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Numerous applications today rely on artificial intelligence over images. Image AI is, however, extremely
expensive. In particular, the inference cost of image AI dominates the end-to-end cost. We observe that the
image storage format lies at the root of the problem. Images today are predominantly stored in JPEG format.
JPEG is a storage format designed for the human eye; it maximally compresses images without distorting the
components of an image that are visible to the human eye. However, our observation is that during image AI,
images are “seen” by algorithms, not humans. In addition, every AI application is different regarding which
data components of the images are the most relevant.

We present the Image Calculator, a self-designing image storage format that adapts to the given AI task, i.e.,
the specific neural network, the dataset, and the applications’ specific accuracy, inference time, and storage
requirements. Contrary to the state-of-the-art, the Image Calculator does not use a fixed storage format like
JPEG. Instead, it designs and constructs a new storage format tailored to the context. It does so by constructing
a massive design space of candidate storage formats from first principles, within which it searches efficiently
using composite performance models (inference time, accuracy, storage). This way, it leverages the given
AI task’s unique characteristics to compress the data maximally. We evaluate the Image Calculator across a
diverse set of data, image analysis tasks, AI models, and hardware. We show that the Image Calculator can
generate image storage formats that reduce inference time by up to 14.2x and storage by up to 8.2x with a
minimal loss in accuracy or gain, compared to JPEG and its state-of-the-art variants.

CCS Concepts: • Information systems → Record storage alternatives; • Computing methodologies →
Image representations.
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1 TOWARDS EFFICIENT IMAGE AI STORAGE
Numerous andDiverse Applications Rely on Image AI. Image AI solutions create AI models for
image analysis tasks, which learn from past behaviour and perform predictions for future behaviour.
Today, hospitals use image AI to predict sepsis and to improve surgical plans. Governments use
image AI to detect traffic violations. Farmers use AI to detect plant diseases and get a higher yield.
Big technology companies use AI to build self-driving cars. The benefits come from automating
tasks that are otherwise too complex, error-prone, and time-consuming for humans.
Problem: Image AI is Expensive. Images occupy vast space on persistent storage, consume large
network bandwidth, and require significant processing power. At the same time, convolutional
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neural networks (CNNs) and visual transformers [56, 139, 145], which are state-of-the-art image AI
models, are computationally complex and expensive mathematical structures where successive
layers of transformers/convolutions perform linear and non-linear transformations over the input
image repeatedly.
Data Management Concepts to Speedup AI. There is an increasing trend in utilizing database
management concepts in AI. For example, more than 50 papers have been published at SIGMOD
and VLDB in the past four years in the areas of training pipeline optimization [1, 41–44, 68, 69,
71, 78, 84, 89, 90, 106, 107, 113, 113, 118, 120, 121, 123, 125, 126, 131–133, 136, 147, 151, 159, 164–
166, 168–170], automated training data generation [10, 28, 117, 128, 146, 155], scalable inference
time [38, 76, 106, 135, 157, 162], and video analytics using ML [6, 14, 26, 49, 58, 74, 75, 167]. Our
work utilizes data management concepts in storage to speed up image AI inference.
Inference Cost Exceeds Training Cost at Scale. The AI lifecycle includes two parts: training and
inference. During training, the AI model learns from past data. During inference, the trained model
is used to analyze a new image. Since inference happens frequently, inference cost dramatically
exceeds training cost at scale. For example, Amazon and Google report that the inference costs are
nearly 90% of their customers’ AI applications [4, 31, 39, 57].
Where Does the Inference Time Go? Inference time is typically defined by the execution time of
the AI model over a single image [11, 13, 91, 92, 142, 148, 150, 156]. In Figure 1, we examine the end-
to-end inference time of four state-of-the-art AI models, ResNet [51], EfficientNet [143], ShuffleNet
[108], andMobileNet [56]1. For this experiment, the server is an A100 GPUmachine. The data resides
on disk as JPEG files. The model resides on the GPU. Each inference call requires reading the data
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Fig. 1. Fast inference requires improving all cost parts.

from disk to main memory, decod-
ing it from the bytes stream into a
visually recognizable image, trans-
ferring it from main memory to
GPU, and executing the AI model
on the GPU. The graph on the left-
hand side presents the normalized
number of floating point opera-
tions (flops) that require execut-
ing each model over an image, and
the graph on the right-hand side
presents the end-to-end inference
time. The figure shows that, al-
though models get smaller and smaller, the number of flops decreases by as much as 98%, the
inference time remains the same. The reason is that reducing the number of flops reduces the
model execution time, i.e., the GPU time, but not the other time components. When the GPU time
is reduced, the other time components surface up, and the inference time remains the same2. In this
way, inference time is a complex function of multiple time components, and reducing inference
time requires reducing all time components.
Intuition 1: Storage is Key. We observe that all inference 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 and how much data
we read from the disk/network. Therefore, the storage format defines disk I/O and decoding times.

1Please see Section 5.1 for the details of the models.
2EfficientNet has a higher GPU time than ResNet, although it requires only a quarter of flops due to its more on expensive
pointwise operations (ReLU & BatchNorm) [13, 142].
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Second, PCIe time depends on how much data we transfer over the PCIe link, which depends on
image size. Third, storage also determines the GPU time. The state-of-the-art AI models for images,
i.e., CNNs and visual transformers, are mainly composed of transformers/convolutions, where
inference time depends on the height and width, i.e., the spatial dimensions of the image.
Intuition 2: JPEG is for the Human Eye, Not Image AI. The vast majority of images today
are stored in JPEG. JPEG lossily compresses images, where the lost information minimally distorts
the quality of the image perceived by the human eye. We observe that Image AI tasks do not have
to keep images in a human-recognizable format, as the images will be “seen” by neural networks.
In addition, JPEG represents images in the human-recognizable red-green-blue (RGB) format in
main memory. Hence, it suffers from constant decoding, PCIe, and GPU times, no matter how
deeply it compresses images. Finally, every image AI application and task has unique characteristics
regarding how much data needs to be maintained, how much storage/inference-time budget the
use case has, and how much error the AI solution can tolerate.

Our thesis is that no single storage format is sufficient, and dramatically
more efficient performance is only possible if the storage format is tailored

for the given context: dataset, AI model, and the AI task.

The Solution: An Adaptive Storage Format with Scalable Image Representation. We intro-
duce the Image Calculator (IC), a self-designing storage format with scalable image representation
in main memory. IC is a storage-format generator that produces new and tailored image storage
formats. While current state-of-the-art storage formats are fixed and designed for a single purpose,
such as minimally interfering with the human eye, IC is a storage-format generator that auto-
matically produces a different storage format for every scenario. This way, it adapts the storage
format to the given context and aims for maximal efficiency. IC takes the image dataset, AI model,
hardware, and performance budgets as input and outputs the most efficient storage format for
this AI task. IC achieves that by creating a rich design space of storage formats and efficient and
accurate performance models that allow searching within this design space. IC represents images
in a semi-compressed, non-visual format in main memory that scales inference time with data
size. Finally, IC allows users to explore the design space interactively, i.e., perform what-if design
questions to decide on the desired inference-time/storage/accuracy balance.
Contributions. In summary, our contributions are as follows.

• We introduce a design space of image storage formats. The design space is constructed by all
combinations of fine-grained design decisions on how to store image data. Such decisions
include subsampling strategy, block size, discrete-cosine transformation coefficient selection,
and quantization factor.

• We show that this design space creates a massive set of practically infinite candidate image
storage formats. We show how to dramatically reduce the infinite set into a valuable set of
six thousand candidates by performing sensitivity analysis for each design decision and its
domain and maintaining only the most performant designs (inference-time/storage/accuracy).

