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Abstract

Image Al has the potential to improve every aspect of human life. Image Al, however, is very ex-
pensive. We identify that the root cause of the problem is a long-overlooked and largely unexplored
dimension: storage. Most images today are stored as JPEG files. JPEG is designed for digital photog-
raphy. It maximally compresses images with minimal loss in visual quality. We observe that JPEG is a
fixed design. Al problems, however, are diverse; every problem is unique in terms of how data should
be stored and processed. Using a fixed design, such as JPEG, for all problems results in excessive data
movements and costly image Al systems. This paper presents Image Calculator, a self-designing storage
system that finds the optimal storage for a given image Al task. The Image Calculator achieves this by
identifying design primitives for image storage and creating a design space comprising thousands of
storage formats based on these design primitives, each capable of storing and representing data differ-
ently, with varying accuracy, inference and training time, as well as space consumption trade-offs. It
efficiently searches within this design space by building performance models and using locality among
its storage formats. It exploits the inherent frequency structure in image data to efficiently serve infer-
ence and training requests. We evaluate the Image Calculator across a diverse set of datasets, tasks,
models, and hardware. We show that Image Calculator can generate storage formats that reduce end-
to-end inference and training times by up to 14.2x and consumed space by up to 8.2x with little or
no loss in accuracy, compared to state-of-the-art image storage formats. Its incremental computation
and data-sharing schemes over frequency components allow scalable inference- and training-serving
systems.

1 Efficient Image AI Storage

Image AI Has Potential to Improve Every Aspect of Human Life. Image Al has shown great success in
numerous areas, providing more productive and safer services and tools. Medical doctors now use image Al to
support their decision-making process in the early and late detection of diseases. Companies deploy image Al
tools to enhance worker safety conditions. Manufacturing companies use image Al in their production pipelines
to increase productivity. Farmers use image Al to efficiently monitor the conditions of their crops and take
preventive actions against potential diseases, further improving their yields [1, 2, 3].

Image Al is Prohibitively Expensive. Every year, billions of digital cameras capture trillions of images. These
images consume thousands of petabytes of storage in the cloud. Numerous Al applications process these mas-
sive datasets for various purposes, such as personalized content management, image reconstruction, and visual
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captioning. Applications access data over remote storage servers and need to move and process data in compute
nodes using high-end processors. This incurs an immense dollar cost for cloud vendors and application devel-
opers. It costs millions of dollars to train and deploy a single model, which generates hundreds of thousands of
pounds of carbon emissions, making image Al inaccessible [4, 5].

Inference and Training are Equally Costly. The lifetime of an Al model includes two main stages: training
and inference. Training is where the model learns how to perform the task. Inference is where the model
is deployed and performs a learned task. Both training and inference are important cost components. While
some applications perform frequent re-trainings by newly arriving data, some applications are deployed across
billions of devices concurrently and continuously performing inference, and some other applications perform
both training and inference equally frequently [6, 7, 8, 9].

Where Does Time Go? In Figure 1, we examine the end-to-end inference times of four state-of-the-art AI mod-
els: ResNet, EfficientNet, ShuffleNet, and MobileNet. For this experiment, the server is an A100 GPU machine.
The data resides on disk as JPEG files. The model resides on the GPU. Each inference call requires reading the
data from disk to main memory, decoding it from the bytes stream into a human-recognizable image, transferring
it from main memory to GPU, and executing the Al model on the GPU. The graph on the left-hand side presents
the normalized number of floating-point operations (FLOPs) required to execute each model over an image,
and the graph on the right-hand side presents the end-to-end inference time. The figure shows that, although
models become smaller and smaller, and the number of FLOPs decreases by as much as 98%, the inference time
remains constant. The reason is that reducing the number of flops reduces the model execution time, i.e., the
GPU time, but not the other time
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reached the same conclusion.
Storage is Key. We observe that all
the time components depend on one
main factor: the amount of data moved/processed. This is determined by the storage format used for images.
First, the storage format defines how we compress and store the data as well as how much data we read from the
disk or network. Therefore, the storage format defines the I/O and decoding times. Second, PCle time depends
on the amount of data transferred over the PCle link. PCle stands for Peripheral Component Interconnect Ex-
press, and it serves as a bridge between the CPU and GPU. The amount of transferred data over PCle depends
on image size and, hence, storage format. Third, storage also determines the GPU time. The state-of-the-art Al
models for images, i.e., CNNs and visual transformers, are primarily composed of transformers and convolu-
tions, where inference and training times heavily depend on the height and width, i.e., the spatial dimensions of
the image, which are part of the storage format.

