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Modern computer vision systems are built upon a complex stack of hard-
ware and software, from general-purpose processors to specialized accel-
erators, and low-level operator libraries to expressive deep learning frame-
works. However, from this complexity arises many opportunities for op-
timization across the stack. From the lens of image resolution, a funda-
mental hyperparameter of computer vision, we propose methods for opti-
mizing models and characterize the space of choices as introduced by the
hyperparameter of resolution.

In the process, we cover related topics such as object scale (as introduced
by data augmentations), image storage (including methods for efficient
multi-resolution storage), and deep learning kernel tuning. An understand-
ing of these topics allows us to consider resolution with respect to deep
learning choices holistically, enabling efficient inference from the metrics
of computational cost, latency, accuracy, and storage bandwidth use. We
describe the mechanisms which enable efficient inference according to these
metrics, spanning kernel tuning, image data layout, and model architec-
ture pipelines.
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1
I N T RO D U C T I O N

in troduct ion Computer vision models using deep learning are be-
coming increasingly powerful in their ability and accuracy. However, their
rapidly improving utility is often surpassed by their massive computational
requirements. As a consequence of these requirements, machine learning
researchers and computer architects have looked towards classical trade-
off spaces to find ideal operating points for models. These tradeoff spaces
leverage techniques such as quantization (reducing the precision of numer-
ical representations used by the model) and pruning (reducing the num-
ber of nonzero model weights), to varying degrees of success in improving
model efficiency. The challenge with many methods is that approaches
may either be hardware friendly (introducing little additional irregular-
ity in execution) or model friendly (introducing few constraints on model
weights), but rarely both. The goal of this work is to introduce an additional
tradeoff space for efficient models: resolution, which has the potential to
be both model and hardware friendly.

At a glance, neural networks depend on a tall stack of supporting tech-
nologies to enable performance and developer productivity. Fundamen-
tally, achieving efficient model implementations depends on highly spe-
cialized (often vendor-specific) linear algebra libraries (e.g., BLAS, MKLDNN,
and cuDNN), as naive implementations of operators can trail libraries by
several orders of magnitude. Similarly, the de facto standard general-purpose
image training set ImageNet [75] comprises 1.2 million images. To enable
developer productivity on large datasets while maintaining hardware uti-
lization, deep learning frameworks such as PyTorch [69] handle tasks such
as automatic differentiation, parallel data augmentation preprocessing, and
model checkpointing, to name a few example of the breadth of software
support required. Additionally, the model architectures of computer vi-
sion models are themselves highly complex arrangements of deep learn-
ing operators—the latest architectures are often the result of human insight
paired with brute-force machine optimization [62, 74, 90]. This superficial
glance at the technology stack behind neural network reveals that neural
network pipelines for computer vision are staggeringly complex. However,
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from this complexity, a rich set of opportunities for optimization emerges.
Performing neural network inference touches nearly every aspect of sys-
tem design and implementation, from storage (images and image formats),
to computer architecture (for kernel or operator-level optimizations), with
the neural network architecture and model execution pipeline at the high-
est level.

From the singular hyperparameter of image resolution, we show meth-
ods and opportunities for enabling efficient neural network inference at
multiple levels of the system stack. While image resolution itself is a sim-
ple concept, the choice of image resolution has a nuanced impact on system
requirements throughout the neural network stack. At the basic level, the
amount of data that must be stored and read scales with image resolution.
Model accuracy generally increases with image resolution [90, 94]. Due to
the typical design of current convolutional model architectures, computa-
tional complexity scales roughly quadratically with image resolution.

However, each of these relationships holds nuances that either can en-
able favorable tradeoffs or prevent expected efficiency gains from material-
izing. For example, while computational complexity may scale quadrat-
ically with image resolution, realizing computation savings in terms of
wall-clock time may be difficult if reducing complexity also serves to re-
duce hardware utilization given a particular computer architecture and al-
gorithm implementation. On the opposite side, decreasing image resolu-
tion may increase model accuracy compared to existing approaches when
carefully compensating for the change in image scale.

the i s sue of scal e d e p e n d e nce From a neural network’s perspec-
tive, image resolution, combined with the cropping or framing of object(s)
in the image, determines the apparent scale of objects. At training time,
a typical approach is to apply data augmentation so that objects are pre-
sented at a wide range scales and contexts (with various occlusions of the
object and background) [56]. However, despite the effectiveness of data
augmentation in improving a model’s robustness to object scale, they re-
main sensitive to the distribution of object scales seen at training time.

This issue raises a fundamental question about neural network features.
If scale is an important attribute of objects, do models explicitly capture or
encode scale in their intermediate representations? If models indeed rep-
resent scale, then this property can potentially be leveraged to “normalize”
the scale of objects ahead of time to improve inference performance.

While intermediate activations of neural networks are typically difficult
to interpret directly, we study the sensitivity of activations to object scales
using a model pipeline that uses neural network activations (from a pre-
trained model) as input and an alternative training objective intended to
rank the relative scales of input examples.
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Using this pipeline, we measure the predictive power of neural network
activations on the ranking task to understand the extent to which activa-
tions encode scale, along with attributes corresponding to other data aug-
mentations. Additionally, we weigh the relative contributions of activa-
tions from different layers to gauge which layers encode scale information
the most. If models capture scale information, this property enables them
to discern the image resolution that maximizes inference accuracy. Chap-
ter 3 studies the effect of scale (due to cropping) alongside other augmen-
tations from the perspective of neural network activations.

ena bl ing per formance at d i f f e r e n t re solut ions As alluded to
previously, while the apparent scale of objects is modulated by the resolu-
tion and crop size of an input image, the true computational cost of infer-
ence given an image resolution depends on the implementation strategy
of each operator in the model. The relative efficiency of inference typically
decreases with decreasing resolution, as hardware utilization falls and/or
the share of computation that cannot be parallelized begins to dominate the
total execution time. While losses in efficiency can be partially recovered
by crafting custom kernels for every operator and resolution combination,
this process quickly becomes tedious and intractable given the large num-
ber of operators present in even a single model, resolution combination.
The difficulty in handcrafting implementations is amplified by the present
diversity of hardware architectures and memory hierarchies: the optimal
implementation strategy will vary widely between a CPU with main mem-
ory caches and specialized vector extensions and a GPU with a large reg-
ister file and high-bandwidth scratchpad memories. Recent work has pro-
posed automatic compiler optimizations that use machine-learning guided
search [15, 17, 110] to rapidly comb through a wide range of candidate im-
plementations, and we build on this effort to generate efficient implemen-
tations for each resolution, studying ways to reduce the time spent during
the search process.

An alternative presentation of the search process for generating efficient
implementations takes the form of multiple phases where each phase can
apply varying strategies. A natural arrangement is a proposal phase that se-
lects potentially efficient implementations based on prior knowledge, and
a prediction phase that estimates the performance of the proposed candi-
date implementations. This separation enables a modular pipeline where
the performance of different proposal and prediction strategies can be com-
pared which each have distinctly important roles in the search pipeline.
Proposal strategies must balance exploitation (choosing kernel configura-
tions that are likely to be good) and exploration (choosing kernel configu-
rations that are from underexplored regions of the space. Prediction strate-
gies should balance the accuracy and compute cost of the prediction model:

7



at the extreme end of compute cost, it would be cheaper to measure the
performance of configuration on actual hardware than to use a prediction
model. Chapter 4 evaluates various proposal and prediction pipelines for
automatic search of machine learning kernels.

enabl ing storage e f f i c i ency at d i f f e r ent re solut ions Expos-
ing multiple resolutions as a hyperparameter can reduce computational
complexity when low resolution inference is used, but wastes storage band-
width if full images are loaded for every resolution. A similar issue also
occurs when storing and serving multiple resolution versions of images,
especially for large datasets such as those found for social media services.
While the motivation for serving multiple resolution versions (images are
shown in different contexts and devices vs. for different scales/model
quality effects) differs, the requirements are similar. By leveraging prop-
erties of frequency domain representations that are common in popular
image formats, we can specialize the data layout of images to match the
desired resolutions. Specializing the data layout requires only a single
copy of each image, without redundant lossy copies for lower resolution
or quality versions. For neural network inference, this enables reading
a different relative fraction of each image’s total data for inference at a
per-example granularity, without modification to the downstream neural
network pipeline. Chapter 4 describes the methods and evaluates multi-
resolution image storage via frequency domain data layouts.

end -to - end sp ec ia l i zat ion for re solut ion With an understand-
ing of how the choice of image resolution can be used to tune model quality,
and how to enable efficient inference (in terms of computation and storage),
we study the impact of end-to-end specialization for image resolution at in-
ference time. As modern model architectures are agnostic to input resolu-
tion (when looking purely at input and operator shapes, rather than model
quality), a natural framing of this specialization is the task of choosing the
best resolution for each input image. From a storage perspective, the ob-
jective is to balance resolution-adjacent choices such as the crop size and
image quality of each image to minimize the amount of data that needs to
be read from storage. Additionally, we note the importance of specializing
the implementation of each model for a given resolution.

We propose a two-model pipeline that first predicts the optimal resolu-
tion for inference using a lightweight model followed by a larger backbone
model that performs inference at the selected resolution. In tandem, the
amount of data read from storage is calibrated to the model’s preferences
for image quality at each resolution, and the implementation of the model
at each resolution is tuned to maximize utilization. Chapter 6 provides
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more details on end-to-end approaches on specializing for image resolu-
tion.

In this thesis, we propose and evaluate support for efficient multi-resolution
image inference in terms of model accuracy, storage, computation, span-
ning image formats, compute kernel tuning, and a dynamic resolution ap-
proach that removes the need to statically choose a resolution ahead of
time, finding a favorable accuracy vs. compute cost tradeoff. We show
that specializing for resolution improves performance, increases accuracy,
and reduces the amount of data read from storage. Additionally,we show
that dynamic resolution approach is a viable alter-native to finetuning for
a specific object scale.
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2
R E L AT E D WO R K

The area of machine learning systems comprises a rapidly expanding body
of work, a testament to the importance of the field and the sheer quantity of
topics it covers. While the core objectives of machine learning systems re-
search can often be summarized with a few key metrics pertaining to model
quality, algorithmic efficiency, and computational costs, the methods for
achieving these objectives are diverse and have spawned numerous sub-
fields. Here, we cover the most relevant related work for machine learning
systems optimizations.

Improving the the computational efficiency of neural network inference
(both with and without retraining) is a rapidly evolving field of research
due to the high computational costs associated with modern convolutional
architectures. Frequently, these approaches introduce a quality–computational
cost or accuracy–computational tradeoff space. Beyond resolution, archi-
tecture agnostic approaches include exploiting quantization [25, 72, 113],
weight pruning [24, 43], input masking [104], temporal redundancy [11],
model cascades [79], and alternative numerical representations [46, 50, 58].

quant i zat ion Neural network quantization can take many forms, rang-
ing from truncation (removing bits of precision) under existing represen-
tation schemes to alternative representations. Regardless of the approach,
the primary aim of quantization is to improve the efficiency of model infer-
ence by reducing the complexity of the hardware or the number of software
operations required due to the lower bitwidth of operands. Another impor-
tant form of savings from quantization comes in the form of the reduction
in memory requirements, particularly for the intermediate activations and
weights of a model.

Beyond the method by which numerical representations can be quan-
tized, much of quantization research focuses on how quantization can be
performed while minimizing the loss in model quality. Approaches in-
clude finetuning the model after quantization and specializing the extent
of quantization at a per-channel or per-layer basis. Finally, we note the im-
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portance of matching quantization schemes to hardware/software friendly
approaches in realizing theoretical performance gains in real applications.

neural network s a n d im age re solut ion The issue of scale depen-
dence (often stemming from variations in image resolution) is an area of
active research with model architecture [48], finetuning [94], data augmen-
tation [34], and equivariance-based approaches [84] being used. While we
present one of many possible motivations for multi-resolution models and
one possible strategy for addressing the problem of scale dependence in
vision models, the ability for an inference stack to flexibly switch between
different image resolutions is useful. Even in the ideal case of fully scale-
equivariant models, image resolution remains a tunable hyperparameter
dictating the amount of information or fine-grained detail in image in ad-
dition to the capacity of feature maps. The overall approach of mapping
image data to different resolutions and tuning resolution specific kernels
is orthogonal to the motivation behind multi-resolution support.

o p t im i z ing neural n e t wor k storage Specializing storage with
domain-specific knowledge for either increased capacity and performance
is also an active area research [42, 64, 76]. Prior work has touched on cases
where the relative importance of image data (e.g., critical format bits vs.
noisy coefficient values) can be matched to storage at different levels of
reliability [30, 42].