• We show how to search within the design space by introducing efficient performance models
that take into account the balance of inference time, accuracy, and storage. Our performance
models utilize sampling, interpolation, and transfer learning. We show that our method is
2.7-21.3x faster than brute force with 1-5% error.

• We evaluate the Image Calculator across diverse datasets, AI models, AI tasks, hardware, and
baselines. We demonstrate that the Image Calculator can find storage formats with 2.8-8.2x
reduced storage and 2.5-14.2x lower inference time than JPEG and state-of-the-art variants,
proving the benefits of using an adaptive storage format tailored for the given context instead
of a fixed design such as JPEG.
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Fig. 2. The Image Calculator creates a tailored storage format given the AI model, the data, and the hardware.

The paper is curated to be self-contained with the most critical material, and we also accompany it
with a technical report with numerous additional experiments and details [138].

2 BACKGROUND
All standard image/video storage formats, such as JPEG, JPEG2000, H.264/AVC, and H.265/HEVC,
use Discrete-Cosine Transformation (DCT) [8]. DCT is a version of Fourier transformation, where
the image is transformed from the pixel domain to the frequency domain. The frequency domain
allows fine-grained control over the information in the image.

DCT is usually used for a specific block size. JPEG, for example, uses a fixed block size of 8x8. It,
then, performs DCT over each block independently based on the following formula:

𝐷𝐶𝑇 [𝑖, 𝑗] = 2
𝐵
𝐶 (𝑖)𝐶 ( 𝑗)

𝐵−1∑︁
𝑘=0

𝐵−1∑︁
𝑙=0

𝑓 (𝑘, 𝑙)

cos( (2𝑘 + 1)𝑖𝜋
2𝐵

) cos( (2𝑙 + 1) 𝑗𝜋
2𝐵

)

(1)

where B is the block size, 𝑓 (𝑘, 𝑙) is the pixel value at the [𝑘, 𝑙]th position, and

𝐶 (𝑥) =
{

1√
2
, if 𝑥 = 0

1, otherwise
(2)

This way, images are represented in the structured frequency domain rather than the unstructured
pixel domain. Each value in a DCT-transformed block is called a frequency coefficient and represents
how much specific frequency information contributes to the actual pixel values of that block. DCT
is a reversible operation.

3 OVERVIEW
First, we present a high-level overview of the Image Calculator based on Figure 2. The Image
Calculator has three execution modes.
Build: It takes as input the dataset, the AI model, and the hardware, and it constructs the

performance models for the metrics of interest: accuracy, inference time, and storage.
Exploration: Users can interact with the Image Calculator in real time and explore the tradeoffs

between the performance metrics. It takes as input the user’s inference time and storage budgets
and returns a storage format and accuracy. The accuracy represents how much the accuracy of the
AI model would be if the dataset had been stored using the given storage format.

Deploy: The Image Calculator is deployed and used in real-time. It uses the storage format
chosen in the exploration mode. It performs the final training of the AI model and moves it to the
host machine for inference. It receives images at the data source, e.g., a camera, stores them in the
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Fig. 3. The Image Calculator storage template generates entirely new image storage formats as combinations
of fundamental design primitives.

chosen storage format, transfers them to the host machine, and performs the inference. Inference
requires decoding the byte stream into an image representation in the main memory, transferring
the decoded image to the GPU, and executing the AI model. The deploy mode might also run
directly on the host machine if the data is stored on the local disk.

4 SELF-DESIGNING IMAGE AI STORAGE
The Image Calculator is based on a storage template, i.e., a set of design primitives. Each design
decision has a domain. Every template instance is a different image storage format. To create a
new instance, one has to give value to all primitives. We first describe the storage template at a
high level (Sec. 4.1). Then, we describe each design primitive and their domains in detail (Sec. 4.2).
Lastly, we describe how we search within the space (Sec. 4.3).

4.1 Storage Template
Figure 3 presents the storage template. It contains design primitives that we identified in state-
of-the-art image/video storage formats and recent research variants, such as JPEG, JPEG2000,
H.264/AVC, H.265/HEVC, PNG, and BMP [8, 141]. Below, we describe the primitives and how we
combine them to form a storage template.

4.1.1 Design Primitives. The Image Calculator (IC) comprises six steps. There is one design primitive
for steps (2), (3), (4), and (5), whereas we make fixed design choices for steps (1) and (6). IC first
transforms the images from the RGB colour space to the luma-chroma (YCrCb) colour space.
It then performs subsampling, splits the image into equal-sized blocks, and performs discrete-
cosine transformation (DCT) over each block. Each DCT block contains a set of values called DCT
coefficients. In step (4), IC performs the DCT-Coefficient-Selection: it identifies the most valuable
coefficients and removes the rest. As we remove more DCT coefficients, the image gets smaller,
allowing scalable image representation in the main memory. Section 4.2.3 discusses this in more
detail. In step (5), IC quantizes the chosen coefficients by dividing them by a specific value and
rounding the result into its nearest integer. At step (6), IC encodes the quantized coefficients into a
byte stream.

4.1.2 Step (1) and (6). We make fixed design choices for steps (1) and (6), as they contribute very
little to data size. Step (1) is merely a linear, colour-space transformation. Step (6) encodes the
quantized DCT values into a byte stream using lossless compression such that the most frequently
occurring values are encoded with the least number of bits. We use NumPy’s lossless compression.
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Block Size (𝐵)
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image and apply DCT.

{8𝑥8, 16𝑥16,
32𝑥32, 64𝑥64,
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128𝑥128
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It defines which DCT co-
efficients to maintain and
which DCT coefficients to
remove from the dataset.
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{1𝑥1, ..., 𝐵𝑥𝐵}.

Top-left
3𝑥3 triangle.

Quantization Factor

It defines the integral
value that the chosen
DCT coefficients are

quantized with.

{20, 50, 100} 50

Table 1. The design space of the Image Calculator.

4.1.3 Infinitely Large Space. Having defined the design primitives, we now estimate the size of the
design space. Each design primitive can take any value that satisfies the primitive. For example, we
can subsample an image in every possible way to reduce the number of pixels in the image. Similarly,
we can split the image into any size of blocks, choose any subset of the coefficients, and quantize
each value with any possible value. This design space of combinatorial choices is practically infinite.
More specifically, for an 8𝑥8 block, there are 2568𝑥8 possible quantization matrices, assuming that
quantization factors are integers in [1, 256]. For 8𝑥8, 16𝑥16, . . . , 256𝑥256 block sizes, this number is
2568𝑥8 + 25616𝑥16 + . . . + 256256𝑥256, which is > 10150𝐾 , making it impossible to search within this
space. The following section describes how we reduce this infinitely large space into six thousand
valuable candidates.

4.2 Reducing the Design Space Size
The domains of the primitives, when combined, are practically creating an infinitely large space,
making searching within the design space impossible. In this section, we describe how we reduce
the size of the space by investigating in detail the domain of each design primitive and the value
it brings in end-to-end performance. The challenge is that every removed value of every design
primitive potentially excludes useful storage formats. Hence, the goal here is to balance the domain
size for each design primitive with a tractable search time and practical final storage formats. Our
approach to solving this challenge is to perform sensitivity analysis for each design primitive and
reduce their domains such that the overall size of the search space is manageable to search within.
Our final design space size is reduced to six thousand storage formats. Table 1 summarises the
design primitives and gives examples of generated storage formats. Now, we describe the design
primitives and the sensitivity analysis for their reduced domains.

4.2.1 Subsampling Strategy. One of the Image Calculator’s main decisions is how to sample the
image. This decision has two aspects: which sampling strategy to use and which channels to sample.
For the first aspect, we use four possible sampling strategies: (i) sampling every other row and
every other column (4x4), (ii) sampling only every other row (2x2-r), and (iii) sampling only every
other column (2x2-c), and (iv) no sampling (1x1).
Brightness and Color Information Are Equally Important for AI Models. For the second
aspect, we perform the following analysis. We train an AI model by using only the Y, the Cr, and the
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Fig. 4. Four coefficient-selection strategies.