JPEG is Designed for Digital Photography. Most images today are stored as JPEG files. JPEG is designed for
digital photography. It lossily compresses images, where lost information minimally distorts the visual quality
of the image. Users capture images for artistic, recreational, and/or communication purposes and store them

Figure 1: Reducing image Al cost requires improving all cost components.

'EfficientNet has a higher GPU time than ResNet, although it requires only a quarter of FLOPs due to its more expensive pointwise
operations (ReLU & BatchNorm).



using JPEG’s algorithm so that stored images consume significantly less space than their raw versions. Thanks
to JPEG’s compression algorithm, storing and transferring images became much cheaper, which allowed the
proliferation of images across the internet and social media.

Al is Diverse. We observe that JPEG is a fixed design. Al problems, however, are diverse. Every image
Al problem has unique characteristics regarding how data should be stored and processed. We define an Al
problem as a quadruple: dataset, Al model, machine, and performance budget. Any change in any dimension
of an Al problem creates a completely new problem and requires a re-design of the storage. For example, a
storage with five milliseconds of inference budget could be completely different than a storage with a hundred
milliseconds inference budget. Therefore, using a fixed design for all problems is inefficient and can lead to
severe performance issues due to excessive data movement.

Thesis. Our thesis is as follows.

Storage determines end-to-end image Al cost. Using a single storage for all problems results
in inefficient image Al systems. Efficient systems need to tailor storage to the Al problem.

Solution: Self-Designing Storage for Image AIL. We introduce Image Calculator, a self-designing storage
system for image Al. Figure 2 presents an overview of the Image Calculator. Unlike the current state of the art,
which uses fixed storage designed for a single purpose, such as minimizing interference with the human eye,
Image Calculator automatically generates and manages new storage for every Al task. Image Calculator achieves
this by identifying design primitives for image storage and creating a rich design space of storage formats based
on these primitives, each capable of storing and representing images at a different trade-off between space,
inference/training time, and accuracy. The Image Calculator determines the optimal storage format for inference
and training, given source data, hardware, and performance budget [12]. It efficiently searches within its design
space based on performance models and locality among its storage formats. Formats with similar features
also have similar performances. Starting from information-dense formats, Image Calculator quickly identifies
high-quality storage candidates, allowing for fast and scalable inference and training. It exploits the inherent
frequency structure in image data to efficiently scale model serving across a large number of applications. The
Image Calculator breaks images into pieces, i.e., frequency components, and stores, transfers, and processes
images frequency by frequency, rather than image by image, as conventionally done. This dramatically reduces
data communication between clients & servers, providing a fast and scalable inference and training serving [13].
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Figure 2: Image Calculator generates new image storage formats as combinations of fundamental design prim-
itives. It exploits locality among storage formats for efficiently finding high-quality candidates. It stores, trans-
fers, and processes images frequency by frequency instead of file by file for efficient serving of inference and
training requests. Domains represent ID values rather than actual values. Sampling ID 4 means no sampling, for
example. M refers to first Al model, and F refers to first frequency component.



2 Design Space

The Image Calculator adapts storage to a specific Al task. It achieves this by finding design primitives for image
storage and creating a design space of storage formats based on design primitives.

Design Primitives for Image Storage. Creating a design space requires breaking down image storage formats
and understanding their main design primitives. A rich design space encompasses a large number of candidates,
each offering a distinct trade-off between space, inference/training time, and accuracy. We studied most used
image/video storage formats such as JPEG [14], JPEG2000 [15], Learned JPEG [16], PNG [17], Bitmap [18],
WebP [19], HEIF [20], AVC [21], and HEVC [22]. We show that four main design primitives cover all stan-
dard storage formats: (i) Sampling, (ii) Partitioning, (iii) Pruning, and (iv) Quantization. Sampling defines
removing a set of columns and/or rows from the image. Partitioning refers to decomposing an image into blocks
and storing or reading them block by block rather than as a whole image. Pruning refers to the removal of
unnecessary data from the image. Quantization refers to reducing the magnitude of the values in image data so
that they can be encoded with a smaller number of bits.