At training time, retaining the intermediate activations of models for
backpropagation can become problematic from a memory capacity per-
spective. Here, recomputation [14, 51] can be used to favorably trade addi-
tional computation for memory storage requirements when training large
models.

m i x ture of exp e rt s model s We draw inspiration from Mixture-of-
Experts (MoE) approaches in machine learning [41, 59, 78, 103], where
model architectures use a weighted combination of “experts” to increase
model capacity. Here, our two-model pipeline can be considered a mod-
ified MoE that uses weight-sharing, with the different experts being the
different resolution variations of the backbone model. While prior work
has enforced sparse-weighting [78] or soft-conditioning [103] to efficiently
implement the MoE, we use explicit control flow and train the scale and
backbone models on separate objectives.

s tor ing many image s The need to efficiently store many images has
become apparent with the overwhelming growth of social media services
that often host and serve images to a wide variety of users and devices.
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Recent work has aimed to reduce overheads due to metadata for small
files [8] as well as develop SSD friendly caching algorithms [92]. Related
work has also investigated the quality–density trade-off for approximate
storage, showing that matching the importance of image data with the re-
liability of storage can improve storage efficiency [30]. Using custom pro-
gressive JPEG limits metadata overheads when only storing a single ver-
sion of each image and can improve caching behavior as different versions
of an image share data. Grouping scans of progressive JPEG is related to
ordering image data from most to least important, but the binary format
used here is not amenable to storage on approximate storage media.

Progressive JPEG images can also be partially deleted gracefully by dis-
carding high frequency data first—improving storage elasticity. The con-
cept of motifs: descriptions of computation needed to reconstruct a file
discussed in [80, 81] is implicitly implemented by a dynamic resizing stor-
age scheme as only the highest quality version of an image is stored while
lower quality versions are implicitly defined by motifs.

Dynamic resizing has precursors in image processing systems such as
zimg [115] that allow clients to upload and request images with added
operations such as cropping and scaling. To the best of our knowledge,
these systems do not vary the amount of data read based on quality via a
progressive frequency domain encoding. Dynamic resizing has also been
used by Flickr [1] and Facebook [36]: in addition to storing multiple ver-
sions of each photo, Facebook incorporates “Resizers” when the requested
version requires additional processing. Finally, progressive JPEG has been
recently used by Facebook [6] to reduce data consumption and speed up
the apparent loading of images on the client side; the latter is achieved by
rendering an acceptable quality scan before all scans have been transmitted.
However, this approach does not involve dynamic resizing or customizing
progressive JPEG.

op t im i z ing dee p l earn ing wo rk loads An important requirement
of efficient multi-resolution or scale support is the availability of high per-
formance kernel implementations for each combination of resolution, model,
and hardware. As the number of such possible combinations grows very
quickly, we rely on work in automatic deep learning kernel optimizations
[15, 20, 71, 110] to generate these kernels with minimal programmer effort.

To evaluate tuning pipelines, we present an environment for deep learn-
ing kernel optimization; this environment can be analogous to simulation
environments for reinforcement learning agents, where researchers can
prototype ideas and algorithms without needing to build a virtual or phys-
ical world from scratch. Ray [67] is an analogous environment for rein-
forcement learning. Our approach differs in its performance-driven ob-
jective that can leverage measurements on real hardware and the ready
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availability of out-of-the-box benchmarks (e.g., reference workloads such
as popular computer vision models). Park [63] is an environment for re-
inforcement learning-based optimization for general systems challenges,
such as device placement, circuit design, and load balancing. While rein-
forcement learning can also be applied to the challenge of automatic ker-
nel optimization, we focus on providing generic support for optimization
pipelines for a wide breadth of hardware devices and kernels. Similarly,
Vizier [27] presents an optimization service for general blackbox functions.
The proposed environment can be viewed as a Vizier-like service for white-
box deep learning kernels where support for experimenting with the opti-
mization algorithms themselves is a design goal.

On the benchmark front, our environment is analogous to recent work
such as NAS-Bench-101 [106] which provides a reference dataset for NAS
alongside benchmark tasks. However, we while we provide a dataset, we
do not settle on a fixed dataset as hardware targets and models are contin-
uously evolving. Our benchmark tasks have a similar flavor to the NAS-
Bench tasks, as neural architecture search presents a discrete optimization
problem similar in structure to that of program optimization. Concretely,
the main differences are in the feasibility of evaluation (seconds vs. hours
to evaluate candidates), and the objectives (performance vs. validation ac-
curacy). Additionally, we encourage users to collect performance data and
run experiments on hardware that they have available, whereas this may
not be feasible for NAS-Bench tasks. However, it is entirely possible that
variations of successful kernel optimization algorithms and pipelines can
be successfully applied to neural architecture search, and we hope to see
cross-pollination across the problems.

The task of automatic program optimization is not new, and has been
recently visited with several different approaches, such as analytical mod-
els [68], statistical cost model guided search [16], tree search [3], static cost
models [49], and statistical cost models driven by handpicked features [60].
We aim to provide a flexible framework for researchers to explore new in-
novations. Additionally, parallel work on machine learning for systems
work includes automatic device placement [65], graph optimization [45],
parallelization [44], architecture search [89] [116], among others.
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3
W H AT D O CO M P U T E R V I S I O N M O D E L F E AT U R E S
E N C O D E ?

in troduct ion

Convolutional neural networks (CNNs) have enjoyed tremendous success
on popular computer vision problems. Ideally, vision models for these
tasks would be equivariant to perturbations such as color, translation, scale,
and rotation. Translation invariance has been partially architected in CNNs [108],
and building models with other equivariant properties is an active area of
research. These properties include rotation, reflection, and scale among
others [19, 47, 54, 85, 101, 114]. In spite of their success, CNN models re-
main worryingly sensitive to small changes [28] in the training data with
respect to desirable equivariants. The typical [56], yet effective [107] ap-
proach to build robust models is to leverage brute force via data augmen-
tation.

However, current understanding of the effects of data augmentations
is limited, and using data augmentations often requires ad-hoc or task-
specific heuristics. An instance of this problem occurs when objects are
shown to models at different scales: popular models for classification ex-
hibit a noticeable drop in accuracy when the scale of their test-time data
does not match that of their training-time data [93]. Here, the proposed
heuristic is to finetune the models for the expected distribution of test resolutions—
information that may not be easily available. In parallel, we observe that
enhanced data augmentation can lead to dramatic improvements in accu-
racy, especially in adversarial circumstances [99], but this requires rearchi-
tecting models to effectively leverage adversarial examples.

The importance of data augmentation leads to natural questions about
what useful concepts models learn from data augmentations. As data aug-
mentations are often intended to reflect natural priors (e.g., objects belong-
ing to the same class have variations in scale), a relevant question is how
these priors are captured by the model. Concretely, we ask whether vari-
ations corresponding to data augmentations are encoded by models, and
where this encoding takes place. For example, do models encode bright-
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(a) Training pipeline used in our evaluation.

(b) Relative importance of the first block of ResNet-18 for predicting each of the
data augmentation ranking tasks.

Figure 1: Can layer activations from CNNs encode input variations introduced by
data augmentation? For a given image, a pair of inputs is generated by
varying the extent of a data augmentation (e.g., scale), along with a la-
bel ranking the extent of the augmentations. The inputs are then fed
to a frozen backbone model to extract features for a pairwise ranking
model. Figure 1b shows that early ResNet layers are more important for
encoding low-level augmentation transformations (brightness and satu-
ration).

ness variations in the earlier layers, in the later layers, or both? Which data
augmentations correspond to low-level model features, and which corre-
spond to high-level model features?

We search for answers to these questions by investigating whether in-
termediate activations of models capture input differences introduced by
data augmentation. First, we define a set of attributes (scale, aspect ratio,
and color transformations) that are desirable invariants (equivariants) for
models and commonly targeted by the data augmentation of current com-
puter vision models [21]. Following these definitions, we propose several
experiments, introducing a data augmentation ranking task, as illustrated
in Figure 1a, to understand whether CNNs implicitly learn a representation
for these attributes, comparing against baseline models relying on primi-

16



tive features. These experiments measure the predictive performance of a
ranking model that uses intermediate features collected from pre-trained
models to predict augmentation attributes. Following these experiments,
we inspect the relative importance of features used in the ranking model
to understand the relative importance of layers in modeling data augmen-
tation attributes.

Our results show that CNNs implicitly learn to encode attributes of pop-
ular data augmentations, such as scale, aspect ratio, saturation, and con-
trast without being explicitly trained on these objectives. Additionally, we
find that these attributes are typically encoded in the earlier layers of net-
works, suggesting that models learn to normalize input variations intro-
duced by data augmentations. Later layers appear relatively more impor-
tant for aspect ratio and scale, which can be considered higher-level than
attributes such as brightness and saturation, as shown in Figure 1b. We
present data augmentation prediction as tool to improve the currently lim-
ited interpretability [61] of CNNs.

a r ank ing model for augmentat ions

To assess whether neural network features encode data augmentation trans-
formations, we propose a ranking task that predicts the relative extent of
augmentation attributes given intermediate neural network features. We
employ a ranking model instead of a regression approach since obtaining
the absolute extent of augmentation is difficult. For example, for the task of
predicting the scale of an object, it is difficult to design a numerical defini-
tion of scale that is consistent across many different input examples and ob-
ject classes. We use a separate ranking model as it facilitates interpretability
over blackbox approaches that only consider the final output or accuracy
of model predictions. As we show in subsection 3.5.1, we can leverage the
ranking model weights to infer the importance of different layers to the
ranking tasks.

To circumvent the requirement of precisely-labeled data for augmenta-
tion attributes, we only try to rank the relative values of augmentation at-
tributes. We use pairwise rank-loss [18], which can be considered a binary
classification task for pairs of input examples. For the case of scale, the task
is to decide whether the scale of the object in one image is greater than the
scale of the object in the other. More formally, for each 𝑖, 𝑗 pair of examples
the loss function is defined as

log (1 + exp(− sgn (𝑣𝑖 − 𝑣𝑗) × (𝑓 (𝑥𝑖) − 𝑓 (𝑥𝑗))))

where 𝑣𝑖, 𝑣𝑗, 𝑥𝑖, 𝑥𝑗, and 𝑓 denote the true augmentation parameters, input
to the ranking model, and ranking model respectively. This is equivalent
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Figure 2: Example of our definition of scale (row 1), aspect ratio (row 2), hue (row
3), and saturation (row 4). We order the extent of each augmentation
transformation from left to right.

to logistic loss where each label is determined by the predicate 𝑣𝑖 > 𝑣𝑗.
For each image in the dataset, we produce pairs of images by applying an
augmentation transformation parameterized by different random values.

choos ing and de f i n i ng aug mentat ions

We describe our definitions of scale, aspect ratio, hue, contrast, saturation,
and brightness in this section, focusing on the constraint that our defini-
tions must yield an ordering or ranking of input examples. Figure 2 shows
examples for some augmentations considered. We choose these augmenta-
tions based on the following criteria: (1) Ease of implementation: given an
unlabeled set of images, it is straightforward to infer an ordering of these
augmentations For example, smaller crops correspond to a larger view of
the same object. (2) Popularity in training pipelines: each of the transfor-
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mations considered are either partially or fully implemented in standard
TensorFlow [2]. (3) Diversity in abstraction level: scale and aspect ratio can
be considered higher level image features that require some degree of un-
derstanding, whereas color attributes can almost be directly inferred from
raw pixel values with limited context.

Scale

We carefully settle on a narrow definition of object scale, avoiding seman-
tic definitions of scale, especially between different objects. For example,
we are not attempting to assess whether models capture facts such as “ele-
phants are bigger than dogs.” We choose a pragmatic definition of scale
corresponding to the solid angle of an object or the proportion of the field
of view occupied by an object.

This definition of scale captures the problem exhibited by the “train-
test” resolution discrepancy [93], where test-time crops of images that oc-
cupy a smaller area than training-time crops reduce model accuracy and
reflects the random cropping augmentation method that is commonly used
to present objects of different scales at training time. This definition is also
distinct from resolution; one can craft arbitrary examples where both high
and low resolution images of the same object map to the same scale after
they are cropped and resized.

Additionally, we add the qualification that we consider scale to be invari-
ant to occlusion or cropping as long as the object is still partially visible in
the frame. We use this qualification to disentangle scale from the related
but separate concept of bounding-box area occupied by an object in a frame.
Figure 2 gives examples following our definition of scale. Section 3.3 de-
scribes our sampling process and the range of scales considered.

From this definition of scale, we define two ranking tasks: “zoom-out”
and “zoom-in.” For the “zoom-out” task, we generate pairs of input images
that zoom-out from the bounding boxes of objects to generate input images
with different scales. We uniformly sample two values in the range [0.1, 𝑠],
where 𝑠 is the smallest of the total vertical or horizontal distance from the
border of the bounding box to the boundaries of the image. For the images
in the dataset we use (subsection 3.4.1), 𝑠 is expected to be at least 0.3. For
the “zoom-in” task, the different scales are generated by zooming-in on
bounding boxes to different extents. We uniformly randomly sample two
values in [0.5, 0.9] that determine the fraction of the bounding box to trim
before resizing the result to the input size of the backbone model 224 ×
224 for each pair of inputs. We define the zoom-in and zoom-out tasks
separately because although they may be of similar difficulty for a human
evaluator, intuitively the zoom-out task may be easier as the area occupied
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by an object is a highly accurate proxy for scale when the object of interest
does not occupy the entire frame.

