the optimization function and gradually updates parameters
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to minimize the difference between the predicted and true values
of the training samples. Derivatives of the optimization function
are called gradients. While gradients consume less memory than
activation maps, they must be communicated across different GPUs
in distributed training settings. With the massive growth in dataset
sizes, distributed training has become a standard procedure in im-
age AI training. An important distribution strategy is data-parallel
execution, where gradients are synchronized across GPUs and are
used to update model parameters globally across all GPUs. This
requires communication between GPUs, which becomes a main lim-
iting factor in scaling performance. Gradient compression is used
to reduce this communication cost. Methods range from layer-wise
adaptive gradient compression [77] to lightweight compression
algorithms [1, 112] and to fusing multiple compression operations
into a single operation [71]. The trade-off is reduced model quality
due to losing information versus reduced communication cost and
compression computation overhead. Studies balance these goals
with algorithmic improvements and heuristics, achieving 3-5x im-
provement in reduced communication cost with little or no model
quality loss and computation overhead.
2. Materialization and Reuse to Reduce Computation.Most
image AI pipelines are iterative. Developers use the same pipeline
iteratively to refine their AI models, hyper-parameters, data aug-
mentation methods, and many other parameters that could yield
a better performance. The iterative nature of the pipelines entails
large opportunities for materialization and reusing intermediate
variables. This subsection will cover the main studies that exploit
materialization and reuse for image AI pipelines.
Reuse in Activation Maps and Model Parameters. Image AI
pipelines often use transfer learning in their training pipelines for
faster training. Transfer learning refers to transferring a learned
task to another similar task. An example would be training a new
but only slightly different AI model with the same hyperparam-
eters and dataset. In this case, the new AI model can transfer all
the knowledge that the previous model could use. Materializing
intermediate results, such as activation maps, and reusing common
sub-operators across similar AI models could drastically improve
training performance, eliminating a large amount of shared com-
putation. The trade-off is that materialized results consume extra
storage, and shared models consume active GPU memory, which
can exhaust available resources. Hence, algorithms optimize across
storage and memory constraints and find optimal materialization
and reuse strategies across intermediate data such as activation
maps and shared model parameters [39, 83].
Sacrificing Reuse for Reducing Peak Memory Consumption.
Image AI training is composed of successive iterations over the
AI model using randomly sampled image batches. Every iteration
comprises two stages: a forward and a backward pass. A forward
pass produces activation maps later used during a backward pass
when computing successive gradients. These activation maps often
exceed total GPU memory and need to be compressed as described
earlier, checkpointed by swapping from GPUmemory to CPUmem-
ory, or discarded and re-computed when necessary. Doing so allows
image AI systems to scale to large-scale AI model training with
smaller-sized and cheaper GPUs, significantly decreasing the cost
of image AI applications. This, however, comes at the expense

of increased training time, which image AI systems employ so-
phisticated optimization programs such as mixed integer linear
programs to decide when and how to perform checkpointing/re-
computation and achieve fastest training with minimum GPU con-
sumption [24, 43, 52, 76, 91, 92].
3. Parallelism for Better Hardware Utilization. One of the ma-
jor concerns in making image AI systems more efficient is using
parallel hardware resources efficiently. This primarily points to
improving GPU utilization. GPUs are often severely underutilized
as they are at the end of the pipeline and often stall waiting for
data. Also, they are orders of magnitude faster than CPUs or other
hardware components in the pipeline, allowing them to finish their
computation faster than others and making them remain idle. Paral-
lel training algorithms require communications across GPUs, which
further worsens the underutilization. This section will cover the
main studies that exploit task/model/data parallelism to improve
GPU utilization over image AI pipelines. It will discuss the trade-
offs different methods offer, how complementary and different they
are, and what limitations they suffer.
Data Parallelism. There are two main methods of parallelism:
data parallelism and model parallelism. Data parallelism refers to
splitting a training dataset across different GPUs and synchronizing
learning across GPUs to achieve the highest accuracy. Data paral-
lelism suffers from GPU underutilization for various reasons, such
as low batch sizes, hardware heterogeneity, and workload imbal-
ance. Image AI learning algorithms require batch sizes to be smaller
than a certain size to deliver high model quality. However, small
batch sizes cause GPUs to finish their computation quickly and idle
while waiting for the next batch of images. Hardware heterogeneity
makes this works causing some GPUs to finish their part of the
learning faster than others. Similarly, workload imbalance results
in some GPUs performing more processing than others. Methods
improving GPU utilization for data-parallel executions range from
efficient synchronization mechanisms to mitigate effects of delays
[64, 79], to workload-aware balanced resource allocation [87].
Model Parallelism. Models can be split vertically and/or horizon-
tally across different GPUs to scale learning for large AI models.
Modern image AI models are layered, where each layer is executed
sequentially, one after the other. Vertical splitting refers to splitting
a single-layer computation across multiple GPUs, whereas horizon-
tal splitting refers to splitting different layers into different GPUs.
Model-parallel execution suffers from dependencies across interme-
diate data objects produced during training, such as activation maps
and gradients. The challenge is to maximize utilization of GPUs
without sacrificing model quality [50, 68, 85, 86, 110, 121, 123].
Data and Model Parallelism. Image AI practitioners often need
to perform both model and data parallelism to utilize hardware
resources maximally. The challenge is to devise an automated parti-
tioning algorithm that jointly decides on what part of the model will
be placed on what device(s) and which device will benefit from how
much data parallelism in order to minimize communication and
synchronization costs, maximize hardware utilization, as well as
achieve a high model quality. Recent methods utilize reinforcement-
learning-based search [81], search algorithms with simulated ex-
ecution times [53, 117], adopt network routing algorithms [126],
and use dynamic resource allocation schemes [90, 93, 94].
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Task Parallelism. While it is possible to utilize the high degree
of reuse across iterations in Image AI pipelines, every iteration
is semantically independent. Recent image AI research proposes
coupling model parallelism with task parallelism, where each task
defines a single iteration, such as evaluating a particular hyper-
parameter. Task parallelism adds one more level of parallelism
opportunity, where hardware utilization can further be improved,
which otherwise wouldwaste valuable GPU cycles due to remaining
dependencies within the Image AI pipeline or expensive communi-
cation overhead of partially computed gradients [70, 84].