These four primitives govern all canonical storage formats. JPEG in its default settings, for example, samples
images at every other row and column, partitions them into 8x8 blocks, and uses a specific 8x8 quantization
matrix to quantize every data value within the block with a specific quantization factor. Learned JPEG, on the
other hand, in addition to performing the same sampling, partitioning, and quantization as standard JPEG, also
prunes unuseful data based on a learned model defining which data items are useful and which are not. Video
storage formats follow image storage formats, except that they use sophisticated algorithms for exploiting the
temporal relationship within the video data. They, too, use similar primitives, such as partitioning, sampling,
and quantization when storing data.

Frequency-Domain Representation. There is one design primitive that all standard formats make the same de-
cision: image representation. Standard formats use a human-recognizable color space representation of images,
such as the red-green-blue (RGB) representation. Recently, several studies have shown that Al problems can
be solved equally successfully by using frequency-domain representation [16, 23]. This representation enables
fast image reconstruction, thereby significantly reducing inference time. Image Calculator follows this trend
of frequency-domain representation, aiming for high efficiency in Al inference and training. When reading an
image, it simply converts the byte stream into a set of frequency coefficients in a single step and uses it as is to
train AI models and perform inference with them. This significantly reduces image reconstruction time and also
enables scalable image representation, thanks to efficient data pruning, as described later in this section.

Domains for Design Primitives. Design primitives define the fundamentals when storing images. They are,
however, useful only when we know how to perform each design primitive. A domain defines the set of possible
ways to perform a specific design primitive. Every design primitive has its domain. Every combination of
every domain value across all design primitives defines a different storage format, and all such combinations
collectively define the total design space. There are, however, exponentially many ways to perform each design
primitive. An RGB image, for example, can be sampled in an exponentially large number of ways. Similarly,
we can partition the image into blocks of any size and prune them in an exponentially large number of ways.
Consider a block size of 8x8, i.e., images are partitioned into 8x8 blocks when storing, and assume that we
apply the same pruning strategy to all blocks of the image. How many possible pruning strategies are there
for, say, six different block sizes: 8x8, 16216, 32x32, ..., 25622567 For 8x8 block size, there are 288 —
264 possible pruning strategies. For 16216 blocks, there are 216%16 = 2256 gtrategies. In total, this makes
2828 4 916216 4 4 92562256 - 10150K which is beyond any computational capacity to search within.

Dimensionality Reduction. We perform sensitivity analysis for each design primitive to determine a feasible
domain. Our goal is to reach conclusions for each design primitive such that certain values of their domains
perform significantly better than others. This way, we aim to determine the most valuable set of design decisions
for each primitive and create a feasible yet high-quality design space. When performing the sensitivity analysis,
we fix values of all design primitives except the primitive under test. We then vary the values of the primitive



under test from a very small value to a very large value and analyze how various Al problems, using different
datasets and Al models, perform across different ranges of values. If we identify a group of domain values that
are worse than others, we exclude them from the domain. If all domain values perform similarly, we uniformly
sample a feasible set of domain values. This way, we identify the most valuable design decisions for each design
primitive and create a high-quality design space.

#1 Sampling. Sampling primitive removes some rows and columns of pixels from the data. It has two aspects:
which sampling strategy to use and which channels to sample. For the first aspect, we use four sampling
strategies: sampling every other column, sampling every other row, sampling every other row and column, and
no sampling. We observe that these strategies effectively cover the range. For the second aspect, we perform
the following analysis. Once they are captured, images are typically stored in the red-green-blue (RGB) color
space. Most standard formats transform them into Y-Cr-Cb color space before storing them. The reason is
that Y-Cr-Cb color space separates brightness information from the color information. Y channel carries the
brightness information, i.e., it is the black-and-white version of the original image. Cr and Cb channels carry
the color information. Standard formats observe that the human eye is more sensitive to brightness information
than to color information. Hence, they use a more aggressive sampling strategy for the color channels than for
the brightness channel. We test this hypothesis against Al problems and observe that it does not hold for Al
problems. Color information can be equally successful as brightness information for performing various Al
tasks. Hence, once the sampling strategy is chosen, we sample all channels using the same sampling strategy.
#2 Partitioning. Partitioning primitive decides how to decompose images into blocks. We analyzed six block
sizes of 8x8, 16216, ..., and 2562256. Each block size provides a different representation with varying accuracy
offerings for different Al tasks. We observed that no block size is better than the others. Hence, we keep all six
block sizes and use them as the domain of the partitioning primitive.