Aspect Ratio

Models are naturally exposed to a range of aspect ratios of objects at train-
ing time through random cropping and natural variation in the input distri-
bution. Random cropping is an important source of aspect ratio variation,
as many augmentation pipelines do not consider the original aspect ratios
of objects as a constraint on the crop dimensions. With respect to aspect ra-
tio, we define the ranking order from wide to thin, or the ratio of vertical to
horizontal pixels present in the input after cropping (but before resizing).
Note that while ordering the aspect ratio between two arbitrary objects is
difficult, and this definition suffices when only considering different crops
of the same object.

The aspect ratio task uses the same pipeline as the scale tasks, with the
objective changed to ranking the ratio of vertical to horizontal pixels. To
generate each input image, we sample four random uniform values in [0.4, 0.4]
that determine the number of horizontal and vertical pixels to trim from
each input image.

Hue, Saturation, Contrast, Brightness

Hue, saturation, and contrast are common distortions applied to input im-
ages. As each of these augmentations are parameterized by either relative
multipliers or absolute deltas to the original image, these parameters lend
themselves naturally to an ordering for ranking. We include brightness as a
sanity check that should be trivially encoded for both the CNN backbones
and baselines. While we consider contrast a color transformation, it is ar-
guably higher-level than the other augmentations as discerning contrast
requires non-local information.

We again sample of random uniform values for each ranking task. For
both saturation and contrast, we sample the relative multipliers used to ap-
ply the transformation to determine the ranking labels (in the range [0.5, 1.5]).
For hue, we rank the delta relative to the original image (in the range [−0.2, 0.2]).

me thodology

To understand whether CNN activations capture attributes of data aug-
mentations, we adopt an experiment pipeline similar to one used to ex-
tract position information from CNNs [40]. We also use the intermediate
activations as input to a predictor from a pre-trained vision model with
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Figure 3: Average magnitude of frequency coefficients of an 8 × 8 DCT applied
patch-wise to images at increasing scales (from left to right). Frequency
coefficients are ordered in a zig-zag pattern, with lowest frequency in
the top left and highest frequency in the bottom right. The magnitude
of higher frequency coefficients decreases as scale increases.

frozen parameters, but with several key differences. Instead of attempting
to generate a two-dimensional output, our prediction task is learning to
rank input examples according to their data augmentations. Our ranking
model uses only average pooling and a single linear layer to allow easy in-
terpretation of the model weights. In the case of position information, the
ground-truth can be generated deterministically, and it is the same across
all images. However, in the case of general data augmentation, ranking
labels are generated on-the-fly, in tandem with the augmentations.

Dataset

We use a subset of the ImageNet [22] training dataset in our experiments.
Specifically, we limit our subset to images that have exactly one bounding
box to mitigate the effect of partially cropping only some objects in view.
We also choose images with bounding boxes that span at least 30% of the in-
put image, with the additional requirement that the borders of the bound-
ing box must be at least 30% of the image dimensions away from edges of
the image. Together, these requirements ensure that there is range to zoom
out from bounding boxes and to provide reasonable resolution when zoom-
ing in on a bounding box. These constraints reduce the original 1.2 million
image ImageNet dataset to roughly 86, 000 images, which we split into a
65, 000 image training set and a 21, 000 image validation set. For simplic-
ity, we use this dataset for all of our ranking tasks, even those that do not
require bounding box constraints.
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Figure 4: Backbone and ranking model used in our evaluation. The backbone
model is a pre-trained CNN (such as ResNet-18), with parameters frozen.
The activations from the backbone are average-pooled to align their spa-
tial dimensions and fed to a linear layer that produces a score for the
ranking objective.

Baseline Comparisons

We also evaluate two baselines that either use an 8×8 discrete cosine trans-
form (DCT) to generate features (to understand the impact of frequency in-
formation), or are passed the input images directly (passthrough). Figure 3
shows an example of how the magnitude of frequency coefficients change
with the scale of an object. For the DCT baseline, we apply average pool-
ing to the DCT features while the spatial dimensions of the passthrough
baseline are not reduced.

Ranking Model and Training Pipeline

Our ranking model uses the intermediate activations from a pre-trained
CNN as inputs to rank instances of a given data augmentation transfor-
mation. Figure 4 shows a high-level diagram of the relationship between
the backbone model and the ranking model. For our experiments, we use
ResNet-18/50 [32] as the backbone, although this approach is compatible
with any feedforward CNN. To unify the spatial dimensions of each layer,
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we apply global average pooling to reduce each activation tensor to a tensor
with 1 × 1 spatial resolution, preserving the channels. The average-pooled
tensors are then fed to a single linear layer that computes the ranking score
for a given input example. For each each pair of input examples, we use
the ranking scores and logistic loss to fit the linear layer’s parameters.

The training pipeline begins with iteration through a dataset of images,
where each image is used to generate a pair of input examples. Each input
example is transformed according by sampling a random variable and the
current augmentation ranking task (e.g., scale). At this time, a label for
this pair of input examples can be computed as a boolean expression of the
random variables (e.g., scale_a > scale_b?). A collection of pairs and labels
comprise a batch that is used to fit the linear layer with logistic loss. Note
that the parameters of the backbone model are frozen during training of the
ranking model to prevent the ranking task from affecting the intermediate
features of the backbone. We use the same approach with the baselines,
with average pooling omitted for the passthrough baseline.

Where are data augmentations encoded?

We use the weights of the linear layer to measure the relative importance of
the activations for each layer of the backbone model. Due to the simplicity
of the linear ranking model, we can measure the contribution of each layer
of the backbone by taking the product of the weights and the correspond-
ing standard deviation in the layer activations.

evaluat ion

We begin the evaluation with the accuracy results (Table 1) for each of the
pairwise ranking tasks. Due to the binary nature of a pairwise ranking
task, the accuracy of random guessing is 50%. For all tasks, we find that
the ResNet backbones either match or substantially outperform the base-
lines, particularly on the augmentations that do not manipulate color. This
suggests CNNs may implicitly model scale and aspect ratio as components
of features.

Prior work has compared the early layers of CNN to the discrete cosine
transform (DCT) [29]. To some extent, we expect the DCT (Figure 3) and
low-level features of earlier layers to act as a proxy for scale and/or aspect
ratio. Intuitively, two views of the same object at different scales are ex-
pected to contain different frequency domain representations, where the
smaller scale view is expected to have more high frequency components
than the larger scale view. The details of the object exhibit higher spatial
frequency as they appear finer in the image. If CNNs capture some ele-
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ments of frequency domain transforms in convolution layers, we would
expect that this information could be used to better infer scale information.
Other augmentations, such as hue and saturation, may present cues in the
absolute or relative values of the color channels early in network architec-
tures.

When comparing results for the scale tasks, we note that the performance
of the ResNet backbone was substantially lower for the “zoom-out” than
“zoom-in” task. This drop in accuracy was surprising as it was thought
that the ranking model could rely on the later layers and localization as a
proxy for scale, although it is possible that the use of average pooling in the
ranking model could have limited localization information. Additionally,
performance on the zoom-out task may have suffered as a consequence of
it being more fine-grained than the zoom-in task: many images may have
a limited amount of slack in which crop sizes can be increased without
overstepping image boundaries. Still, the performance of the ResNet back-
bones far surpassed the DCT baseline on both scale tasks, suggesting that
CNNs have stronger cues for object scale than spatial frequency.

This result suggests another source of scale information may appear in
the higher-level representations of networks. With the knowledge that ac-
tivations late in CNNs (e.g., at the last layer) map neatly to class labels [111],
it is plausible that high-level features map coarsely to scale as well (e.g., ob-
jects that are large on average or small on average). However, we attempt
to avoid trivial cues for scale via a very simple ranking model (Figure 4)
and by applying average pooling to the activations before ranking.

Across some tasks, we observe that the ranking using the ResNet-18 back-
bone sometimes outperforms the ResNet-50 backbone. We suspect that
this is due to the large increase in the number of input dimensions to the
ranking model when ResNet-50 is used (due to the increase in total num-
ber of channels), and regularizing the weights of the ranking model could
yield improved performance. The heavy overfitting of the passthrough
baseline can likely be attributed to reliance on absolute position (no av-
erage pooling is used) that is not generalizable to the validation set. An
alternative hypothesis is that ResNet-50 yields lower ranking performance
because it more successfully normalizes away perturbations caused by aug-
mentations. This hypothesis is interesting as it suggests that models with
stronger performance may do a better job of eliminating differences created
by data augmentations.

Hue appears to be the least favorable task for the ResNet backbones (rel-
ative to the baselines). We suspect that this may be due to the narrow range
of hue considered, or the difficultly in assessing the absolute delta in hue
from the original image. We expect the easier task of ranking the raw value
of hue rather than the magnitude to be easier. On the opposite end, con-
trast appears to be the least favorable task for the baselines (relative to the
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ResNet backbones), especially of the color augmentations. We expect that
this is because contrast describes the image as a whole and consequentially
is a higher-level attribute than hue or saturation. Accordingly, contrast de-
pends more on later layers of the backbones than the other color transfor-
mations (Figure 5).

We find that the baseline backbones achieve their highest performance
on the color tasks. This is relatively unsurprising, as some color attributes
(such as saturation) may be discernible by the raw values of the input color
channels. More surprisingly, however, was that while the early layers were
favored especially for the color-focused transformations, the most highly
weighted layer was not the stem of the ResNet, models but rather a few
layers later.

Which layers encode the augmentations?

Figure 5a and Figure 5b show the relative importance of ResNet-18 layers
for the ranking tasks when taking the mean and max across the channels
respectively. A general trend is that the earlier layers are weighted more
highly for all of the ranking tasks. Interestingly, this trend occurs even
when taking the max across channels despite the later layers having more
channels than the early layers.

Another difference is that slightly deeper layers appear more important
(or alternatively, early layers are less important) for contrast, aspect ratio
and scale (zoom in and zoom out). This pattern may be the result of con-
trast, scale, and aspect ratio being a higher-level attribute than brightness
and saturation. We see a similar trend for the mean (Figure 5c) and max
(Figure 5d) of feature importance across channels for ResNet-50. For the
aspect ratio and zoom in tasks, the most highly weighted layer (when tak-
ing the max across channels) occurs later in the model. In both ResNet-18
and ResNet-50, shortcut layers seem to be neglected by the ranking models.
In ResNet-50, however, the later layers appear to be more highly utilized
(especially when taking the maximum across channels) than in ResNet-18
though this effect might be accounted for by ResNet-50’s greater number
of channels increasing the chances that some channel in a layer may be
weighted highly.

To further validate the trend of early layers more strongly encoding aug-
mentation attributes, we rerun a selection of experiments, using activations
from only a few ResNet-18 layers at a time. If the early layers are more rel-
evant for capturing or encoding augmentation attributes, then we should
observe a drop in accuracy when using activations from later layers. In-
deed, Table 2 shows this drop, suggesting that even if neural networks
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Figure 5: Weightings of activations for ranking tasks with a ResNet-18 backbone (a,
b) and ResNet-50 backbone (c, d), with the sum of each task normalized
to 1.0. Ranking tasks are ordered from left to right roughly from low-
level (color perturbations) to high-level (scale and aspect ratio). Early
layers are more important for lower-level ranking tasks, such as color at-
tributes. Color represents mean (a, c) and max (b, d) value across chan-
nels.
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encode augmentations, this signal begins to be normalized away in later
layers, a trend we discuss further in section 3.6.

d i s cu s s ion

s p ec ia l i zat ion vs . no rm a l i zat ion For augmentations that are en-
coded or captured by CNN activations, we ask where or at what depth? We
describe this question as the specialization vs. normalization question: we
posit that data augmentations that are encoded by earlier layers are nor-
malized away by the model, whereas attributes that are encoded in later
layers incur specialization. Intuitively, if a model captures augmentation at-
tributes in early layers but discards this information by the later layers, it
has normalized away the augmentation. However, if a model retains aug-
mentation differences in later layers, the intuition is that this augmentation
incurs specialization in the same way that the last layer is specialized at a
per-class granularity.