Cb channel, and we examine whether the accuracy is consistently higher for any of the channels.
We used a state-of-the-art ResNet50 model and three image-classification datasets3. We observed
that none of the channels consistently achieved a higher accuracy than the others. Hence, we
conclude that all three channels are equally important. We subsample all the channels at the same
rate. This way, we reduce the dimension of this domain into four. More details can be found in our
technical report [138].

4.2.2 Block Size. Block size defines how we split an image into smaller-sized blocks. It allows for
controlling lost information due to quantization and other design primitives.
Fixed Block Size Limits Capacity of the Design Space. As the Image Calculator targets a wide
variety of AI tasks, using a single, fixed block size limits the representation capacity of the space of
storage formats in terms of offering successful tradeoffs across its target metrics. Thus, we expand
this choice into six possible block sizes: 8x8, 16x16, 32x32, 64x64, 128x128, and 256x256.

4.2.3 DCT Coefficients. AI models need only a certain amount of information to be successful. IC
compresses the data by removing coefficients that are not useful for the given AI task.
Frequencies of the DCTCoefficients Increase Over The Spatial Dimensions. To identify what
values are helpful for learning, we observe that DCT coefficients represent frequency components
whose frequencies increase over the horizontal and vertical dimensions of the image. As we go
from left to right in a block of DCT coefficients, the vertical frequencies of the DCT coefficients
gradually increase. As we go from top to bottom in a block of DCT coefficients, the horizontal
frequencies of the DCT coefficients gradually increase.
The DCT coefficient with the lowest horizontal and vertical frequency is stored in a block’s

[0, 0]th cell. The DCT coefficient with the highest vertical but lowest horizontal frequency is
stored at the [0, 𝐵 − 1]th cell in a block of size 𝐵𝑥𝐵. Similarly, the DCT coefficient with the highest
horizontal but lowest vertical frequency is stored at the [𝐵 − 1, 0]th cell. Finally, the DCT coefficient
with the highest horizontal and vertical frequency is stored in [𝐵 − 1, 𝐵 − 1]th cell. Therefore, as we
go from top-left to bottom-right in a block, both the vertical and horizontal frequencies increase.
As we go from upper-right to bottom-left, the horizontal frequency increases while the vertical
frequency decreases.
Low-Frequency Coefficients Are Much Useful Than High-Frequency Coefficients. For a
block of DCT coefficients, we first choose an increasing-sized upper-left triangle of each block in
the image as shown in Figure 4a. Then, we choose the increasing-sized lower-right triangle of each
block in the image. Figure 4b depicts this strategy. Third and fourth, we choose the increasing-sized
upper-right and lower-left triangles of each block in the image. Figure 4c and 4d depicts this

3Please see Section 5.1 for the details of the datasets and the AI model.
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Fig. 5. Choosing increasing-sized upper-left triangles (strategy 1) provides a consistent advantage.

strategy. We set all the unchosen coefficients to zero and remove those coefficients outside the
chosen triangle’s boundaries. Figure 6 presents an example where we choose an upper-left 3x3
triangle for 32x32 blocks over a 256x256 image for a single channel. For each strategy, we analyze
how the accuracy of the AI model changes as we gradually increase the size of the chosen triangle.
We perform this with our three image classification datasets and the ResNet50 AI model. Figure 5
presents the results.
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Fig. 6. IC removes DCT coefficients outside the boundary of
the chosen triangle.

The figure shows that strategy 1 has
a clear advantage over all other strate-
gies for all datasets. Low horizontal and
low vertical frequency coefficients are
more valuable than the others for the
AI models. Based on this result, we use
this primitive to remove unuseful DCT
coefficients from the data. For a block
of 𝐵𝑥𝐵, we choose one of the upper-
left triangles of size 1𝑥1, 2𝑥2, ..., 𝐵𝑥𝐵
and eliminate the unchosen coefficients.
The possible subsets of a 𝐵𝑥𝐵 block of
DCT coefficients are 2𝐵𝑥𝐵 . By perform-
ing the sensitivity analysis above and
identifying the most useful DCT coef-
ficients for each block, we reduce this number to only 𝐵 without sacrificing the representation
capacity of the space of storage formats.
Removing DCT Coefficients Allows Scalable Representation of Images. Eliminating the
unuseful DCT coefficients 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 the unuseful DCT coefficients outside the boundaries
of the chosen triangle, as shown in Figure 6. As a result, the spatial dimensions of the image are
reduced. For example, the image size in Figure 6 is reduced from 256x256 to 24x24 after we remove
the DCT coefficients outside the chosen triangle. This significant reduction in terms of the spatial
dimensions of the image allows for reducing the decoding, PCIe, and GPU times.

4.2.4 Quantization Factor. While removing unuseful DCT coefficients is an efficient means to
reduce the data, more is necessary to compress the data by orders of magnitude. The reason is
that the DCT coefficients are large floating point numbers. They require a large number of bits to
encode (see Step (6) in Figure 3). Quantization allows for reducing the DCT coefficients’ magnitude
and encoding them as integers. It refers to dividing each value by a specific constant and rounding
them into their nearest integers.
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(a) The storage formats in our design space are highly
correlated. X-axis: list of storage formats from the
most to the least compressing one. Observation: The
less a storage format compresses the data, the higher
its accuracy.
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(b) We utilize the relationship among the candidate
storage formats by partitioning the design space into
buckets, where each bucket contains similarly per-
forming designs. Solid and dashed red lines show
sampled and unsampled buckets.

Fig. 7. We discover and leverage the performance relationships among the candidate storage formats in the
design space to efficiently build models that predict the accuracy.

We divide all DCT coefficients with the same value. We call this value the quantization factor.
We vary it from 2 to 5, 10, 20, 50, and 100 and analyze how the accuracy changes as we increase
the quantization factor. The larger the quantization factor is, the more data we save. We used our
three image classification datasets and the ResNet50 model. We observed that the accuracy remains
constant until 20 and increases at 50 and 100. Hence, we set the domain of this primitive to 20, 50,
and 100. More details are in our technical report [138].

4.2.5 Size of the Design Space. Having covered each design primitive and domain, we now count
the total storage formats in our reduced design space. The subsampling strategy primitive has four
possible values. The block size and the DCT coefficients primitives have 8 + 16 + 32 + 64 + 128 +
256 = 504 possible values. The quantization factor primitive has three possible values. It makes 4 x
504 x 3 = 6048 storage formats. Thanks to our sensitivity analyses, we reduce the infinite design
space into six thousand valuable storage formats.

4.2.6 Standard Storage Formats versus The Image Calculator. The Image Calculator (IC) is a genera-
tor of storage formats, whereas standard storage formats are existing fixed designs for minimizing
interference with the human eye. To illustrate some of the differences between the formats in the
design space of IC vs. JPEG, when IC eliminates coefficients, the reduced size of each block can be
any value between 1 and B, B being the original block size. In Figure 6 in Section 4.2.3, the block
size 32x32 is effectively reduced to 3x3 after the coefficient elimination. JPEG’s quantization matrix
could not be used for any such scenario, as it is of fixed size and rigid, whereas IC’s quantization
factor can be.