#3 Pruning. Pruning primitive removes some data values from the image. It is similar in definition to sampling
but differs in its implementation. Most standard formats store data in the so-called frequency domain. Once
an image is captured, it is usually in a color space, such as RGB. When storing images, most standard formats
perform a frequency transformation, such as the Discrete Cosine Transformation (DCT) [10], which converts
color-space representation into a frequency-space representation. This transformation is on top of the color-space
transformation mentioned in the previous paragraph. Frequency-space representation allows reasoning about the
data. Every value is a weight, i.e., a coefficient for a specific signal with a specific frequency. High-frequency
signals represent fine-grained details on the image, whereas low-frequency signals represent coarse-grained
information, such as the shape of a human body. Standard formats profile the human eye and observe that it
is more sensitive to low-frequency signals than to high-frequency signals. Hence, standard formats compress
high-frequency signals more aggressively than low-frequency signals, providing efficient storage.
Low-Frequency Coefficients Are Much More Useful Than High-Frequency Coefficients. We use the fre-
quency structure in image data to design the pruning domain. We test four pruning strategies. As an image is a
two-dimensional data, i.e., a two-dimensional signal, frequency transformation includes signals whose frequen-
cies increase vertically and horizontally. In our first pruning strategy, we always retain the lowest horizontal
and vertical frequency signals and prune everything else. As we prune less and less, we add higher and higher
frequency signals, both in the horizontal and vertical dimensions. In our second pruning strategy, we always
retain the highest frequency signals in both horizontal and vertical directions. As we prune less and less, we add
lower and lower frequency signals both at horizontal and vertical dimensions. In our third and fourth pruning
strategies, we retain the highest horizontal and lowest vertical frequency signals, as well as the highest vertical
and lowest horizontal frequency signals. Again, we add more and more signals in the opposite direction as we
prune less and less. The third and fourth strategies test whether horizontal or vertical frequencies play a different
role in image Al problems. We compare each strategy based on their performance using various Al problems.
We observe that low-frequency signals have a clear superiority over all other types of signals. Hence, when
pruning, we first prune the highest frequency coefficients at both horizontal and vertical dimensions and prune
lower and lower frequency signals as we prune more. This constitutes the domain of the pruning primitive. For



a given image, there is now a strict order and a small number of possible pruning strategies in terms of what
signals should be pruned and what signals should be retained.

Removing Frequency Coefficients Allows Scalable Representation of Images. Eliminating the unuseful
frequency signals has two advantages. First, it allows for significantly reducing the data size, as we physically
remove some values from the dataset. Secondly, it provides a scalable representation of images in the main
memory. We eliminate unuseful frequency sig-
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#4 Quantization. Quantizing a value refers to di-
viding it with a quantization factor and rounding
it to its nearest integer. This reduces the magni- Figure 3: Image Calculator removes frequency coefficients
tude of the values, allowing them to be encoded outside the boundary of the chosen triangle.

with a smaller number of bits. Quantization is

essential for reducing the consumed space, though it does not affect PCle and GPU times and only minimally
affects disk I/O and CPU decoding times. Even a small degree of quantization, e.g., quantizing with a small
factor of 2, dramatically reduces the amount of data stored. This is because every value becomes smaller and
hence needs a smaller number of bits to encode. Furthermore, as the values decrease, the number of repetitions
across all values within the dataset increases. Modern encoding algorithms such as DEFLATE [11] exploit rep-
etitions in the data and use a symbol table, where the most frequently occurring data items are encoded with
the smallest number of bits. As values are quantized more and more, they get closer to each other and, hence,
benefit more and more from repetitions. The trade-off is to quantize values as much as possible without losing
much accuracy. In our experiments, we observed that quantizing values up to a factor of 20 typically does not
result in any accuracy loss. Quantizing with factors larger than 20 results in an accuracy loss, and typically in
proportion to the quantization factor. Hence, we choose 20 as the minimal quantization factor and select 50 and
100 for medium and high degrees of quantization, respectively.

Desing Space: ~4K Storage Formats. Having defined the domains, we can now count the total number of
elements in our design space. There are three quantization factors, four sampling strategies, six block sizes, and
as many pruning strategies as the dimension of each block size. This variation in total sums up to 4104 storage
formats, which is large yet feasible enough to search within.