The importance of activations from earlier layers relative to those from
later layers for our ranking objectives suggests that attributes such as scale
are normalized away by CNNs. This phenomenon appears more desirable
than the alternative where augmentation attributes are encoded and pre-
served throughout the model, indicating limited generalization at the out-
put. The lower ranking accuracy when using a ResNet-50 backbone (vs.
ResNet-18) may indicate that more accurate models do a better job of nor-
malizing away augmentations.

an adver sar ia l “ rank i ng model” An alternative we considered
was a GAN that proposes augmented images that attempt to fool the back-
bone model, taking activations of a pre-trained backbone as input. How-
ever, a difficulty of this approach is that some popular augmentations (scale
transformations) are not easily expressible using standard vision operators
or are not differentiable. Still, we see adversarial augmentations as an im-
portant related problem: what augmentations are the most difficult for cur-
rent models?

can rank ing ob j e c t i v e s b e u s ed as pr e -t ra in ing task s ? That
neural networks appear to encode data augmentation transformation at-
tributes raises the question of whether these attributes are inherently use-
ful for vision tasks. If it is useful for neural network models to encode
these attributes, would a source of accurate scale, aspect ratio, or color in-
formation improve their performance? Figure 6 shows the results of an
experiment where a backbone is pre-trained without class labels via the
downstream ranking task (aspect ratio). We find that pre-training to rank
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Figure 6: ImageNet classification accuracy vs. training steps of a from-scratch
model compared to that of a backbone model pre-trained on the aspect
ratio ranking task. Classification performance does not improve, sug-
gesting that encoding augmentations is not inherently desirable.

augmentations does not improve classification performance, with no im-
provement over training from scratch. The lack of improvement seems to
support the hypothesis that the ability to encode augmentations is not in-
herently desirable, and that normalization is the desired effect.

model s e l ec t ion and de s i gn In using a simple linear layer to build
our ranking model, we sacrifice model performance for interpretability. It
may be entirely possible that with sufficient representation power in the
ranking model, data augmentation transformations can be recovered with
high accuracy using only deep network layers. Still, we believe that us-
ing a linear ranking model reveals that augmentation transformations are
prominent in neural network features in early layers.
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Zoom In-Train Zoom In-Val
Passthrough 97.7 46.4
DCT 56.8 46.6
ResNet-18 93.9 90.1
ResNet-50 90.8 84.9

Zoom Out-Train Zoom Out-Val
Passthrough 98.5 51.8
DCT 57.5 52.4
ResNet-18 82.4 68.8
ResNet-50 77.6 64.8

Aspect Ratio-Train Aspect Ratio-Val
Passthrough 98.7 54.9
DCT 54.1 57.7
ResNet-18 87.6 80.9
ResNet-50 85.9 81.3

Hue-Train Hue-Val
Passthrough 94.0 65.0
ResNet-18 87.6 71.6
ResNet-50 84.0 66.0

Saturation-Train Saturation-Val
Passthrough 97.5 98.9
ResNet-18 97.5 98.3
ResNet-50 95.2 94.0

Contrast-Train Contrast-Val
Passthrough 100.0 62.0
ResNet-18 100.0 100.0
ResNet-50 99.7 99.7

Brightness-Train Brightness-Val
Passthrough 100.0 100.0
ResNet-18 100.0 100.0
ResNet-50 99.3 98.8

Table 1: Accuracies for ranking models that use the baselines and ResNet back-
bones across the ranking tasks. ResNet features encode many augmenta-
tion attributes to a high degree of accuracy, particularly high-level ones
such as scale and aspect ratio. ResNet features also beat the baselines on
contrast by a wide margin. The accuracy of the ranking model can be
used as a proxy to determine to what degree an augmentation attribute is
encoded in the CNNs.
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Zoom In-Train Zoom In-Val
ResNet-18 Block 1 95.5 92.2
ResNet-18 Block 2 95.8 92.8
ResNet-18 Block 3 93.7 89.1
ResNet-18 Block 4 93.2 90.0
ResNet-18 Block 5 90.0 85.1
ResNet-18 Block 6 87.5 82.9

Aspect Ratio-Train Aspect Ratio-Val
ResNet-18 Block 1 75.7 78.7
ResNet-18 Block 2 87.6 86.3
ResNet-18 Block 3 86.5 88.8
ResNet-18 Block 4 87.7 87.2
ResNet-18 Block 5 80.1 79.1
ResNet-18 Block 6 66.7 62.8

Hue-Train Hue-Val
ResNet-18 Block 1 75.1 77.5
ResNet-18 Block 2 77.6 76.6
ResNet-18 Block 3 77.8 73.0
ResNet-18 Block 4 81.0 72.5
ResNet-18 Block 5 82.5 67.5
ResNet-18 Block 6 82.1 65.8

Table 2: Ranking accuracy when only using features from a block of ResNet-18,
ordered from early to later layers. The early blocks yield higher accuracy,
indicative of early layers more strongly encoding augmentation attributes.
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4
L E V E R AG I N G I M AG E R E S O LU T I O N F O R E F F I C I E N T
S T O R AG E

in troduct ion

Images are ubiquitous on the modern web. With the rapid expansion of
social media services, the largest social media networks now host billions of
images [36]. At the same time, neural network datasets are rapidly growing
in scale, with the 1.2 million image ImageNet dataset [75] being eclipsed
by JFT-300M [87].

Image hosts face the challenge of handling the massive rates at which
users upload images, especially as scaling of cost per gigabyte slows [31].
This issue is compounded by the need to store each image at multiple res-
olutions to support different contexts or devices. In 2010, Facebook stored
up to 4 different versions of each image [8], later reporting that dynamic
resizing was also performed [36]. dynamic resizing saves capacity by gener-
ating low resolution copies of images on the fly without committing them
to storage. Faced with a similar problem, Flickr [1] switched to dynamic re-
sizing and reported that doing so helped to eliminate the need for storage
capacity upgrades for an entire year.

Image resolution is also a hyperparameter for neural network training
and inference. While neural networks are typically trained at a fixed res-
olution, the use of global average pooling in modern architectures makes
them resolution-agnostic from a shape-correctness perspective. Enabling
flexibility of resolution at inference time can dedicate more computation to
difficult images that require more detail (or as we will later see, choose the
best object scale for inference). However, this again requires loading dif-
ferent resolutions of images for inference, analogous to serving different
resolution versions of images to users in different contexts.

While dynamic resizing is an attractive method for reducing storage over-
heads, it introduces two main trade-offs. First, computation is traded for
capacity: when an uncached image is requested, the image must be de-
coded and resized. Second and perhaps more importantly, bandwidth is
traded for capacity: reading the entire source image for resizing can waste
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bandwidth. Bandwidth can be precious in cold storage scenarios that sac-
rifice performance for cost and density [9] or when an access misses in the
cache.

We propose repurposing progressive JPEG to reduce both read bandwidth
and storage overheads. The progressive JPEG standard specifies a variant
of JPEG images originally designed for bandwidth-constrained networks.
In a progressive JPEG image, image data is partitioned and arranged by
frequency content instead of by vertical position in an image (scanline), al-
lowing for a lossy preview before the entire image has been downloaded.
We demonstrate that by repurposing progressive JPEG, a significant por-
tion of read bandwidth can be saved by reading only the necessary image
data for resizing. Additionally, we show that tuning encode-time parame-
ters to match predefined image sizes can further reduce read bandwidth.

Finally, we characterize the cost of decoding custom progressive JPEG
directly on the client relative to decoding resized baseline images. We find
that the computation–bandwidth trade-off favors transcoding images on
the server side, where the computational costs are comparable to a baseline
dynamic resizing scheme.

background : pro gr e s s i v e j p eg

The progressive JPEG standard was originally designed to allow partially
transmitted images to be previewed [95]. Progressive JPEG works by ex-
ploiting the fact that partitioning image data in the frequency domain from
low to high frequency roughly corresponds to partitioning image data from
coarse to fine details. By initially decoding only low frequency data, a pre-
view can be rendered with an incomplete image file.

As with baseline JPEG images, progressive JPEG encoding involves trans-
forming image data to the frequency domain with a discrete cosine trans-
form (DCT). In the frequency domain, intensity values become frequency
coefficients; in the case of JPEG, there are 64 coefficients for each 8×8 pixel
region. Progressive JPEG partitions frequency coefficients into groups called
scans. Figure 7 shows a sketch of the progressive JPEG encode process and
partitioning of scans. A single scan can contain a single coefficient, an ap-
proximation of a single coefficient, multiple coefficients, or approximations
of multiple coefficients; the fundamental property is that scans contain re-
finements of image data. Only the first scan is necessary to display a low
quality image preview.
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Figure 7: Sketch of Progressive JPEG Encoding: 1. Images are divided into 8×8
macroblocks. 2. Intensity values are transformed to the frequency-
domain using a DCT. Red arrows indicate the low to high frequency
order of coefficients. 3. Highlighted regions denote scans.

approach

In order to resize a baseline JPEG image to a reduced resolution, the full im-
age must be read. We repurpose progressive JPEG, reading only the scans
necessary for a specific image quality for the resized image. To further
reduce the amount of data that must be read, we tune progressive JPEG
parameters to match predefined image resolutions. We specify resolutions
relative to source images (e.g. 10% of a 500×500 image is a 50×50 image).

Defining Image Quality

Using progressive JPEG and dynamic resizing in place of static baseline im-
ages requires an image quality metric and quality threshold to determine
when have we read enough image data. For each resolution, we define im-
age quality using the peak signal-to-noise ratio (PSNR). To compute the
PSNR, the reduced resolution image (which may be lossier) is compared
against a source image scaled to the same resolution. For our experiments,
we choose a PSNR threshold of 32 dB as the cutoff where no additional
image data (or scans) of a progressive JPEG image needs to be read. Our
technique of customizing progressive JPEG is orthogonal to the choice of
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quality metric and threshold, but higher quality thresholds will reduce sav-
ings.

Tuning Progressive JPEG Encoding

We used the jpegtran [39] transcoder, which allows the groupings of fre-
quency coefficients and their successive approximations in scans to be cus-
tomized. We implement a greedy algorithm that enumerates groupings
of coefficients (scan configurations) and chooses a configuration based on
the resulting PSNR value. Configurations are enumerated by adding coef-
ficient approximations until the PSNR target is met; this process is repeated
for all predefined resolutions.

The algorithm is characterized by the following pseudocode which finds
the next coefficient approximation to include; some details such as color
channels are omitted.

best_psnr = 0;
best_coeff = None;
for coeff ∈ (0, max_coeff(config) + c_depth) do

if approx[coeff] = 0 then
continue;

end if
//approx[] is initialized to a_depth
temp_approx = approx[coeff] - 1;
temp_config = config + (coeff, temp_approx);
psnr = calc_psnr(source_image, temp_config);
if psnr > best_psnr then

best_coeff = (coeff, temp_approx);
best_psnr = psnr;

end if
end for
return best_coeff;

We tune the coefficient depth (c_depth) parameter used by the greedy algo-
rithm, as it can reduce the search time by pruning the enumerated configu-
rations. We find that reducing this parameter leads to more space-efficient
configurations, perhaps by pruning configurations that are locally optimal
(in terms of PSNR) but inefficient.

An artifact of the jpegtran encoder is that it is limited to at most 100
scans in a given image. This limit also effectively constrains the maximum
approximation depth (a_depth) parameter for images where more scans are
needed for approximation refinements. However, to our benefit, the en-
coder also supports specifying multiple frequency coefficients (within the
same color channel) that share the same approximation level in a single
scan. This feature allows us to work around the 100 scan limit in many
cases; we implement a simple algorithm that identifies the longest inter-
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Figure 8: Sketch of a dynamic resizing scheme using custom progressive JPEG.
Given an input image and predefined target resolutions (a), a suitable
scan configuration is found. This process produces a mapping (b) of
resolutions to scans (file offsets in bytes). Given a requested image and
resolution (c), the necessary scans are read and the image transcoded.

vals of coefficients that share approximation levels and merges these coef-
ficients into single scans. “Merging” can also be done with the first (DC)
coefficients across channels. Merging allows us to encode images using
configurations that would otherwise exceed the 100 scan limit of the en-
coder. Still, when this limit is exceeded, we reduce the maximum approxi-
mation depth used by the greedy algorithm.

Proposed Read-Write Process

We envision a read/write scheme (Figure 8) where, at write time, files are
losslessly transcoded using a custom scan configuration as they are added
to the system. At read time, only the necessary scans are read before the
resulting image is transcoded to baseline JPEG. The mapping between the
requested resolution and how many scans to read (offset within the file) is
a result of the custom progressive JPEG configuration process.

evaluat ion

We evaluate the storage overheads (capacity, bandwidth) required for the
four storage schemes shown in Table 3. For each approach, we evaluate the
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scheme stored data
baseline (static) stores source, pre-resized

images
baseline (dynamic) stores source images
progressive (dynamic)
(ours, naïve)

stores source images in
progressive format

custom progressive (dy-
namic) (ours, preferred)

stores source images in
tuned progressive format

Table 3: Description of each evaluated scheme. The first two schemes represent
baselines used by current systems.

storage overheads when three image resolutions in addition to the original
may be requested: 10%, 25%, and 50%. For our custom progressive JPEG
scheme, we also evaluate the compute overheads relative to dynamic resiz-
ing with baseline JPEG images. This comparison attempts to answer the
question of whether it is beneficial to offload resizing from the image host
to the requesting client—an option not possible with dynamic resizing on
baseline images.

Compute Overheads

Many existing JPEG decoders support progressive JPEG and custom pro-
gressive JPEG, raising the question of whether progressive JPEG images
should be served directly to clients without transcoding to baseline JPEG.
However, decoding progressive JPEG images is more computationally ex-
pensive than decoding (equivalent) baseline images [57]. We therefore
consider the computational overheads of two schemes: (1) the preferred
scheme where custom progressive JPEG images are transcoded to baseline
images on the server side, and (2) where custom progressive JPEG images
are served directly to the client, offloading computation from the server.
Offloading transcode (2) is not possible when using baseline images as it
would be equivalent to sending the entire source image. For server side
transcode (1), we calculate the overhead by measuring the time to decode
a custom progressive JPEG image versus a full baseline source image for
resizing. For client side decode (2), we calculate overhead by measuring
the time it takes to decode a custom progressive JPEG versus a previously
resized baseline image.