4.3 Efficient Search
Even with the reduced design space, if we did a brute-force search, we would need to train a new AI
model from scratch for each storage format (so we know its accuracy). In this section, we describe
how we efficiently search within this design space by building accurate performance models that
predict the value of each performance metric for all candidate storage formats. The challenge is
achieving high accuracy of the performance model, i.e., accurately predicting the value of each
performance metric (accuracy, inference time, and storage), yet being efficient in avoiding training
a new AI model from scratch every time.
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Fig. 8. Bucket sampling, interpolation, and trans-
fer learning reduce the accuracy-model construction
time by more than an order of magnitude with little
error.
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Fig. 9. Bucket sampling and interpolation provide
strong results in building a highly accurate accuracy
model. The sampled and interpolated accuracy val-
ues almost precisely match the original accuracy.

4.3.1 Accuracy Model. Our intuition towards building the models is that the storage formats in
the design space are correlated. Consider the storage format that uses 16x16 blocks, the upper-left
4x4 triangle of each block, with no sampling and quantization factor of 2. This storage format
stores the data only a little differently than the storage format that uses the same block size, same
subsampling strategy, and same quantization factor but the upper-left 5x5 triangle. Thus, we first
discover the relationship among the storage formats. We then explain how the Image Calculator
exploits this relationship to build the accuracy model fast.
Storage Formats Have Diminishing Returns. We perform the following sensitivity analysis to
understand the relationship between the storage formats in the design space. We fix the quantization
factor to 1 and the subsampling strategy to no-sampling. We uniformly sample 96 storage formats
with different block sizes and DCT coefficients. We train the ResNet50 model from scratch for
each storage format and plot their accuracies in Figure 7a. As we go from left to right in Figure 7a,
the storage formats compress the data less and less. The figure shows that, as the storage formats
compress the data less and less, their accuracy values increase substantially in the beginning and
then grow very slowly towards the end, i.e., have diminishing returns.
Exploiting Diminishing-Returns Reduces Model-Construction Time By 2.7x. The Image
Calculator exploits this structure in the design space by using bucket sampling and interpolation.
It first partitions the space of storage formats into equal-sized buckets. It then samples the critical
buckets that define the shape of the accuracy curve and predicts the accuracy values of the others
by interpolation. We use sixteen buckets, as it provides a reasonable estimation of the shape of
the curve. Figure 7b presents the buckets, where the solid-line buckets are the sampled ones,
and the dashed-line buckets are those that are not. The Image Calculator takes the maximum
accuracy within each sampled bucket. It then interpolates the maximum accuracy of the unsampled
buckets based on the maximum accuracy of the sampled buckets. For an unsampled bucket 𝑖 , the
interpolation between the sampled buckets 𝑗 and 𝑘 , where 𝑗 < 𝑘 , would be as in Equation 3:

𝑎𝑐𝑐𝑏𝑢𝑐𝑘𝑒𝑡𝑖 = 𝑎𝑐𝑐𝑏𝑢𝑐𝑘𝑒𝑡 𝑗 +
𝑎𝑐𝑐𝑏𝑢𝑐𝑘𝑒𝑡𝑘 − 𝑎𝑐𝑐𝑏𝑢𝑐𝑘𝑒𝑡 𝑗

𝑘 − 𝑗
∗ (𝑖 − 𝑗) (3)

By sampling buckets and interpolating, the Image Calculator predicts the accuracy values of the
unsampled storage formats without actually training an AI model for them. In Figure 8, left-most
bar, we quantify the error that bucket sampling introduces and show that it is less than 1%. In
Figure 9, we compare the original and sampled accuracies line-by-line for the ImageNet subset and
show that they are nearly identical. We obtained similar results for the Blood-cell and Weather
datasets. More details are in our technical report [138]. Sampling and interpolation reduce the
model-construction time by 16/6 = ∼2.7x.
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Fig. 10. The Image Calculator predicts accuracy values that closely match the actual accuracy.

Transfer Learning Together with Sampling Reduces the Construction Time by 12-21.3x.
Transfer learning refers to training an already-trained AI model with a different dataset performing
a similar task, such as image classification. It allows reaching a similar accuracy level with fewer
epochs [11, 34, 46, 124]. In our case, the AI models trained with different storage formats use the
same datasets with different amounts of information. We use transfer learning to accelerate the
learning of the AI models for the sampled storage formats. We train the AI model from scratch only
for the least-compressing storage format. We transfer the AI model from the least compressing to
the most compressing format one after the other. We use 20 and 40 epochs of transfer learning.
Figure 8 quantifies how much error transfer-learning introduces compared to training all the

sampled AI models from scratch for our three datasets and the ResNet50 model4. The figure shows
that transfer learning produces less than 5% error for all cases. With 40 epochs of transfer learning,
the accuracy values of the Blood-cell and Weather datasets almost precisely match the original
accuracy values, as shown on the right side of Figure 10 (Weather graph omitted for brevity). The
accuracy values of the ImageNet-subset also closely follow the original values by always being
∼3-4% lower, as shown on the left side of Figure 10. More details are in our technical report [138].
We are inspired by the weight-sharing neural architecture search (NAS) studies in our idea of

using transfer learning. Weight-sharing NAS studies try to find a neural network architecture
by sharing the learned weights across different architectures. This way, the newly-tried neural
architectures can quickly be examined whether providing a successful or unsuccessful result
[11, 124]. In our work, we share the learned AI model among the storage formats to estimate what
storage format provides how much accuracy.
By sharing a learned AI model across storage formats, the Image Calculator trains a single

model from scratch and uses transfer learning for the rest. For 36 models and 40 epochs of transfer
learning (210/40=∼5x reduction in training time), this would make 1 + 35/5 = 8 models to train,
96/8 = 12x cheaper than the brute-force approach. With 20 epochs of transfer learning, this would
make 1 + 35/10 = 4.5 model training, 96/4.5 = 21.3x cheaper than the brute-force approach. Transfer-
learning duration is a user-specified parameter (budget-related). At 210 epochs, it would be equal to
performing bucket sampling without transfer learning, where each storage format in the sampled
buckets is trained from scratch. As we examined in the previous section, this would have a highly
accurate accuracy model with less than 1% error. Once the Image Calculator constructs the accuracy
model, the user can use it repeatedly for all possible use cases where performance budgets differ.

4.3.2 Inference Time & Storage Models. Training an AI model, even for a small-sized dataset,
typically takes several hours with one GPU, whereas profiling a single storage format to obtain
the average inference time or consumed space on disk takes only a few minutes. Hence, given the
relative performance difference, which becomes even more significant for real-life large data sets,
4Please see Section 5.1 for the details of the datasets and the AI model.
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the Image Calculator profiles on the fly to obtain efficiently the actual end-to-end inference time
and the amount of on-disk storage that the various storage formats are expected to consume.

An alternative would be to build mathematical models that predict the behavior of each candidate
storage format even faster. However, this is impossible in practice due to the hardware environment’s
variability in a cloud setup and the ever-changing collection of machines over time. In addition, as
we have shown in previous research with the self-designing concept, it is highly error-prone to
capture mathematical end-to-end performance, including both memory and disk, due to the vast
number of components required in such models [18, 66, 77]. The disadvantage of building the time
model by profiling the hardware device is that the user/application needs access to the hardware
device before deployment. However, it is straightforward to do in a cloud environment.

4.4 Total Development Cost
In this section, we provide insights into the total development cost. As inference time and stor-
age models are cheap to compute, the cost of accuracy-model construction dominates the total
development cost. Thus, we provide the total development cost in terms of the number of AI
model trainings required to construct the accuracy model. The brute-force approach would require
training 6048 AI models, one for each candidate storage format in the design space. As shown in
Section 4.3.1, we reduce this cost by 2.7-21.3x, depending on the number of epochs used for transfer
learning. This results in the overall cost of 284-2240 AI model trainings.
Having constructed the accuracy model, users can then explore the accuracy-latency and

accuracy-storage tradeoffs interactively in real-time and make an informed decision on what
storage format to use (see the Exploration phase in Section 3 and Figure 2). To build the accuracy
model efficiently and achieve interactivity, the Image Calculator partitions its design space into
sixteen buckets. It performs transfer learning only for a sample of buckets enough to understand
the relative behavior across all buckets. Suppose the users choose a storage format in one of the
unsampled buckets at the end of the exploration phase. In that case, the Image Calculator performs
one final set of transfer learnings for the chosen bucket to compare the storage formats within the
bucket. This adds 38-3785 additional AI model trainings to the overall cost, bounding the overall
cost at 322-2618 AI-model trainings.