3 Inference Time

Having defined the design space, Image Calculator first reduces inference time by adapting storage to the Al
task. It assumes the Al model is part of the Al task and, hence, user-specified. It aims to find the best-performing
storage formats across various inference time budgets, allowing users to decide which storage format works best
for their own use case. Image Calculator uses performance models to achieve this. A performance model is
a predictive model that maps every element in the design space to a metric of interest, such as inference time,
space consumption, or accuracy. Building a performance model for inference time and space consumption is
straightforward, as hardware is easily accessible today through various cloud vendors, and it is inexpensive to
profile hardware and obtain real-life measurements. Building a performance model for accuracy is a challenging



task. The brute-force method would train an Al model for each storage format in the design space and offer
an accuracy-cost trade-off across ~4K candidates. This, however, means thousands of Al model training and is
prohibitively expensive.

Bucket Sampling Reduces Accuracy Model Construction Time by 3x. Image Calculator uses sampling,
interpolation, and transfer-learning-based methods to construct a performance model for the accuracy metric
efficiently. We first observe a diminishing return relationship between inference time and accuracy. As storage
formats become increasingly costly in terms of inference time, they also deliver higher accuracy. This is because
high inference time implies expensive storage formats, which are characterized by high information density and,
therefore, deliver high accuracy. Image Calculator exploits the diminishing returns curve and performs bucket
sampling over the design space of storage formats. It first partitions the design space into a set of buckets, where
each bucket contains storage formats with similar inference times. It then performs bucket sampling such that
the sampled buckets define the overall shape of the trade-off curve reasonably well. It then trains an Al model
specifically for the storage formats included in the sampled buckets. We show that this reduces the number of
storage formats for which Image Calculator requires training an Al model from scratch from ~4K to ~1.3K,
i.e., provides about 1/3 of savings.

Transfer Learning Further Reduces Accuracy Model Construction Time by 10x. We observe that storage
formats in Image Calculator’s design space are correlated. Consider the storage format that uses 16x16 blocks,
prunes all frequency signals except the lowest four, and employs no sampling, with a quantization factor of 20.
This storage format stores the data only slightly differently than the storage format that uses the same block size,
sampling strategy, and quantization factor but prunes all frequency signals except the lowest five. Therefore,
an Al model trained with a specific storage format could share its learned model parameters, i.e., weights,
with other storage formats to accelerate their learning. In deep learning literature, this is referred to as transfer
learning. Image Calculator trains only one Al model from scratch using the storage format that includes the
highest amount of information, i.e., the format that is least pruned, sampled, and quantized. It then shares its
weights with all other sampled storage formats. We analyzed four transfer learning strategies: (i) successively
going backward from the most information-dense format to the least information-dense format in a sequential
manner, (ii) going forward from the least information-dense format to the highest information-dense format
in a sequential manner, (iii) parallel transfer learning where all formats learn from the highest information-
dense format, and (iv) parallel transfer learning where all formats learn from the lowest information-dense
format. We observe that the first transfer learning strategy, which involves successively transitioning from the
most information-dense format to the least information-dense format in a sequential manner, yields the highest
performance. Hence, we chose this as the Image Calculator’s transfer learning algorithm. We show that transfer
learning further reduces the accuracy model construction cost by 10x, as every storage format now needs ~10x
less number of epochs to train its AI model for achieving a similar level of accuracy.

Interactive Exploration of Trade-Off. Overall, bucket-sampling, interpolation, and transfer learning bring
about ~30x reduction in computing a performance model for accuracy, compared to the brute-force method of
training ~4K Al models. Once performance models are built, the user can interactively explore the design space
and its various trade-offs, making an informed decision on which storage format to use and what accuracy to
expect at runtime. Furthermore, all applications using the same dataset but different resource budgets can use the
same accuracy-time/space models to make their decisions. As Al applications are typically deployed at a scale
of millions across various types of hardware and software platforms and capacities, performance models offer
efficient and scalable means for determining the right storage format for each application. We demonstrate that
Image Calculator’s storage formats can reduce inference time by up to 14.2x and consume space by up to 8.2x
with little to no loss in accuracy compared to JPEG and its recent variants across diverse datasets, Al models,
and Al tasks [12].