Dataset and Encoder

We perform our evaluation with the MIRFLICKR [37] dataset, using 24,988
JPEG images with an average resolution of 462×399. We use the origi-
nal images as the source baseline JPEG images and the ImageMagick con-
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Figure 9: Storage utilization (left) and read sizes measured by the amount of data
read to achieve a PSNR of at least 32 dB (right). Note that the PSNR of the
resulting images with each scheme can be different despite this lower-
bound: default progressive JPEG overshoots the quality target. Overall,
dynamic resizing schemes provide similar and substantial storage sav-
ings over static resizing. Custom progressive JPEG provides the most
bandwidth savings (up to 5.8× vs. baseline).

vert [38] tool to generate resized baseline images. For progressive JPEG
images, we use jpegtran with the -optimize and -progressive flags. For
progressive JPEG images with custom scan configurations, we use jpeg-
tran with the -progressive and -scans [file] flags. In all cases, jpeg-
tran performs transcoding losslessly. We also iteratively reduce the qual-
ity level parameter until the PSNR drops below 32 dB to avoid inflating
the capacity usage of static baseline images. Still, the quality level of the
resized baseline images is not strictly equivalent; we compute PSNR on
progressive images before they have been re-encoded to baseline images.
For many (static baseline) images resized to 10% at a quality setting of 100,
we observed that the PSNR was below 32 dB despite acceptable visual qual-
ity.
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re sult s

Overall, we find that dynamic resizing dramatically reduces storage over-
heads significantly (by 41%). Additionally, using custom progressive JPEG
for dynamic resizing yields the most efficient use of storage bandwidth.

Storage Capacity

Unsurprisingly, storing baseline images along with resized images uses the
most storage capacity (Figure 9). Progressive JPEG is slightly more space-
efficient than baseline JPEG [86], though all dynamic resizing approaches
are similar in storage utilization. Normalized to dynamic baseline JPEG,
dynamic custom progressive JPEG incurs 0.3% storage overhead while dy-
namic progressive JPEG provides 6.0% storage savings. Custom progres-
sive JPEG likely suffers the small additional overhead due to the increased
number of scans.

Read Bandwidth

We consider the case where the requested resolutions of images are not
cached1. We estimate the read bandwidth requirements of each method
using the amount of data read necessary to achieve a satisfactory PSNR for
all 24,988 images. Here, baseline pre-resized images are omitted because
their PSNR values were not comparable; pre-resized images should offer
competitive if not better bandwidth savings relative to custom progressive
JPEG. A substantial portion of read bandwidth can be saved just by us-
ing progressive JPEG for dynamic resizing: 59% for 10% resolution, with
similar improvements for other scales. Customizing progressive JPEG im-
proves savings to 83% for the 10% resolution case. The savings in read
bandwidth (Figure 9) from custom progressive JPEG can largely be ex-
plained as a PSNR–read size trade-off. This trade-off is evident for default
progressive JPEG, which overshoots the quality target (reading enough
scans to meet the quality target results in an average PSNR of around 37-
38 dB). Interestingly, the progressive schemes seem to require roughly the
same amount of read data for all three image scales; this may be a limitation
of using PSNR to define image quality.

1 If the requested resolutions were already cached, we would expect performance to be iden-
tical under each scheme.
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Figure 10: Relative overhead of transcoding on the server (left) and relative over-
head of decoding custom progressive JPEG on the client (right).

Compute Overheads

For lower resolutions, the decode overheads (Figure 10) of custom progres-
sive JPEG may be prohibitive (up to 13.6× slower than baseline JPEG) on
the client side. However, the computational cost of decoding a baseline
source image is comparable (1.0-2.4×) to that of decoding a custom pro-
gressive JPEG image. Given this compute–bandwidth trade-off, it makes
more sense to transcode custom progressive JPEG images on the server
than to decode custom progressive JPEG on the client.

d i s c u s s ion

We find that customizing progressive JPEG provides a substantial advan-
tage in terms of read size over default progressive JPEG for our quality
target. One caveat is that customizing progressive JPEG relies on trading
image quality for read size; there is no inherent improvement to the JPEG
standard. Rather, custom progressive JPEG facilitates partitioning images
at a fine granularity so that this partitioning matches quality specifications
closely. In this sense, default progressive JPEG can be viewed as an lower-
bound on the bandwidth savings of custom progressive JPEG: 2.5× at a
37-38 dB threshold. Decoding progressive JPEG images is also more com-
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putationally expensive (by up to 13.6×) than decoding their baseline coun-
terparts, enough so that it does not make sense to push decoding to the
client. Still, decoding progressive JPEG images partially for transcoding on
the server is comparable in terms of compute to decoding full baseline im-
ages, so transcoding on the server with custom progressive JPEG remains
a reasonable approach.
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5
T U N I N G P I P E L I N E S F O R C O M P U T E R V I S I O N
K E R N E L S

in troduct ion

Machine learning program optimization is an important domain of research
and the intersection of disciplines including computer architecture, deep
learning, systems, and programming languages. Most broadly, the goal of
machine learning program optimization research is to enhance program-
mer productivity and hardware efficiency for research and production tasks.
Beyond program optimization, there has been tremendous progress in au-
tomatic optimization techniques to relieve the burden on human engineer-
ing effort at all levels of the hardware and software stacks. Recent advances
include automatic optimizations at the architecture [62] [116], graph [45],
kernel [16], and hardware design levels [52] [53] [66] [73], where perfor-
mance is quickly becoming competitive with human engineers. In work
where the contribution requires human insight into model architectures
(e.g., resolution and model width scaling [90] or novel combinations of oper-
ators (e.g., convolutions with different kernel sizes) [91], it is common to see
the last mile of improvement being reached with automated methods such
as neural architecture search (NAS). However, in each subdomain of auto-
matic optimization, there is room for standardized environments for evalu-
ation. We focus on the rapidly developing line of work of kernel-level deep
learning compilers [100] [15], where automated approaches show promise.

To advance the field, automatic program optimization must support a
wide range of models: the commonplace, and the cutting edge across all
deep learning domains. However, automatic optimization research de-
pends heavily on performance evaluation on real-world hardware. Real-
istic benchmarks and systems for evaluation for researchers to perform
high fidelity evaluations of proposed ideas and algorithms are crucial. This
raises a considerable barrier for researchers wishing to improve automatic
optimization: compelling work must be general across many domains of
models, yet also demon stably improve performance on real hardware and
workloads.
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Additionally, optimizing machine learning programs presents a broad
and challenging problem domain with many reasonable choices for algo-
rithms and modeling. There has been little standardization of how to faith-
fully evaluate benchmarks or even which benchmarks are the most mean-
ingful; the current trend has been to evaluate on a bag of popular mod-
els and report accuracy and performance numbers yet without any clear-
cut method for others to extend (e.g., with new search techniques or al-
gorithms) or reuse existing work (e.g., on new models or new hardware
devices).

Furthermore, the rapid rate of innovation and daunting scope of cutting-
edge machine learning models raises challenges for researchers aiming at
building better systems. At the core is the tension between innovation and
replication: in order to perform a compelling evaluation of their work, re-
searchers must typically replicate the entire end-to-end functionality of ex-
iting deep learning software stacks. This evaluation requirement comes at
the cost of innovation as time must be dedicated to rebuilding portions
of existing solutions rather than prototyping new ideas and system de-
signs. Consequently, performance-driven research and current deep learn-
ing breakthroughs are commonly months or years out-of-sync. For exam-
ple, depthwise convolutions were immediately adopted by the research
community following the introduction of the MobileNet [35] architecture—
yet took considerable time to reach hardware specific vendor libraries.

Finally, deep learning compiler research is a quickly moving subfield of
systems research, with novel techniques being proposed at all levels of the
stack, ranging from graph level transformations (e.g., operator fusion and
more general graph rewriting) [45] [5] and code generation (automatic ker-
nel optimization) to semantic-altering transformations such as quantiza-
tion [10] [113] [26] and hardware-driven neural architecture search [105].
We aim to standardize a task for the sub-problem of optimizing deep learn-
ing programs at the granularity of single operators, or kernels.

Researchers stick with known workflows with short evaluation times:
defining and optimizing operators for a new hardware device takes time.
Alternatively, efficient and flexible code-generation for hardware devices
dramatically reduces the iteration time for hardware architects and adop-
tion burden for end-users. Performance-driven deep learning researchers
have noticed this limitation [7]. Projects such as TensorFlow XLA and
NVIDIA TensorRT are scrambling to cover and support as many workloads
demanded by researchers and practitioners as possible, and automated
techniques are attractive for such tasks, yielding ripe research opportuni-
ties.

The central issue is the absence of a unified environment and dataset for
machine learning program optimization that allows researchers to quickly
prototype algorithms in a device-agnostic fashion. We introduce the SeaNet
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to provide an easily extensible automatic deep learning program optimiza-
tion environment, with datasets provided to allow researchers to quickly
explore ideas and algorithms.

Fixed Optimization 
Strategy

Fixed Hardware 
Environment

RPC Runtime and 
Environment

Various Hardware 
Backends

SeaNet ComponentsExisting Stack

Flexible Workload 
Optimization Search 

Spaces

Modular
Automatic 

Optimization 
Components

Fixed Collection of 
Optimization Choices

Figure 11: SeaNet provides flexibility and extensibility to existing deep learning
program optimization stacks. Researchers can use SeaNet to experi-
ment with novel automatic optimization components for off-the-self of
bespoke models. Hardware engineers and researchers can propose new
search spaces of optimizations for deep learning operators. SeaNet can
be used to build collections of optimized kernels for low-level system
libraries (e.g., cuDNN, MIOpen).

s eanet workf lows and task s

We describe the typical tasks we aim to optimize via SeaNet in this sec-
tion. Posed as questions, they can be described as: (1) How can I quickly
generate the best code (optimization) for the operators in a deep learning
model? (2) How can I predict the peak-performance of a given workload?
Here, workload refers to a deep learning operator (e.g., convolution, matrix
multiply, or attention) with some instantiated shape (e.g., kernel sizes, input
sizes, or strides). Concretely, an instance of the first task could be: “opti-
mize all convolution and matrix multiply shapes found in a model such
as ResNet-18.” Similarly, an instance of the second task could be: “what is
the predicted latency of all the convolution and matrix multiply shapes in
InceptionV3?”
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The first question arises from the challenge of deploying a model to a
hardware target. In this setting, a researcher or developer has prepared a
deep learning model for some application, and wishes to compile the opti-
mal version for some target hardware (e.g., cloud servers, mobile phones,
IoT devices, etc.). Given a single workload out of a collection of workloads
presented in a model, generating the optimal code can be approximated
by choosing the right configuration for a set of choices in a discrete search
space. We describe the search space in more detail in section 5.5. These
knobs can be attributes such as the tiling of loops in the workload, the par-
allelization strategy, memory layout, etc. We expect this task to be driven
by statistical methods that rely on measurements on real hardware or simula-
tion in the optimization loop, as shown in Figure 12. Accordingly, the cost-
modeling aspect of this task can be modularized and evaluated in isolation
using a static dataset, which we provide alongside SeaNet.

The second question arises from the challenge of performance driven
neural architecture search. This challenge is an emerging task, with par-
ticular relevance in latency-driven settings (e.g., mobile inference work-
loads) [89] [13]. Whereas classical neural architecture search focuses on
the singular objective of optimizing accuracy or loss on some validation
set, performance driven neural architecture search aims to balance accu-
racy with some hardware constraint, such as latency. Unfortunately, when
the performance of each architectural choice (usually at the granularity of
workloads) is no longer easily obtainable via a static library, performance-
driven optimization becomes infeasible without rapid performance esti-
mates from another source.

To address this issue, we introduce the task of peak-performance prediction.
Peak performance prediction takes as input a collection of pre-optimized
workloads (e.g., workloads that have already been optimized in accordance
with the first task), and the corresponding performance achieved on each
workload after tuning. The objective is to accurately predict the perfor-
mance of a previously unseen workload, so that an outer algorithm such as
neural architecture search can decide if the workload is worth using or op-
timizing. Additionally, peak performance prediction is useful even when
the collection of fixed workloads to be optimized is fixed: an optimization
system can use peak performance prediction to prioritize optimization re-
sources between the different workloads, as workloads that are already at
their predicted maximum performance can be deprioritized.

s eanet deve loper a p i

In this section, we present the SeaNet modular automatic optimization
pipeline aimed at tackling the first task of generating the best operator im-
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Figure 12: Organization of optimization modules outlined by the SeaNet bench-
mark task: the proposer (model optimizer), cost model, and sampler.
The bottom half denotes an example pipeline instantiated with concrete
options for each of the modules.

plementations using as few evaluations of a simulator or real hardware as
possible. The pipeline starts from a search space of possible implementa-
tions for each program, with up to billions of configurations (a point in the
search space with instantiated values for all tunable implementation pa-
rameters). Next in the pipeline is model optimizer, which proposes promis-
ing configurations to a cost-model or value function, which estimates the
performance of the proposed configurations. These performance results
are filtered by a sampler that decides which configurations to evaluate on
real hardware. This pipeline is shown with a concrete example in Figure 12.
After a round of measurements on hardware, the cost model is updated
and the pipeline repeated. One critical feature of the optimization API is
that it is device-agnostic, as simulator and performance measurement on
hardware devices is handled by the RPC subsystem (section 5.5) of SeaNet.