5 Image vs Video Data
A natural question is how do images compare to video with respect
to data storage and management. Conceptually, a video is a series of
frames, where each frame is a separate image. Storing andmanaging
video data, however, is significantly different than image data. Video
data is composed of different types of frames, where each frame
contains different types of data. I-frames are key frames offering
lowest compression, whereas B- and P-frames are frames that can
be composed of their preceding and/or following frames and offer
higher compression. For this reason, video storage formats focus
on utilizing sophisticated prediction and grouping algorithms to
group different types of frames and compose B- and P-frames from
their neighboring frames [69, 103, 113].

There is a large body of work on Video Data Management
Systems (VDBMSs), where users perform analytical processing
over video data using a SQL-like language. The main goal is to
efficiently answer queries by query-specific AI-models/storage-
formats [3, 12, 23, 32, 33, 56–63, 65, 78, 88, 95, 96, 98, 99, 104, 125], ex-
ploiting temporal relationship among video frames [7, 8, 18–22, 25–
27, 46, 49, 66, 67, 82, 100, 109, 114–116], and/or exploiting workload
locality among different queries [34, 35, 40, 45, 47, 89, 120, 124]. Tun-
ing storage-related knobs, such as resolution of video frames, frame
rate, and tile size for tile-based storage, relates to self-designed
storage formats in terms of producing a storage for a specific task,
where the task is answering a given SQL-like query.

6 Open Problems and Future Directions
This last section describes open problems and future directions for
making image AI pipelines efficient. We first discuss how existing
lines of research could push their boundaries by addressing over-
looked challenges. Examples include constructing a design space
of storage formats solely for a specific data type, such as medical
images, expanding learned formats for dynamically sized image
representations, and revisiting materialization techniques for novel
persistent memory technologies.

We then examine how different lines of research, such as storage
and data management pipelines, can intersect and shed light on
further efficiency. Examples include creating a design space of
storage formats where learned representations and self-designed
representations are unified, revisiting materialization and reuse for
concurrently serving diverse self-designed storage formats, and
sharing activation maps and gradients across multi-task learned
storage formats.

7 Audience and Outputs
Audience. The target audience for this tutorial is students, aca-
demics, researchers, and software engineers with basic knowledge
of data systems. We assume a basic understanding of how hardware
works, such as disk, CPU, GPU, and communication between CPU
and GPU. We assume a basic understanding of data management
concepts such as compression, intermediate result materialization
and reusing, parallelism, and hardware utilization. We do not as-
sume prior knowledge of image storage or machine learning.
The learning outcomes are as follows.

• Understanding how image AI pipelines work.
• Developing a data-centric view of image AI pipelines.
• Understanding how standard, learned, and self-designed for-
mats store images.

• Understanding how image AI systems manage their data
inside their pipelines by using compression, materialization
& reuse, and parallelism.

• Exposure to open problems and future directions for making
image AI systems efficient.

8 Presenters
Utku Sirin is a postdoctoral researcher at the Data Systems lab at
Harvard University, advised by Stratos Idreos. Utku’s work on the
Image Calculator reimagines Image AI through self-designing AI
storage, which always takes the best shape given the AI context
and goals, bringing 10x speedup end-to-end. Utku was awarded
the Microsoft Research PhD Fellowship in 2017 and the Swiss Na-
tional Science Foundation Postdoctoral Fellowship in 2021 and 2023.
Utku has also been a winner of the ACM SIGMOD Students Re-
search Competition and a recipient of an IEEE ICDE best reviewer
award. Before joining Harvard, Utku obtained his PhD from the
Data-Intensive Applications and Systems lab at EPFL, advised by
Anastasia Ailamaki on hardware-conscious data systems.
Stratos Idreos is a professor of Computer Science at Harvard Uni-
versity, where he leads the Data Systems lab. His research focuses
on making it easy and even automatic to design workload and
hardware-conscious data objects and data systems with applica-
tions on relational, NoSQL, data science, machine learning, and
data exploration problems. Stratos was awarded the ACM SIGMOD
Jim Gray Doctoral Dissertation award for his thesis on adaptive
indexing and the 2011 ERCIM Cor Baayen award from the Euro-
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