4 Training Time

Next, the Image Calculator aims to reduce training time. Training time encompasses storage format search
time, Al model search time, specifically neural architectural search time, and hyperparameter optimization time.
There are two challenges in reducing the training time. The first one is reducing storage format, architectural,
and hyper-parameter search times. The second one is performing data augmentation in the frequency domain.
Reducing Storage Format Search Time via Unsupervised Learning. Image Calculator reduces storage for-
mat search time by using unsupervised learning. It exploits locality among storage formats in its design space.
Closely related storage formats also exhibit similar performance. Image Calculator trains an Al model that
creates one embedding for each storage format. It then starts with the densest storage format and traces lower-
budget storage formats that are closest to it by keeping at least one storage format per inference time budget. It
stops when it hits the most sparse storage format. Training an Al model that computes embeddings requires a
single Al model training. Finding the densest storage format is a constant-time operation, as we know which
storage format is densest in Image Calculator’s design space, which is usually among the top-performing storage
formats. Tracking back to lower-budget formats that are close to the densest format is also inexpensive, as it
involves simply computing cosine similarity across a range of storage formats. As a result, finding high-quality
storage formats using unsupervised learning is highly efficient, costing roughly the same as training a single Al
model and allowing for scalable storage format search times. We demonstrate that unsupervised learning can
identify storage formats with up to 10% higher accuracy than randomly chosen storage formats. Furthermore,
they have only 3-5% lower accuracy than the optimal storage formats, which would take hundreds of AI model
training using transfer learning, as described in the previous section.

Scaling Neural Architecture Search and Hyper-Parameter Optimization Time via Cheap Storage For-
mats. Having found a family of high-quality storage formats, Image Calculator performs neural architecture
search and hyper-parameter optimization with one of these formats. The user provides two performance bud-
gets: training time budget and inference time budget. The Image Calculator performs architectural and hyper-
parameter searches using a storage format that fits within the inference budget, as much as the training budget
allows. To illustrate, if the user has an inference budget of 100 microseconds, the Image Calculator deter-
mines which storage format, among those produced by its unsupervised learning algorithm, fits within the 100-
microsecond budget. It then performs the architectural and hyper-parameter search with that format. This way,
it finds the optimal architecture and hyper-parameter for that specific storage format, which allows searching
for small training budgets that would otherwise not be possible and/or yield very poor qualities. Image Calcu-
lator can work with any neural architecture search algorithm, such as weight-sharing [7], neural predictor [24],
and zero-cost [25] algorithms, and any hyper-parameter optimization algorithm, such as sequential [26], and
synchronous [27] and asynchronous [28] parallel methods.

Data Augmentation in Frequency Domain. Most neural architecture search studies perform repeated model
evaluations, i.e., they train different candidate neural architectures at least partially to evaluate how high/low
quality they are. Training an Al model requires data augmentation, such as randomly cropping and resizing
different parts of the image and horizontally or vertically flipping the images. Data augmentation today is
performed in the visual RGB domain. The Image Calculator uses data augmentation algorithms in the frequency
domain. This enables the elimination of the costly image reconstruction phase during training, significantly
improving individual training times. It employs existing digital signal processing algorithms for basic image
manipulations in the frequency domain, such as block composition/decomposition and sub-band approximation,
and implements nine popular data augmentations based on various combinations of these algorithms. This way,
it can accelerate individual training time by up to three times.



S Model Serving

Model-serving systems aim to provide fast and efficient inference [29, 30, 31, 32, 33] and training [34] at scale,
where scale is defined by the number of applications concurrently submitting requests with varying latency/time
and accuracy requirements. In its next step, Image Calculator scales inference and training times across a large
number of applications. Model-serving systems use sophisticated algorithms to optimize resource efficiency,
prediction latency, and accuracy jointly. The trade-off typically arises from using various types of Al models
with differing cost-accuracy trade-offs. Existing studies all rely on a fixed storage, e.g., JPEG. Image Calculator
replaces JPEG with its own design space of storage formats, thereby dramatically reducing all data movement
costs. Additionally, the Image Calculator leverages the inherent frequency structure in image data to incremen-
tally perform inference and efficiently share data during training. It breaks images into pieces, i.e., frequency
components, and transfers, stores, or processes images frequency component by frequency component rather
than file by file, as conventionally done.