Each of these modular components can be implemented with algorithms
of varying complexity. For example, a model optimizer could simply pro-
pose random configurations, use heuristics such as simulated annealing, or
contain a machine learning model itself (e.g., in the case of a reinforcement
learning agent). Similarly, a cost model may be a gradient tree-boosting
model taking in AST-level features as input, or a TreeGRU [88] model oper-
ating on program ASTs directly. Sampling algorithms range from greedy
samplers (measure the top-𝑘 most promising configurations according to
the cost model), or more disciplined techniques that attempt to balance
exploration and exploitation (e.g., using 𝑘-means [4] clustering to blend
similar data points together). Finally, a researcher may choose to eschew
implementing some or all of the modules in favor of alternative strategies,
such as a RL-agent based method. In such a strategy, the model optimizer
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simply becomes a wrapper around an RL algorithm and the sampler be-
comes a passthrough.

Model Optimizer API

As it is often too expensive to exhaustively estimate the performance of all
possible configurations of a kernel, an efficient model optimizer is crucial in
deciding promising candidates. Blackbox proposal strategies include ge-
netic algorithms, random search, and many Bayesian optimization strate-
gies. Similarly, if we consider each configuration to exist in a connected
discrete search space, we can view the task as a traversal problem appli-
cable to reinforcement learning and simulated annealing. Here, the objec-
tive is to propose the most performance kernel configuration given as few
cost model or real-hardware evaluations as possible. For blackbox mod-
els, this amounts to the fewest number of iterations—and for the statistical
approaches, this amounts to the fewest training examples.

The model optimizers are queried for updated proposals or promising
configurations to evaluate on real hardware. To implement a model opti-
mizer, the user needs only to implement a single function in the interface,
find_maximums, which is called to collect a batch of proposals. Intuitively,
the find_maximums is called to get configurations that maximize the per-
formance returned by the cost model. We show an example of a model
optimizer in listing Listing 1.

Cost Model API

While evaluating the performance of proposed kernels is relatively cheap
compared to traditional Bayesian optimization settings, hardware resources
typically limit the number of feasible experiments (kernels to profile on real
hardware) to the order of thousands for practical problems. This limitation
means that cost models (either statistical, analytical, or simulated) are of-
ten useful for boosting the performance of algorithms that rely on some
estimate of performance. One subproblem of optimization can be viewed
as building an accurate and efficient cost model—one that faithfully cap-
tures the performance of hardware with relatively few samples. Ideally,
such a cost-model should also be generalizable across hardware devices
to avoid the engineering burden of specializing cost-models for each and
every target hardware platform.

A cost model implements a minimum of two functions: fit, and pre-
dict. fit takes as input a set of data points (configurations and their corre-
sponding perfomance) in a canonical format, and updates the state of the
cost model given the new data. predict takes as input a set of configu-
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Listing 1: Simple example of a naive random model optimizer. A reference to a
cost model is passed as model, the number of proposals is specified with
num, and excl contains a set of any points in the search space that should
be excluded from consideration.

def find_maximums ( s e l f , model , num, exc l ) :
s e l f . v i s i t e d = se t ( )
s i z e = len ( s e l f . task . conf ig_space )
for i in range ( 0 , n _ i t e r ) :

r o l l = np . random . randint ( 0 , s i z e )
i f r o l l in s e l f . v i s i t e d or\

r o l l in exc l :
continue

else :
s e l f . v i s i t e d . add ( r o l l )
r o l l s += r o l l

picked = r o l l s
for i in range ( 0 , s e l f . n _ i t e r ) :

s e l f . v i s i t e d . add ( r o l l s [ i ] )
s cores = model . p red i c t ( picked )
points = sorted ( picked , key=lambda item :

scores [ picked . index ( item ) ] ,
reverse=True )
return points [ : num]
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Listing 2: Simplified example of a gradient tree boosting cost model using the XG-
Boost [14] library. _get_feature can be any function that presents an
arbitrary feature representation to the cost model. For example, this
representation may simply be a concatenation of the choices, an AST
representation of the lowered code, or a dataflow graph of operations.

def f i t ( s e l f , xs , ys , . . . ) :
x _ t r a in = s e l f . _ge t_ f ea ture ( xs )
y_ t ra in = np . array ( ys )
y_max = np . max ( y_ t ra in )
y_ t ra in = y_ t ra in / max ( y_max , 1e−8)
index = np . random . permutation ( len ( x_ t r a in ) )
d t ra in = xgb . DMatrix ( x_ t r a in [ index ] ,

y_ t ra in [ index ] )
s e l f . _sample_size = len ( x_ t r a in )
s e l f . bs t = xgb . t r a i n ( . . . )

def pred i c t ( s e l f , xs , . . . ) :
f ea s = s e l f . _ge t_ f ea ture ( xs )
d t e s t = xgb . DMatrix ( f ea s )
return s e l f . bs t . p red i c t ( d t e s t )

ration points, and outputs their corresponding costs. We show a sample
implementation of a cost model in listing Listing 2.

Sampler API

Additionally, reducing the number of proposed configurations to a feasible
number that are measured on real hardware is an effective way to speed
up the optimization loop. One observation is that implementation search
spaces can contain many configurations or programs that are close both in
terms of performance and in terms of configuration. Identifying this sce-
nario and pruning configurations that are likely to be similar reduces the
amount of hardware time needed to train an accurate cost model or find
highly performing examples [4] A sampler takes in a collection of config-
uration proposals and chooses 𝑘 proposals to be evaluated (e.g., on real
hardware or in simulation). A sampler only needs to implement a sample
function, which takes the proposals, their corresponding costs (as evalu-
ated by the cost model), and 𝑘 as input. We show an example of a sampler
in listing Listing 3.
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Listing 3: Example of a 𝑘-means clustering based sampler that attempts to achieve
sample diversity. Points refers to the current proposed set of configura-
tions, scores are their corresponding scores as given by a cost model,
and the plan size is the number of points (configurations) that should
be selected for measurement.

def sample ( s e l f , points , scores , p lan_s ize ) :
# c o n v e r t c o n f i g u r a t i o n index t o c o o r d i n a t e s
X = [ point2knob ( point , s e l f . dims )

for point in points ]
kmeans = c l u s t e r . KMeans( p lan_s ize )
means = kmeans . f i t (X ) . c l u s t e r _ c e n t e r s _
means = np . round ( means )
plan = [ in t ( knob2point (mean , s e l f . dims ) )

for mean in means ]
return plan

s eanet a s a datas e t

We provide a dataset to quickly evaluate deep learning kernels out of the
box in two ways: per-configuration performance for a fixed search space,
and peak prediction performance for a given workload (e.g., Conv2D with
a certain shape). Users can use data for the first scenario to prototype cost
models for Task 1 (introduced alongside Task 2 in section 5.2), and data
for the Task 2 scenario to prototype peak performance prediction models.
Additionally, users are free to collect their own dataset using in-house hard-
ware devices by leveraging SeaNet’s search space definitions for deep learn-
ing operators.

The Configuration Search Space

The SeaNet API gives access to a rich collection of kernel implementation
search spaces for common deep learning models on a wide range of hard-
ware backends, ranging from ARM and x86 CPUs to mobile OpenCL GPUs
and CUDA server-class GPUs. Figure 13 gives a logical overview of an
example search space. This search space is built on top of schedule primi-
tives [15, 70] that describe possible optimizations to apply to kernels. These
search spaces define possible implementations of deep learning kernels for
their corresponding hardware devices. The complexity of a search space
varies depending on the target hardware device and operator, with the
largest search spaces comprising billions of configurations. Typically, we
find that search spaces for devices with intricate memory hierarchies (e..g,
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Figure 13: Organization of an operator search space in SeaNet following its op-
erator definition. Deep learning kernels present a loop nest of opera-
tions, with various transformations available to different components
of the loop nest. Depending on the transformation, additional param-
eters may need to be decided. Note that the search space definition
can be recursive (e.g., if a loop nest is tiled, the resulting loop nest can
optionally be further tiled).

GPUs) have more configurations (to cover the wide variety of program im-
plementations) and are more difficult to optimize due to the sharp perfor-
mance cliffs associated with cache hierarchies.

Standalone Configuration Performance Prediction

We provide several sample datasets spanning thousands of configuration
points for rapid prototyping of cost models. These datasets are obtained
from randomly sampling the optimization search space of a typical convo-
lution operator (e.g., from a ResNet model) on various hardware devices.
These datasets are collected from a range of hardware devices (desktop
GPU, mobile CPU, and mobile CPU) and cover a wide range of perfor-
mance. Concretely, the dataset is a collection of configurations (possible
implementations of a given workload), to their measured performance on
hardware. Table 4 shows a comparison of baseline cost models on this
dataset. Note that a SeaNet user can quickly collect a comparable dataset
on other hardware devices they have available by leveraging the RPC in-
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1080 Ti (Desktop GPU)
Cost Model MAE (GFLOPS)
Linear Regression 52.6
2-MLP 49.6
Gradient Tree Boosting 44.7

ARM Cortex A-72 (Mobile CPU)
Cost Model MAE (GFLOPS)
Linear Regression 1.40
2-MLP 1.23
Gradient Tree Boosting 1.34

Mali T-860 MP4 (Mobile GPU)
Cost Model MAE (GFLOPS)
Linear Regression 3.09
2-MLP 3.77
Gradient Tree Boosting 1.69

Table 4: Standalone evaluation of various cost model baselines on workloads col-
lected from different hardware devices. MAE refers to the mean absolute
error of the regression on a held-out set in billions of floating-point oper-
ations per second. Note that the absolute scale difference can be partially
attributed to the typical peak performance achievable on each hardware
device.

frastructure ( section 5.5). Data collection is fast, usually on the order of
thousands of configuration points per hour.

Peak Performance Prediction

Additionally, we provide a dataset of pretuned operators for thousands of
workloads found in popular deep learning models, corresponding to thou-
sands of hours of machine time. These pretuned operators correspond to
specific configurations expected to approximate the peak performance of a
given hardware device for these workloads. Predicting peak performance
is an important task for areas such as graph optimization and performance
driven neural architecture search. In this setting, a model is trained on data
that maps a collection of pretuned workloads (based on features such as
their shapes, implementation strategy, and the hardware type) to achieved
performance. An accurate model is critical when optimization is too ex-
pensive to run in the loop of a larger NAS or graph optimization pipeline.
Concretely, the peak prediction dataset can be viewed as a mapping of
workloads (a given operator with specific semantics such as shape, stride,
padding) to latency (execution time).
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d i st r i but ed rpc i n fr a st ru c ture

All of the data collected for the tasks discussed thus far and the environ-
ment depends on the SeaNet RPC infrastructure. This section discusses the
low-level infrastructure used to collect performance measurements (either
for building or a dataset, or in an online experiment) from hardware. Deep
learning compiler optimizations are typically highly specialized to lever-
age domain-specific insights about their workloads. As evaluating com-
piler optimizations on multiple hardware and software platforms quickly
becomes tedious, we provide a generic RPC Infrastructure as part of the
SeaNet environment. Crucially, this infrastructure is transparent to the re-
searchers developing new optimization algorithms. Under the hood, the
RPC system also provides tremendous flexibility as it enables fine-grained
control of the device runtime. For example, the RPC system enables us to
ensure that idiosyncratic system parameters (e.g., CPU affinity on a big.LITTLE
SoC) are correctly configured.

One of the main advantages of having a shared framework for bench-
marking optimization algorithms is reproducibility. Modern machine learn-
ing pipelines commonly have numerous hyperparameters and subtle im-
plementations differences that often go unreported in published work yet
can make profound differences in evaluations results. Due to the systems-
performance driven nature of kernel optimization, hyperparameters now
threaten reproducibility on two frontiers: experiment configuration and
measurement. In addition to experiment hyperparameters, the conditions
of performance measurement (e.g., how wall clock execution time is mea-
sured) is often an ad-hoc choice left to researchers. Conveniently, sharing
a common RPC infrastructure for evaluating optimization algorithms al-
lows the burden of sensible performance measurement guidelines to be
collectively addressed: wisdom about the idiosyncrasies of each hardware
platform can be shared instead of being independently discovered through
each evaluation. Examples of pitfalls that researchers must account for/dis-
cover include: JIT kernel compile time (for languages such as CUDA and
OpenCL), hardware power states that take time to warm-up/cool down
(virtually all modern CPUs and hardware accelerators), and thermal throt-
tling on devices with limited thermal dissipation (e.g., single-board com-
puters and mobile phones). We provide customized RPC servers for a vari-
ety of hardware platforms to alleviate the burden of device-specific house-
keeping on researchers.
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Figure 14: Summary of the Control Plane (RPC Tracker) Protocol. 1. An available
device registers itself with the RPC tracker, providing a one-time use
“token“ value along with its device type (in this case “TITANX”). 2. An
RPC client requests a device of type “TITANX.” The tracker provides
the address and one-time use token of an available device. 3. The RPC
client connects to the provided device and begins a session. 4. The
RPC client terminates its session; the RPC device registers itself as free
to the tracker. Note that this logic is typically internal to an optimization
pipeline and transparent to the user seeking to change optimization al-
gorithms.