4.5 Reading Images
To read an image stored using an Image Calculator generated storage format, we need to perform
the inverse of step (6). It decodes the byte stream into the quantized DCT coefficients and uses the
DCT coefficients as is when learning and performing the inference. It significantly reduces the
decoding time, as constructing the image ready to perform the inference takes only one step.

5 EXPERIMENTAL ANALYSIS
We now show that the Image Calculator improves inference time and required storage. Our evalua-
tion consists of seven parts:

• We show that the Image Calculator successfully trades off accuracy for a 9.2x lower inference
time and 8.2x lower storage than JPEG (and its state-of-the-art variants) across different AI
models and datasets for the image classification task.

• We show that the Image Calculator can reduce individual inference-time components, such
as the PCIe time, by up to 271x.

5The cost of transfer-learning for one bucket depends on the number of epochs used for transfer learning. Each bucket
contains 6048/16=378 storage formats with sixteen buckets. For 210 epochs of transfer learning, which equals training a
single AI model from scratch, the cost of transfer learning for one bucket is 378*1=378 AI-model trainings. For 20 epochs,
which equals ∼0.1 training, the cost of transfer-learning for one bucket is 378*0.1=∼38. See Section 4.3.1 for more details.
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• We show that these results scale with dataset size.
• We evaluate the Image Calculator on different hardware devices and show that it is even
more successful on less powerful machines.

• We show that the Image Calculator works successfully on recently proposed visual trans-
formers by achieving a lower inference time by 3.8x and higher accuracy by 2.5%.

• We show that the Image Calculator works well on further and diverse image analysis tasks
such as object detection and segmentation by achieving up to 3.9x lower object detection
time with no and 10% loss of mean-average precision at 50% and 75% thresholds.

• We show that the Image Calculator maintains a reasonable level of visual quality up to ∼200x
compression ratio, allowing the use of the Image Calculator for high-level visual inspections.

5.1 Setup & Methodology
Datasets.We use three image classification datasets. We scale all images to 256x256 for a more fair
comparison. The first dataset is a five-class subset of the standard ImageNet dataset [29]. We chose
three random subsets and observed that they all behaved similarly. We use one of them. Each class
has ∼1300 samples. The second dataset is the Blood-cell images. It is a medical imaging dataset
including four blood cell types. It is for identifying blood-based diseases. Each class has ∼2500
samples [116]. The third dataset is the Weather dataset. It is for predicting weather conditions
based on image classification. There are four classes in the dataset. Each class has ∼280 samples [2].
All the datasets are JPEG files. We use a 50-class subset of ImageNet and the full ImageNet datasets
in Section 5.5 for the large dataset experiment. We use a cigarette-filter object detection dataset
with ∼2000 samples in total [72]. We use micro-controller detection and segmentation datasets [73]
with 150 samples in total.
AI Models. We use three state-of-the-art convolutional neural networks and two visual trans-
formers for the image-classification tasks: ResNet50 [51], EfficientNet-B3 [143], the small version
of MobileNet-V3 [56], Swin Transformer [102], and MaxViT [145]. We vary the partition size for
MaxViT from 2 to 4 and 8 and use the maximum partition size that works with the spatial dimen-
sions of the given JPEG/IC image. We use the Faster R-CNN [130] model for the object detection
task, and the Mask R-CNN [50] model for the object detection and segmentation task.
Training. For the image classification tasks, we use stochastic gradient descent (SGD) as the opti-
mizer with a learning rate of 0.001, momentum of 0.9, and weight decay of 4𝑒−5. We train models
for 210 epochs when trained from scratch. We split each dataset into training and validation sets
with an 80% to 20% ratio and report the validation accuracy. We use PyTorch (version 1.13.1+cu116)
with torchvision (version 0.14.1+cu116). When training models over DCT coefficients of different
block sizes, we reconstruct the image in main memory as red-green-blue (RGB) images and perform
DCT by using the DCT implementation of the torchjpeg library [36, 37]. The library provides
a GPU-based DCT implementation. We improved their implementation and integrated it into
our main pipeline when constructing the accuracy model. We use 8 CPU worker threads with a
prefetch factor of 2 when reading the data from the disk by PyTorch’s DataLoader interface for all
experiments unless otherwise stated. We chose this number as the CPU-to-GPU ratio in our main
test server is 8. We tune the batch size for each model and use the highest-performing batch size
for each. We use 32-bit integers when saving DCT coefficients and cast them to 32-bit floats when
training models. We use RandomResizedCrop and RandomHorizontalFlip transformations over the
RGB images as data augmentation in our training pipeline. We normalize the images after DCT
with the mean and standard deviation of the used DCT coefficients. We use the same parameters as
the classification tasks for the detection task. We use the same SGD except with a learning rate of
0.005 for the detection and segmentation task. We use the pre-trained Mask R-CNN model with the
Microsoft COCO dataset and transfer-learn from it for 50 epochs using a batch size of 4.
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Hardware. Our main test servers are GPU servers with Nvidia A100 or V100 GPUs. The A100
server has 4 GPUs, 80GB of memory, 64 Intel Xeon CPU cores (Platinum), 512GB of main memory,
and 400GB of local SSD storage. The V100 server has 4 GPUs, 32GB of memory, 32 Intel Xeon CPU
cores (Gold), 372GB of main memory, and 400GB of local SSD storage. We perform all inference
experiments over a single GPU. We use A100 server for the experiments in Section 5.2, 5.3, 5.4, 5.5,
and 5.7, while we use V100 for the rest of the experiments.
Baselines.We compare IC with JPEG and two state-of-the-art variants of JPEG: [45], [160, 161].
We also compare IC against other widely-used storage baselines such as numpy compressed (npz),
GNU zip (gzip), and TFRecords.
Methodology. When reading the data from the disk, we pollute the caches. We warm up the
execution for about a minute and perform the profiling for about three minutes. To provide the
inference-time breakdown, we repeat the same experiment when the data is on /dev/shm, is already
decoded in the main memory, and is already decoded and transferred in the GPU memory.
Feasible and Representative Sample of Design Space.We always use top-1 accuracy, except
for the large dataset experiments in Section 5.5. We present the actual accuracy values rather than
the predicted ones, as this is what users face at deployment. The accuracy model’s accuracy is
covered in Section 4.3.1. As training for six thousand storage candidates requires an overwhelming
amount of GPU time and resources, we choose a subset of the six thousand candidates in the design
space. We first observe that subsampling generally brings less benefit than coefficient selection.
Hence, we fix the subsampling strategy to no-subsampling, i.e., 1𝑥1. We further observe that the
quantization factor mostly contributes to reducing the amount of stored data rather than reducing
the latency. Hence, we fix the quantization factor to its intermediate value: 50. Lastly, we observe
that there is no specific pattern in which block size and the number of DCT coefficients are superior
to the others. Hence, we uniformly sample the block size and DCT coefficients from their domains
by 20%. Fixing the subsampling strategy and quantization factor values reduces the number of
candidate storage formats to 6048/(4x3) = 504. Further sampling 20% for the block size and DCT
coefficients reduces this number to 96, which is a feasible and well-representative sample of the
complete design space to prove the benefits of the Image Calculator instead of a fixed design such
as JPEG across a diverse set of datasets, AI tasks, hardware, and baselines. We show that, even with
this sampled design space, we achieve strong results by up to 8.2x and 14.2x reduction in storage
and inference time. It is possible to achieve even better results by using the complete design space.