Inference Serving: Adaptive AI Model and Storage Selection with Incremental Computation. When serv-
ing for inference, Image Calculator communicates with registered applications and asks only for the first set
of frequency components for a batch of images. It then performs inference by using only these first frequency
components for all images. For those images in which the Image Calculator reaches a threshold of confidence
score, it finalizes the image Al task and returns the results. For those who do not, the Image Calculator requests
additional frequency components and continues performing inference until it reaches a threshold of confidence
score for all images in the batch. This way, it transfers only as much data as necessary for each image, which
dramatically reduces data movement and processing costs when serving for inference. The Image Calculator
performs inference using an ensemble of AI models. It uses an adaptive model and storage selection algorithm.
Given a latency budget, it starts with a large ensemble of Al models over sparse storage formats. As more and
more frequency components are transferred over the network, it reduces its ensemble size while increasing the
density of the images with newly arriving frequency components. Its goal is to support sparse storage formats
with large ensembles, allowing it to reach high confidence early and minimize data movement over the net-
work. Image Calculator proactively prefetches the next frequency components while running the ensemble of
Al models, overlapping Al model execution time with data transfer time to reduce end-to-end latency further.
Training Serving: Sharing Data Across Frequency Columns. When serving for training, Image Calcu-
lator uses a collaborative training algorithm for all AI models it maintains in its pool and their variants to
perform inference with varying numbers of frequency components. Like its inference-serving component, Im-
age Calculator uses the inherent frequency structure within image data for efficient training. It stores images
frequency-component by frequency-component instead of file by file. Every image has a fixed number of fre-
quency components, and each frequency component is represented as an array of values. Storing images using
the frequency structure is similar to storing a relational database table column by column rather than row by row.
In this analogy, a relational table corresponds to a batch of images, a row corresponds to an individual image,
and a column corresponds to a specific frequency component across the entire batch of images. In Image Calcu-
lator’s pool, there are Al models that recognize an increasing number of frequency components. Storing images
based on frequencies allows for efficient data sharing across Al models that use a similar set of frequency com-
ponents. The Image Calculator co-locates such AI models and shares the I/O cost among them during training.
This dramatically reduces the 1/O cost, as otherwise, Image Calculator would need to create a separate file for
every version of the image, even though they are part of the same storage, and would need to perform a separate
I/0 operation for each. We demonstrate that Image Calculator reduces I/O costs by up to 9x, thanks to its data
sharing scheme over frequency columns [13].



6 Summary & Future Work

Image Calculator is a self-designing storage system that creates and manages storage tailored to a specific image
Al task. It builds a design space of storage format, where every format offers a different accuracy-cost trade-
off in terms of accuracy, inference/training time, and space consumption. It uses performance models and
locality among storage formats to efficiently search for high-quality candidates. It breaks images into frequency
components and stores, transfers, or processes them frequency by frequency, rather than file by file, for efficient
serving of inference and training requests.

The AI stack has been heavily optimized, from the infrastructure layer, which uses massively parallel ar-
chitectures with high memory bandwidth [35], to the framework layer, which employs libraries with efficient
performance tuning methods, such as operator fusion and just-in-time compilation [36]. Storage has been the
only component that is “general purpose”, meaning it is not specialized for Al. Image Calculator challenges
this convention and makes the case for an adaptive storage for image Al tasks. It opens the black box of image
storage and sets an ambitious goal: to have Al storage for images that can replace JPEG.

In its next steps, we aim to expand Image Calculator’s design space for better and cheaper formats, as well
as for new domains and problems such as health [37], autonomous vehicles [38], 3D image reconstruction [39],
and video games [40]. Given that neural architectures have design spaces that are orders of magnitudes larger
than Image Calculator’s design space (10?! vs. 4K), the potential is huge. The Image Calculator’s idea is simple
and can be applied to other data types, such as video and text. For example, information retrieval systems use
similar primitives to Image Calculator for efficient text processing, such as sampling [41], pruning [42], and
quantization [43]. The Image Calculator enables the reimagining of the entire image Al pipeline in terms of how
data is moved and processed, from bits to the system level. We plan to enhance Image Calculator to an end-to-
end data system that holistically manages all data objects produced and consumed by an image Al pipeline, such
as activation maps and gradients [44]. Image Calculator makes inference a viable option on CPUs, offering a
new cost-performance trade-off. CPUs are equipped with a variety of micro-architectural features that database
workloads have long been using [45, 46, 47, 48, 49, 50, 51]. We plan to study novel data systems that provide
fast and scalable performance on CPUs by efficiently using micro-architectural resources.
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