RPC Protocol

At a high level, the RPC system is composed of a central tracker which mul-
tiplexes RPC servers across many RPC sessions. RPC servers can be indi-
vidual mobile phones, single-board computers (e.g., Raspberry Pi, RK33999),
hardware accelerator boards (e.g., Ultra96), or servers hosting multiple
GPUs and CPUs. We describe our RPC protocol in two parts: a control
plane which handles resource allocation and load balancing across many
hardware devices, and a data plane which handles communications be-
tween hardware devices and clients issuing requests. Together, these com-
ponents of the protocol enable streamlined prototyping and deployment
of neural network implementations.

cont rol p lane We provide a tracker (i.e. resource manager) to co-
ordinate the resources provided by a pool of devices. Figure 14 shows a
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basic protocol of the resource registration. In our setup, each RPC runtime
registers itself with the tracker when it is available for performance mea-
surement/profiling. When a pipeline wishes to profile a configuration, it
requests a free RPC session corresponding to its desired device type. The
tracker removes the requested device from the pool of free devices, and the
devices re-registers itself with the tracker when profiling has been com-
pleted. The pool of devices can be multiplexed across many developers
or strategies for optimizing deep learning workloads on hardware. Our
tracker is inspired by the model used by the cluster management system
such as Mesos [33] and Kubernetes [12], with the additional challenge of
providing a runtime environment that runs on heterogeneous embedded
devices.

data plane The RPC data plane does not require each user to have
an identical development environment—the RPC runtime simply runs the
provided code. This flexibility allows different search spaces as well as
search strategies (e.g., cost model implementations, optimization algorithms)
to share the same pool of devices seamlessly. The data plane of the RPC
runtime allows as much compilation to be performed on the client side
(or before the RPC boundary) as possible. This reduces the burden on de-
vices that may be a poor fit for heavy-duty compilation (of the programs
that they run), such as IoT devices or mobile phones. The RPC runtime en-
ables portability of optimization strategies and computational graph dec-
larations across devices. After developing an optimization strategy for a
hardware device target (e.g., Raspberry Pi), a user can quickly evaluate the
same optimization strategy on an NVIDIA GPU as both share the same
RPC interface.

t im ing measurement Designing a method to accurately measure the
wall-clock time of deep learning workloads (with a wide range of arith-
metic complexity) that generalizes across different types of hardware (with
a wide range of performance and environments) is difficult. In order to col-
lect repeatable measurements across different devices and workloads, we
focus on minimizing transient system effects and dispatch overheads that
may inaccurately bias performance measurement. Hardware devices with
different power states are an example of platforms where accurate and re-
peatable timing measurement is tricky. In some cases, a given workload’s
timing measurement will appear to be faster or slower depending on the
device’s power state. This behavior can lead to surprising results, such as
a very fast kernel appearing to be slower as it finishes too quickly, before a
hardware device can ramp up to a higher power state. We take a simple ap-
proach to address this problem, by allowing the measurement function to
specify a minimum repeat time, or the minimum amount of time a loop of
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HW OK Compile Timeout/Misc.
gfx900 (AMD GPU) 61 143 84
rk3399 (ARM CPU) 55 86 147
pixel2 (ARM CPU) 89 86 113

Table 5: Breakdown of failures tolerated when randomly traversing the search
space of 9 VGG-16 [83] workloads for various hardware targets. 32 config-
urations were sampled for each workload. Note that “compile” failures
include configurations that violate constraints when checking against lim-
its such as scratchpad size, available threads, etc.

To Client

App Process Automatic 
Restart

RPC RT Process
RPCActivity

Session
Handler

Finish 
Session

Watchdog

Terminate 
Process

TerminatedMainActivity

To Tracker

Figure 15: Overview of the Android RPC runtime implementation. A second ac-
tivity is dedicated to the RPC session in a separate process for fault toler-
ance, and also to ensure that the RPC session receives high OS priority
by keeping its parent process on-screen. RPC session timeouts are en-
forced by a watchdog which “races” against the session processor. If the
watchdog finishes first, the RPC process is terminated and restarted.

measurements must take. If the minimum time is not met, the number of
iterations of the measurement loop is increased. Here, the goal is to force
hardware devices into the highest sustainable power state and to amortize
away/discard runs that executed at a lower power state.

Fault Tolerance

At compile time, given the size of search spaces for each operator and
hardware backend, each search space may contain many invalid configura-
tions. Invalid configurations may violate such restrictions such as scratch-
pad memory sizes on GPUs, maximum thread block/workgroup sizes in
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CUDA/OpenCL capable devices, or allocate more registers than the hard-
ware supports. Table 5 shows an example of the distributions of failures en-
countered in practice. At run time, each measurement forks a new workhorse
process so that a buggy configuration that crashes the workhorse does not
terminate the RPC server or prevent the device from re-registering with
the RPC tracker. Additionally, for devices with more exotic runtime envi-
ronments, such as Android smartphones, we use an app with a separate
watchdog (shown in Figure 15) process which restarts the workhorse RPC
runtime if necessary.1 Finally, at the control plane level, the tracker grace-
fully switches between devices if a device becomes faulty and fails to re-
spond to incoming requests. This property is essential in ensuring that a
few faulty devices do not interfere with long running optimization tasks
by polluting the measurement data.

ba s e l ine impl ementat i o n s and evaluat ion

To highlight the flexibility of SeaNet across algorithms and hardware de-
vices, we present descriptions of baseline implementations of SeaNet mod-
ules and evaluations of their performance starting with the first task, opti-
mizing kernels for a given deep learning model. We visualize the efficiency
of different optimization pipelines by observing which pipeline achieves
the best performance (of an evaluated program configuration) in the fewest
trials (measurements on hardware). In our evaluation, we first seek to char-
acterize two main types of optimization pipelines first: blackbox pipelines
(e.g., evolutionary algorithms and random search), and cost-model driven
baselines. The pipelines evaluated on either a desktop GPU (NVIDIA 1080
Ti) or a Mobile CPU (ARM Cortex-A72) as denoted in their corresponding
figure titles. We then explore which sampling and model optimizing strate-
gies are best given a particular cost model for the first task. Following the
first task, we visit the second task of predicting peak performance using
different regression models.

ta sk 1 : o p t im i zat i o n p i p e l in e var iant s For the first task, we eval-
uate the efficiency of a variety of optimization pipelines. At the highest
level, these can be divided between blackbox approaches that do not attempt
to explicitly model the performance of different configurations in a search
space, and cost-model driven approaches that use a cost-model to estimate
the performance of previously unseen configurations. The cost model can
any feature representation that can be derived from program configura-
tions as input. For simplicity, we base our features on the concrete values

1 We use this approach as the Android OS allocates CPU time depending on whether your
process is responsible for the current on-screen Activity.
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of the choices in each configuration space in this evaluation, though in prac-
tice more sophisticated approaches (e.g., using AST structures) are feasible.
We first compare the performance of two blackbox pipelines an genetic al-
gorithm (GA) and random search with a cost-model driven pipeline that
proposes many configurations randomly before filtering them through a
cost model and then sampling among a promising subset of the proposed
configurations randomly in Figure 16. Here, we see that using a cost model
can improve the efficiency of optimization (by using fewer hardware mea-
surements) to reach the same level performance on more difficult work-
loads, yet all three methods remain comparable on easier workloads. Next,
we seek to characterize the difference between cost-model pipelines that
use a model optimizer to propose promising configurations. In this setting,
we introduce a simulated annealing (SA) model optimizer and an evolu-
tionary algorithm model optimizer (EA) alongside the random model op-
timizer. We refer to the optimizer as EA while it is logically identical to the
blackbox GA, with the difference being that the fitness scores of the GA are
obtained through actual hardware measurement (blackbox), whereas the
EA queries a cost model for fitness scores. In this comparison ( Figure 17),
we see that the evolutionary algorithm performs best with random sam-
pling on many of the challenging workloads. Interestingly, for the work-
load shown, the SA optimizer is the worst, though for many other work-
loads it is competitive with the EA optimizer. We suspect that in many
cases, the optimizers require hyperparameter tuning for ideal efficiency.

We then seek to characterize the differences in the remaining component
of the optimization pipeline: the sampler. Here, we provide a 𝑘-means
and greedy sampler alongside the random sampler which chooses config-
urations filtered by the cost model randomly. The 𝑘-means sampler first
clusters points proposed by the model optimizer with 𝑘 set to the num-
ber of measurements to be performed, whereas the greedy sampler simply
picks the top-𝑘 highest scoring proposals. Here, we find that the 𝑘-means
sampler tends to do well on workloads where exploring a diverse set of con-
figurations in the search space is beneficial. Finally, we show an example
of all pipelines evaluated so far in Figure 19. While the relative efficiency
of different pipelines can be tricky to interpret, we see that all pipelines sur-
pass random search, and that evolutionary strategies (including blackbox
versions) do well.

ta sk 2 : p eak per formance pr e d i c t i o n Moving to the second task,
we seek to characterize the effectiveness of different typical regression mod-
els for predicting peak performance. We train a type of model on a subset
of pretuned-operator performance data and use it to predict performance
on the held-out set. Figure 20 shows these results, compared with linear re-
gression and MLP baselines. With minimal data preprocessing (converting
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dataset features to one-hot encodings), we find that peak-performance on a
gradient tree boosting model yields promising results. We expect that peak
performance prediction can be integrated with performance driven NAS
approaches that include with program optimization in the NAS search
loop.
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Figure 16: Task 1: Blackbox optimization pipelines compared with cost-model
driven pipelines on a convolution kernel from ResNet-18 [32]. Here, the
XGBoost cost model is used to filter randomly proposed configurations
that are then randomly sampled. The bottom plot shows an example
of an “easier” optimization task, where all three approaches quickly
achieve good performance.
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Figure 17: Task 1: Comparison of model optimizers with random sampling. On
many workloads, we find that the evolutionary algorithm works the
best with random sampling.
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Figure 18: Task 1: Comparison of samplers with random proposals. On many
workloads, we find that 𝑘-means sampling works the best with random
proposals. Intuitively, this makes sense as K-Means sampling achieves
the highest sample diversity.
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Figure 19: Task 1: Comparison of all pipelines. All methods outperform the
random baseline on this workload, with many of the best performing
pipelines relying on an evolutionary algorithm (either as the optimizer
or in blackbox form).
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Figure 20: Task 2: Relative error of predicted vs. actual peak-performance with
various regression models trained on pretuned workloads for the
NVIDIA 1080Ti, Mali T860-MP4, and ARM Cortex-A72. The verti-
cal axis denotes shape parameters of 2D convolution. Workloads are
sorted from highest error to lowest. Orange bars show actual measured
performance.
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6
E N D -T O - E N D R E S O LU T I O N A N D M O D E L
CO - O P T I M I Z AT I O N

in troduct ion

The choice of image resolution is an important hyperparameter for neu-
ral networks. Input images for computer vision models typically comprise
a wide range of resolutions, qualities, and object scales, yet the choice of
input resolution is typically a static one. Furthermore, computation and
memory requirements scale approximately quadratically with input reso-
lution, increasing the cost of scaling input resolution dramatically. In this
work, we claim that image resolution is an underexploited hyperparameter
in neural network models, and quantify the impact that the choice of res-
olution has on system resources such as compute throughput and storage
bandwidth. We frame the choice of neural network resolution at inference
time as existing in a space of many related parameters, such as crop area,
the quantity of data to read, and the configuration of compute kernels (Fig-
ure 21). We study questions about the impact of image resolution in the
static resolution setting, followed by the question of whether image resolu-
tion can be a dynamic choice.

what i s the impact of image re solut ion? Modern computer vi-
sion models typically run at a fixed resolution, with this resolution often
chosen in tandem with the model architecture. While recent work has
drawn attention to the importance of proper resolution scaling with respect
to computational cost and model accuracy [90], the true wall-clock latency
impact on inference systems remains ambiguous. When scaling the input
resolution of a model, the number of arithmetic operations incurred by in-
creasing floating-point operations can be easily counted, but it is unclear
whether hardware utilization is identical across all resolutions such that
wall-clock time scales commensurately. Additionally, storage capacity and
bandwidth are precious resources that are intertwined with image resolu-
tion, raising additional questions regarding the quantity of image data that
computer vision models need for accurate inference.
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Figure 21: The choice of inference resolution in neural networks introduces asso-
ciated tightly coupled choices, controlling properties such as the appar-
ent size of objects (crop area), image detail (read size), and inference la-
tency (compute kernel configuration). Each choice potentially impacts
one or more of model accuracy, inference time, and data storage band-
width.
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To understand the impact of image resolution on compute resources, we
characterize the utilization gap of neural networks at different resolutions
on typical inference hardware (commodity CPUs), and the extent to which
this gap can be closed through autotuning of compute kernel implementa-
tions. To understand the impact of image resolution on storage resources,
we characterize the accuracy drop incurred by progressively reducing the
amount of image data read for model inference.

ca n re solut ion be chosen dy nam ica l ly ? Additionally, we pose
the question of whether image resolution needs to be a static hyperparam-
eter for model inference. Intuitively, not all classification tasks or cate-
gories require the same level of image detail for accurate evaluation, so it is
likely that not all input examples require the same resolution while preserv-
ing model accuracy. Furthermore, image resolution in neural networks is
closely tied to the perceived scale, or relative sizes of objects in images. Re-
cent work [94] has pointed out that the choice of resolution implicitly biases
the model towards a specific distribution of object scales (the apparent size
of objects) based on data augmentation choices at training time. While a
proposed fix [94] is to fine-tune the model for the expected distribution of
object scales at test-time, this solution relies on the assumption that the test
distribution is known and fixed. The issue is a lack of flexibility during in-
ference, where a mismatch between the desired or expected object size can
be corrected by a change in inference resolution.