5.2 Adapting Storage Format to the AI Task
This section shows the tradeoffs and flexibility the Image Calculator (IC) offers.
The Image Calculator Reduces Inference Time by 3-9.2x by Losing 1-5% accuracy. Figure 11
presents the accuracy-inference-time tradeoffs for three datasets and AI models and compares them
with JPEG. IC can provide a similar level of accuracy to JPEG while significantly reducing inference
time. By losing less than 1% of accuracy, IC can reduce inference time by 9.2x for the Blood-cell
images over EfficientNet. Furthermore, IC allows a wide range of accuracy-inference-time tradeoffs
from which different application requirements and performance budgets can benefit. For example,
by losing 5% accuracy, IC can reduce inference time by 6.5x for the Weather dataset over MobileNet.
By losing 3% accuracy, IC can reduce the inference time by 3x for the ImageNet subset over ResNet.
The Image Calculator Reduces Storage by 2.8-8.2x. Figure 12 presents the accuracy-storage
tradeoff. We show the results only for ResNet, as the other models produce similar results. IC offers
a wide range of accuracy-storage tradeoffs. For a 3% accuracy loss, IC reduces the storage by 6.5x
for the ImageNet subset. For less than 1% accuracy loss and no-accuracy loss, IC can reduce storage
by 4.8x and 2.8x for the Blood-cell and Weather datasets. By losing 5% accuracy, IC can reduce the
storage by 8.2x for the Weather dataset.
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Fig. 11. The Image Calculator (IC) offers a wide range of accuracy-inference-time tradeoffs. It allows up to
9.2x lower inference time with 1-5% accuracy loss. As the user trades more and more accuracy, it achieves
lower and lower inference time.
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Fig. 12. The Image Calculator offers a wide range of accuracy-storage tradeoffs. It allows up to 6.5x reduced
storage with 1-5% accuracy loss. As users trade more accuracy, they get lower storage.

5.3 Analyzing Individual Inference-Time Components
We now choose five specific scenarios and analyze where inference time goes. We chose two
scenarios for the ImageNet subset with ResNet, one for the Blood-cell dataset with EfficientNet,
and two for the Weather datasets with MobileNet. Figure 13 presents the results.
The Image Calculator Reduces Individual Inference-Time Components by up to 271x.
IC reduces different inference-time components for different use cases at different rates. For the
ImageNet subset dataset with the ResNet model, with 85% accuracy, it reduces the disk I/O time by
1.2x, CPU-decoding time by 2.5x, the PCIe time by 9.6x, and the GPU time by 2.5x, providing 3x
overall improvement. Similarly, the Image Calculator reduces the CPU-decoding, PCIe, and GPU
times by 17x, 271x, and 10x for 99% accuracy for the Blood-cell dataset and by 4.5x, 56x, and 7.3x
for 85% accuracy for the Weather dataset.
The Image Calculator Provides Benefits For All Bottlenecks. Often, applications are bottle-
necked by different inference-time components. Suppose the images are already decoded in the
main memory buffers, and the GPU time is already low. IC can improve the inference time by

Proc. ACM Manag. Data, Vol. 2, No. 1 (SIGMOD), Article 52. Publication date: February 2024.



52:16 Sirin & Idreos

Camera-ready

0

0.35

0.7

acc
=0

.88

acc
>0

.85

acc
>0

.8

acc
=1

acc
>0

.99

acc
=0

.9

acc
=0

.9

acc
>0

.85

JPEG IC JPEG IC JPEG IC

ResNet, IN-subset EffNet, B-cell MBNet, Weather

Av
era

ge 
inf

. ti
me

 (m
s) Disk I/O

CPU-decoding
PCIe
GPU

0

0.35

0.7

acc
=0

.88

acc
>0

.85

acc
>0

.8

acc
=1

acc
>0

.99

acc
=0

.9

acc
=0

.9

acc
>0

.85

JPEG IC JPEG IC JPEG IC

ResNet, IN-subset EffNet, B-cell MBNet, Weather

Av
era

ge 
inf

. ti
me

 (m
s) Disk I/O

CPU-decoding
PCIe
GPU

0

0.35

0.7

acc
=0

.88

acc
>0

.85

acc
>0

.8

acc
=1

acc
>0

.99

acc
=0

.9

acc
=0

.9

acc
>0

.85

JPEG IC JPEG IC JPEG IC

ResNet, IN-subset EffNet, B-cell MBNet, Weather

Av
era

ge 
inf

. ti
me

 (m
s) Disk I/O

CPU-decoding
PCIe
GPU

Fig. 13. As the Image Calculator reduces all inference time components, it helps reducing all bottlenecks. For
example, it reduces the PCIe time by up to 271x, which can be the main bottleneck if the data is in memory
buffers already decoded and GPU utilization is low.

up to 271x in this case, as PCIe is the main bottleneck. If the PCIe time decreases due to using a
more advanced link, CPU-decoding time could be the bottleneck, which IC would improve the
end-to-end inference time by up to 17x. Thanks to IC reducing the inference cost at its root by
reducing the amount of data, its improvements apply to all inference-time components.
Data over Network. Network latency is the primary inference-time bottleneck when data is
transferred over the network. We simulated this by Linux’s ping command over five popular
websites such as google.com and amazon.com. The average measured latency was ∼38ms, which is
way above the time it takes to perform the inference locally (<1ms). The more data we can pack in
one network trip, the faster the inference is. It is directly proportional to the amount of data we
send, which the Image Calculator significantly reduces, as shown in Figure 12.

5.4 Tuning JPEG
JPEG offers a tunable parameter, quality factor, which allows for reducing the visual quality for
lower storage. We modify this parameter from its minimum value of 0 to its mid-range value of
70 to its maximum value of 100. This parameter is usually fixed and set at the data source for a
particular visual quality6.
Tuning JPEG Is Suboptimal. Figure 14 presents the accuracy-inference-time and accuracy-storage
tradeoffs for IC, JPEG, and JPEG-tuned. Even JPEG’s lowest quality factor has a very high inference
time and misses many accuracy-storage tradeoffs that IC offers. Hence, tuning JPEG would only
provide a suboptimal solution.

5.5 Scaling with Large Datasets
Image classification datasets have varying sizes from a few classes to hundreds of classes [29, 67].
This section presents how IC performs on large-sized datasets. We use a 50-class subset of ImageNet

6To illustrate, our used ImageNet, Blood-cell, and Weather datasets have quality factors of 96, 75, 80, on average.
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Fig. 14. The Image Calculator outperforms tuned JPEG.

and the complete ImageNet dataset with 1000 classes. We examine the accuracy-inference-time
and accuracy-storage tradeoffs. We use top-5 accuracy instead of top-1 accuracy.
Powerful Accuracy/Performance TradeoffNavigation. Figure 15 presents the results. IC allows
for an informed and controlled tradeoff navigation for both class sizes. IC provides several possible
tradeoffs that users can select depending on their application requirements. For example, two of
the points in Figure 15 for the 50-class ImageNet are 1) achieving 2x inference speed up compared
to JPEG while dropping 3.4% in accuracy, and 2) achieving 3.6x inference speed up compared to
JPEG while dropping 4.6% in accuracy. For the full Imagenet, Figure 15 shows that IC achieves a
similar tradeoff curve but this time with slightly lower accuracy compared to JPEG. In this way, IC
provides a similar tradeoff curve regardless of class size, allowing users to make informed decisions
based on the application needs in accuracy and inference time and balance their application costs,
e.g., the cloud cost with accuracy.
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Fig. 15. The Image Calculator provides an informed and controlled tradeoff on small and large datasets to
outperform JPEG.

5.6 Using Less Powerful Machines
Up to this section, we used A100 GPUs for all experiments. Inference today happens on a wide
variety of hardware. This section shows that IC reduces the inference time for different computation
devices. We use an Nvidia V100 GPU and an Intel Xeon Gold CPU at 2.6 GHz.
The Image Calculator Provides Even Higher Benefits for Smaller Hardware. Figure 16
presents the results for two specific use cases. IC reduces the inference time by 4.1x and 14.2x over
JPEG on the Nvidia V100 GPU and the server CPU. These speedups were 3x and 6x on our central
test server, which has a more powerful A100 GPU. As the computation capacity of the hardware
gets smaller and smaller, our reduced computation and data size becomes more and more valuable.
Hence, IC provides higher and higher benefits.
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Fig. 16. The Image Calculator provides even higher speedups on less powerful hardware. Its speedup increases
from 3x to 4.1x and 6x to 14.2x when we move from an A100 machine to a V100 and CPU.

5.7 Outperforming JPEG Variants
While JPEG was proposed 30 years ago, it is still the most widely used image storage format. Hence,
modifying JPEG for AI tasks is an active research topic. This section compares our work with two
promising studies.

5.7.1 Learning Straight On DCT [45]. This study performs the image classification directly over
the DCT coefficients. Its goal is to reduce the decoding time. We use the authors’ original codebase,
profile their solution (the NumPy implementation and UpSampling-RFA version), and compare it
with JPEG and our work. Figure 17 presents the inference time breakdown on the left-hand side.
Decoding Time is Increased; It is Data Representation That Reduces Time. The study only
slightly improves JPEG and is much worse than the Image Calculator. First, the study does not
reduce the PCIe time, as it does not change the image size in the main memory. Second, opposite
to the study’s primary goal, the decoding time is higher than that of JPEG. The study uses the
libjpeg library over a Python interface, which has an overhead that exceeds the fast C++-based
image decoding pipeline. The authors report a 1.9x improvement in inference time over JPEG. This
is because the study represents DCT coefficients as 192x32x32 cuboids, which have low spatial
dimensions and incur a low GPU time (as Figure 17 also shows). As GPU time was more dominant
back in time than it is today, the authors saw a 1.9x improvement. The study does not provide a
breakdown of their results. These results show that reducing inference time requires reducing all
time components together.

5.7.2 Learning On A Subset of DCT [160, 161]. The second study represents images as 192x32x32
DCT coefficients, similar to [45]. It, however, uses only a subset of the DCT coefficients and learns
which DCT coefficients are useful through a tunable parameter 𝜆, which sets the balance between
the accuracy and the number of DCT coefficients. The study fully reconstructs the RGB image in
the main memory, performs DCT over it on CPUs, chooses the specific subset of the coefficients,
and transfers only them to the GPU side. The authors aim to reduce the PCIe time only.
Increased Decoding Time Exceeds Reduced PCIe/GPU Time.We profile the authors’ orig-
inal codebase and compare it with JPEG and IC. We tune the 𝜆 parameter. We chose 𝜆 = 0.75,
as it gave the highest reduction in DCT coefficients without significantly losing the accuracy
(2% accuracy loss for 70% coefficient reduction). The right-hand side presents the results in Fig-
ure 17. We observe that the study suffers from a high decoding time. As the study performs
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Fig. 17. The Image Calculator outperforms state-of-the-art variants of JPEG. Left-hand side: the study by
Gueguen et al., 2018 [45]. Right-hand side: the study by Xu et al., 2020 [161]. The variants address only one of
the inference time components. As a result, they are either slightly faster or even slower than JPEG. Both
variants benefit from reduced GPU time.

the expensive DCT on CPUs, its decoding time is much higher than regular RGB-decoding
time. It does improve the PCIe and the GPU times as expected and also shown by Figure 17,
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Fig. 18. The Image Calculator strongly outper-
forms Xu et al., 2020 [161] thanks to its higher
spatial information and larger design space.

but the decoding time is so high that the savings
from the PCIe and GPU times become negligible.
These results again demonstrate the importance of
reducing the end-to-end inference time for all time
components together.
Lost Spatial Information and Small Design
Space Produce Poor Results. Arguably, Xu et al.,
2020’s [161] is an adaptive technique that adapts
the amount of data necessary to perform the infer-
ence. We tested this scenario by varying [161]’s 𝜆
parameter and examining the accuracy level and
the number of DCT coefficients. We compare these
results with the Image Calculator in Figure 18. IC
strongly outperforms [161]. First, [161] represents images as transposed 192x32x32 cuboids, where
much spatial information is lost. Second, IC relies on an ample and carefully designed design space,
whereas [161] uses only JPEG’s 8x8 blocks. Changing [161]’s data representation and expanding
their design space could improve their results, but this requires re-designing their framework,
which is outside the scope of our work.

5.8 Accelerating Transformers
Visual transformers (ViT) have gained significant attention in recent years [33]. This section
examines the impact of IC on two popular ViT architectures: Swin Transformer [102] and MaxViT
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Fig. 19. The Image Calculator reduces inference time without losing any accuracy for Swin and provides even
higher accuracy for MaxViT.

[145]. We use the 5-class subset of ImageNet and examine the accuracy-inference-time and accuracy-
storage tradeoffs.
IC Achieves Higher or Same Accuracy and Faster Inference Time. Figure 19 presents the
accuracy-inference-time trade-off. Again, IC achieves a complete tradeoff curve, allowing for
informed decisions. In the case of transformers, we observe that there is, in fact, a net benefit.
Specifically, for Swin, IC reduces the inference time by 3.1x compared to JPEG without losing
accuracy. For MaxViT, IC achieves a lower inference time (3.8x) and a higher accuracy (2.5%). The
benefits from an improved storage footprint are 8.2x for Swin and 6.7x for MaxViT. Our technical
report includes more details [138].
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Fig. 20. The Image Calculator reduces inference time and storage by 1.8-3.9x for object detection and
segmentation tasks by losing 0-10% mAP@50 and mAP@75.

5.9 Object Detection and Instance Segmentation
This section shows that the Image Calculator provides substantial performance benefits in image
analysis tasks beyond classification, specifically object detection and instance segmentation.
Image Calculator Reduces Detection Time by 3.9x.We first analyze a pure object detection task,
where the goal is to predict the boxes around cigarette filters [72]. We train a Faster R-CNN model
[130] from scratch by using JPEG and the storage formats in our design space. Figure 20 (left) shows
the mean average precision (mAP) at 50% and 75% intersection over union (IoU) thresholds versus
the inference time trade-off. IC achieves the same mAP@50% as JPEG and 10% less mAP@75% than
JPEG with 3.9x less time. Visual inspection of the resulting bounding boxes produced by IC and
JPEG shows that they both detect the objects successfully. We performed the same study for the
mAP-storage trade-off and observed similar trends. Our technical report includes more details on
the visuals and mAP-storage trade-off [138].
Image Calculator Reduces Detection and Segmentation Time by 1.8x. Secondly, we analyze
a joint object detection and instance segmentation task using the Mask R-CNNmodel [50]. We study
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Fig. 21. Quantization and Coefficient Selection provide the highest benefits among the design primitives.

a micro-controller detection and segmentation task [73], where the goal is to predict the bounding
boxes and segment the objects. We use a pre-trained model and transfer-learn, i.e., fine-tune the
model using JPEG and IC storage formats. Figure 20 (middle and right) shows the mAP@50% and
75% versus inference time and storage tradeoffs for bounding box prediction. We leave the graphs
for segmentation in our technical report, as they are similar to the bounding box results. IC can
achieve 7% less mAP@50% and mAP@75% than JPEG with 1.8x less time and 2.5x less storage for
detecting and segmenting the objects. Visual inspection of the resulting images shows successful
results. Please see our technical report for the visuals [138].

5.10 Analysis of Design Primitives
This section examines the contribution of each design primitive to the overall compression ratio
of IC. We incrementally turn on every design primitive and compare how much the compression
ratio increases. Since IC contains numerous storage formats, we analyze the formats selected in
Section 5.3. We combine the coefficient selection with the block size primitive, as they need to be
tuned together.
Quantization and Coefficient Selection Provide the Highest Benefits. Figure 21 presents
the results. Encoding represents the last stage of the IC pipeline, where we used a fixed lossless
compression algorithm (see Section 4.1.2 and Figure 3). We start with only Encoding and gradually
add Subsampling, IC-Coefficient-Selection, and Quantization. We perform a similar breakdown
for JPEG without coefficient elimination and present the results side-by-side. As the figure shows,
coefficient selection and quantization contribute the most to the overall compression ratio of IC.
Similarly, for JPEG, quantization provides the highest benefit.

5.11 Conversion Costs Analysis
In this section, we study how the cost of converting a JPEG image into an IC image affects end-
to-end costs. These conversion costs occur during training because data will naturally be in JPEG
format when we build a new model.
We have two cases during inference: (1) First, high-performance model deployment is created

with IC, and the end-points create new images directly in IC format to do inference. In this case,
there are no conversion costs.
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Fig. 22. The Image Calculator achieves 6.5-25x lower storage and 3-7x faster inference over alternative storage
baselines to JPEG, such as numpy compressed and TFRecords.

(2) Second, JPEG hold-out data will be used for final model testing (inference) in successive
iterations during development. These images can be cached in RGB and need to be converted to IC
for iterations that test the network before the final deployment. We test this case below.
IC Conversion Cost is Small and Pays Off. The left side of Figure 23 shows the results for
inference when RGB data needs to be converted to IC. IC improves the inference overall by 80%
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Fig. 23. JPEG-to-IC conversion brings dramatically
lower end-to-end training and inference time.

compared to using JPEG. While IC spends half
of its time in the RGB-to-IC conversion, this
pays off as it can perform the end-to-end infer-
ence dramatically faster in the IC format.

The right side of Figure 23 shows similar re-
sults for training. IC achieves a benefit with
83% faster training than JPEG. JPEG-to-IC con-
version cost is only 23% of the IC’s time; hence,
there is a significant benefit from the conver-
sion over using JPEG.
The reduced training time shows that IC

could also improve the training time in vari-
ous scenarios, such as hyper-parameter tuning,
where there are repeated trainings with differ-
ent hyper-parameters. As we identify the in-
ference cost as the main bottleneck, we leave
training-time optimizations as future work.

5.12 Alternative Storage Baselines
This section examines alternative storage base-
lines, such as numpy compressed (npz), GNU
zip (gzip), and TFRecords (using PyTorch’s
loader interface). Figure 22 presents the results for storage (left) and inference time (right). All
baselines perform similarly, and IC successfully outperforms them by consuming ∼20-24x less
storage, providing ∼7x faster inference.

5.13 VisualQuality of Image Calculator
While IC is designed for generating non-visual storage formats, it is possible to reconstruct an
RGB image from an IC image by simply (i) extending the IC’s main-memory representation to the
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Fig. 24. IC maintains a reasonable level of visual quality until ∼200x compression ratio. (The top-left is the
original JPEG image; the others are reconstructed images of IC from least to most compressed.)

original size of the image, (ii) having zeros for all the eliminated coefficients, (iii) and performing
the steps from (1) to (5) in Figure 3 in reverse order. This section examines the visual quality of
such images.
The Image Calculator Maintains A Reasonable Level of Visual Quality until 200x Com-
pression Ratio. Figure 24 presents the results from the highest (the original image, top-left corner)
to the lowest visual quality (bottom-right corner). IC’s compression ratios in the pictures are 59x,
103x, 197x, 489x, and 1135x. IC maintains relatively high visual quality until the compression ratio
of ∼200x. Thus, the storage formats IC generates can also be used for high-level visual inspections.

Additional Experiments. The paper is curated to be self-contained with the most critical exper-
iments. Due to space constraints, this leaves out several experiments that could provide further
insights. It includes (i) algorithmic analysis of discrete-cosine transformation and its effect on com-
pression speed, (ii) analysis of a simulated networked system, (iii) reducing the number of worker
threads, and (iv) top-1 accuracy-time/storage trade-offs for the large dataset, (v) further results on
transformers, (vi) further results and visuals on the object detection and instance segmentation
tasks. We include these results in the technical report [138].

6 RELATEDWORK
Modifying JPEG for Image Classification. There are efforts to represent images using DCT
coefficients. These studies range from simply using the DCT coefficients [45] to using a particular
subset of the DCT coefficients [40, 104, 134, 160, 161]. Among those that use a subset of the DCT
coefficients, [35, 40, 104, 134] use a fixed subset of coefficients, and [160, 161] learn which subset to
choose. We compare IC with one study from each category. We show that IC outperforms both,
as IC specializes in end-to-end storage format for the AI task and uses an ample and carefully
designed design space.
Learned Compression.A large body of work on image compression for a specific vision task exists.
These studies train a neural network jointly optimizing the vision task and the compression-ratio
[3, 5, 9, 15–17, 20–24, 27, 30, 59, 60, 70, 83, 86, 95–98, 101, 105, 112, 122, 137, 140, 144, 149, 152–
154, 158, 163]. These studies learn a data representation in main memory whose storage on disk is
low. They do not target the inference time or propose an end-to-end storage format. They trade
off accuracy with compression ratio through a parameter, similar to Xu et al., 2020 [161]. Hence,
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they require learning a new representation for every tradeoff, which is very expensive to compute.
Their representations are of fixed size in memory and hence suffer from JPEG’s problem of high
decoding, PCIe, and GPU times. Instead, IC creates a new custom storage format every time to
match the context exactly and uses performance models to navigate the tradeoffs efficiently.
Network Compression/Platform-Aware Neural Architecture Search. There is a large body
of work on reducing the size of the neural networks to reduce inference time [12, 25, 47, 48, 54,
55, 61, 85, 87, 93, 94, 99, 100, 103, 127, 171, 172]; and on platform-aware neural architecture search
(NAS) that aims to find a neural network that fits into a budget [11, 13, 91, 92, 142, 148, 150, 156].
While these studies dramatically reduce the complexity of the AI model, their improvements are
only within the GPU time and are therefore limited, as shown in Figure 1. The Image Calculator is
complementary to this line of work and can be combined.
Self-Designing/Instance-Optimized Systems. There has been a growing interest in self-design-
ing/instance-optimized systems for numerous problems such as data structure design [32, 63–66, 79–
81, 88, 119], key-value storage engines [18, 19, 62], query optimization [110, 111], sorting [82],
cloud storage format [109], and video analytics [7, 52, 53, 114, 115, 129]. Self-designing/instance-
optimized systems automatically design, i.e., self-designs, themselves to maximally exploit the
particular instance the system is surrounded with, e.g., the workload, hardware, data distribution,
and time/quality requirements. Our work follows this and presents a self-designing storage format
for image AI tasks.

7 SUMMARY
This paper introduces the Image Calculator, a self-designing storage format for image AI. The Image
Calculator adapts itself to the given AI task to trade accuracy for faster inference and lower storage.
It achieves this through an extensive design space of storage formats, within which it efficiently
searches to balance inference time, accuracy, and storage. We evaluate the Image Calculator across
various AI datasets, models, and hardware and show that it reduces storage by up to 8.2x and
inference time by up to 14.2x, compared to JPEG and state-of-the-art variants.
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