To understand the potential benefits of dynamism in this scenario, we
evaluate a two-model pipeline that uses a lightweight model to select the
best inference resolution for a larger backbone model, with the goal being
to recover most of the accuracy of choosing the “correct” resolution for in-
ference. We describe this issue in more detail in Section 6.2. Furthermore,
in the general case, we expect that multiple-resolution support can be valu-
able for cases where the difficulty of input images varies, and resolution
becomes a hyperparameter controlling the amount of information given to
the computer vision model.

With these guiding questions, we characterize the tradeoff space of reso-
lution in neural networks, with the aim of tuning several parameters in tan-
dem: the compute kernel implementations for each resolution, how much
data is read for each image during inference, and the implicit object scale in
each image (the crop size), together with image resolution. Along the way,
we describe the methods that enable this tradeoff space, including operator
autotuning, storage–image format calibration, and a dynamic resolution
model pipeline.
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background

Efficient support for multi-resolution inference spans storage, algorithm,
and computation perspectives. From a storage perspective, we aim to min-
imize the number of bytes that need to be read (or transferred over the net-
work) for inference. From an algorithm perspective, we aim to minimize
the number of compute operations (FLOPs). From a compute perspective,
we aim to maximize the utilization of the underlying hardware or achieve
scalability across difference inference resolutions.

image qual i t y met r i c Starting with the storage perspective, we focus
on the issue of limiting the amount of image data that is read or stored for
neural network inference. A contrived but relevant example occurs when
large images are resized for inference: computer vision models typically
perform inference at well below even 1 megapixel resolution (448 × 448 ≈
0.2MP). When resizing large images to low resolution, we can avoid read-
ing unnecessary or fine details of the image. However, this approach re-
quires a method to calibrate or map image quality (as a proxy for neural
network accuracy) to bytes read from storage. Image quality metrics such
as Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity (SSIM) [97]
provide relatively fast estimates of image quality given a source or ref-
erence image. These quality metrics allow us to quantitatively compare
model accuracy with the quality or level of detail present in an input im-
age. Here, we focus on structural similarity, though the choice of metric is
orthogonal to other system choices.

To be effective and efficient at inference or ingestion time, the computa-
tion required for the image quality metric should be much lower than that
of the downstream computer vision model. This caveat means that while
attractive, image quality metrics that are expensive to compute (e.g., those
that rely on features from neural networks [109]) are too expensive at this
stage in the pipeline.

shape -agnost i c model s From an algorithm perspective, a fundamen-
tal requirement of flexible multi-resolution inference support is that the
computer vision models do not require a fixed input resolution. For many
popular modern models, this property is achieved implicitly as they use a
global average pooling layer [112] to connect the resolution-agnostic con-
volution layers to resolution-dependent fully connected layers. However,
even with model architectures that require a fixed resolution, multi-resolution
support can be achieved with brute force: train models for every resolu-
tion.

70



scan 1 scan 2 scan 3 scan 4 scan 5
9429 bytes 21671 bytes 37083 bytes 54865 bytes 85259 bytes

Source 
Image:

Figure 22: Example of an JPEG image with a progressive encoding (enlarged to
show detail). Each image scan refines previous image data by including
higher frequency coefficients. The image difference vs. the previous
scan is show above each crop; cumulative number of bytes read are
shown below.

a progre s s i v e image encod i ng When describing the requirement
for an image quality metric, we made the assumption that reading fewer
bytes of image data gracefully degrades image quality. However, this as-
sumption requires an image encoding that progressively improves image
quality with the amount of data read. Fortunately, this property is satisfied
by frequency domain image representations, and only a frequency-domain
aware data layout is necessary to provide this property. The progressive
JPEG standard is a popular instantiation of a frequency-domain aware data
layout that provides a progressive image encoding.

Progressive JPEG achieves this property by arranging image data in mul-
tiple passes of increasing detail. Concretely, the data layout groups image
data roughly in frequency domain order, relying on the property that lower
frequency coefficients tend to encode coarse image details first. By trans-
mitting (when reading or sending data) or rendering coarse details first, a
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lossy preview of the image can be generated before all the image data has
been received or rendered.

Conveniently, this format can also be used to partition image data for
lower resolution versions or previews [102]. As an extreme example, using
the first (DC) component of each 8 × 8 macroblock yields a subsampled im-
age at 1/8th the original resolution. By leveraging a quality metric, we can
target resolutions in between 1/8th and the original resolution by mapping
frequency coefficient groupings (called scans in JPEG) to target resolutions.
Figure 22 shows an example of how image detail increases as more scans
of a progressive JPEG image are rendered. We use this property explicitly
to selectively load a fraction of the total image data when executing neural
network inference at different image resolutions: lower resolutions require
fewer progressive JPEG scans and fewer bytes of image data.

s p ec ia l i z ing oper ato r i mpl ementat ions From a computation per-
spective, potential savings from reduced floating-point operations (FLOPs)
materialize only when high compute utilization can be achieved across
each resolution choice. As the compute utilization of deep learning oper-
ators can be highly dependent on input shapes (e.g., resolution), operator
implementations that are specialized for the range of resolutions are neces-
sary. Here, we leverage prior work on automatic tensor program optimiza-
tion [17, 71] to generate resolution-specialized operator implementations
while minimizing programmer effort.

c rop s i z e s , r e so lu t i o n, a n d scale Efficient multiple-resolution
support can be motivated by the lack of scale invariance (more formally,
equivariance) [84] in current computer vision models. This issue stems
from the fact that while convolution operators are translation equivariant,
they are not scale equivariant [94]. Figure 23 shows an example of how dif-
ferent crop sizes can present objects at different scales to neural networks,
and the corresponding change to inference resolution required to compen-
sate for scale differences. The lack of scale equivariance results in models
being sensitive to the distribution of object scales, and even with the typ-
ical remedy of data augmentation (e.g., in the form of random cropping),
model performance can be improved by fine-tuning on a known scale distri-
bution [94]. We characterize the impact of the issue of popular neural net-
work architectures’ lack of scale invariance by evaluating model accuracy
at several crop sizes—we will see that the favored resolutions for model in-
ference heavily depends on the image crop size due to this phenomenon.
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Figure 23: Neural networks are sensitive to the apparent scale of objects. This ap-
parent scale is determined by the image crop and the resolution used to
evaluate the model. We show three different crops of the same image
and the required change to the inference resolution required to match
the object scales across the images.
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Figure 24: Example of a dynamic resolution system: images are stored with a pro-
gressive encoding that arranges each image as a sequence of scans. Low
resolution images are first sent to a small scale model that predicts the
best resolution for inference. If necessary, additional image data is read
to to to generate the appropriate resolution for inference.

choos ing image re solut ion from ob j ec t scale

We describe a simple way to leverage a multi-resolution enabled inference
pipeline dynamically for object scales, by using two neural network models
in sequence (Figure 24) such that resolution is chosen automatically. We
refer to the first model as the scale model, as it roughly attempts to predict
the appropriate scale for neural network inference. We refer to the second
model as the backbone model; the backbone model performs the specified
computer vision task at the chosen scale (resolution). While this example
two model pipeline introduces an additional control flow decision of which
resolution to execute, this decision is at a coarse granularity (an entire im-
age inference), we believe that control flow at a per-example granularity
acceptable for inference workloads–especially those that typically run at
batch size 1 (e.g., on CPUs).

s cal e model The scale is trained with a multilabel classification ob-
jective: it aims to predict whether a trained backbone model will be ac-
curate at a given resolution for a given image. At inference time, we se-
lect the resolution chosen by the scale model using the resolution with the
highest predicted likelihood of making a correct prediction. We find that
as determining object scales does not require fine image details, the scale
model can be lower in resolution (e.g., 112 × 112) relative to the backbone
model without significantly sacrificing accuracy. This reduction in resolu-
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Model Resolution GFLOPs Accuracy
ResNet-18 112 × 112 0.5 47.8
ResNet-18 168 × 168 1.1 62.8
ResNet-18 224 × 224 1.8 69.5
ResNet-18 280 × 280 2.9 70.7
ResNet-18 336 × 336 4.2 70.1
ResNet-18 392 × 392 5.8 69.4
ResNet-18 448 × 448 7.3 68.9

Table 6: Example of compute complexity scaling with input resolution (in billions
of floating-point operations). Here, the accuracy values are obtained by
performing inference on a model trained at 224 × 224 resolution, indicat-
ing the train-test resolution discrepancy [94] where higher resolutions do
not improve accuracy due to a scale mismatch.

tion, combined with a choice of efficient model architecture minimizes the
additional computational cost of the backbone model.

backbone model The backbone model for each dataset split (see Fig-
ure 25) is trained as a standard classification model without additional
modification. Note that we do not train separate backbones for each res-
olution, instead relying on the input-shape agnostic operators of modern
model architectures such as ResNet to reduce training costs. Running the
model at a different resolution than it was trained with does not degrade
accuracy, provided the object scales are matched. However, the inference
cost (in terms of FLOPs) increases nearly quadratically with the backbone
model, as the computational complexity of convolution layers depends on
the area of the input feature map. True wall-clock scaling is slightly bet-
ter, as higher compute complexity tends to also increase the utilization of
hardware execution.

s cal e model tra in ing The multilabel classification objective intro-
duces the problem of another data split, as training a scale model required
an already trained backbone model. To leverage all available data when
training the scale model, we train the scale model using a cross-validation
style approach (Figure 25). Several backbone models are trained on disjoint
parts of the training set, and the scale model is trained by alternating back-
bone models and the corresponding training sets. For our evaluation, we
train four different backbone models on 3/4ths of the ImageNet and Cars
datasets, and train the scale model using the corresponding 1/4th split for
each backbone. When measuring end-to-end accuracy, we use a backbone
trained on the full training set.
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Backbone 3

backbone training data
scale training data

Data Shard 1 Data Shard 2 Data Shard 3

Figure 25: Training a two model pipeline via a cross-validation style approach.

choos ing how much data to read for each re solut ion

Given a quality metric, such as SSIM, we can use the quality metric to com-
pare model accuracy against the amount of data read to establish curves
(Figure 26, Figure 27) for model accuracy and image quality for each res-
olution. These curves can form the basis for a storage policy that chooses
the amount of data to read for a given resolution requested by a computer
vision model. For our purposes, we use structural similarity, as it is more
convenient to design a calibration algorithm that searches in the range [0.0,
1.0] than with PSNR where the value for “perfect” image quality goes to
infinity. Note that as the amount of data required for accurate inference
is a data-dependent task, we pose this as a calibration task, where a small
amount of training data is reserved to tune quality thresholds determining
when the amount of image data read is sufficient.

data s e t s For storage calibration, we use two datasets chosen for their
differences in resolution distribution and type of classification. The first is
the popular ImageNet dataset [75] comprising 1 million images of 1,000
object classes. The second is the Stanford Cars dataset [55] comprising
16,185 images of 196 fine-grained object classes. While the Cars dataset
contains fewer images (with less than 1/100th the training set size of Im-
ageNet), some are of considerably higher resolution than the ImageNet
dataset, which yields potential differences when calibrating storage for in-
ference at a given resolution. The average dimensions of training images
in the Cars dataset are 699 × 482 pixels while the average dimensions of
images in the ImageNet dataset are 472 × 405 pixels.

cal i b rat ion procedur e To search for the minimal quality (SSIM thresh-
old) that satisfies the accuracy target, we run binary search of over the SSIM
interval [0.94, 1.0], and terminate the search after the step size falls below
0.0001, with the constraint that no more than 0.05% accuracy is lost for
each of the resolutions. We use three different train/validation splits of
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Cars and ImageNet (shown as the different seeds in Figure 26 and Fig-
ure 27) generated on the training set of the respective dataset. We limit
the number of images used for calibration to 10,000 (to reduce the amount
of computation required). We use the median SSIM threshold found by
this search for each resolution in our storage evaluation.

Figure 26 and Figure 27 show accuracy vs. the relative amount of data
read (normalized to 1.0), averaged over a collection of images in the train-
ing set of ImageNet and Cars respectively. Lower resolutions require less
image data for the same SSIM value, but accuracy degrades more rapidly
with respect to the amount of image data read. Interestingly, while there is
a general trend of accuracy increasing with the amount of image data read,
the points at which the maximum accuracy is reached is not necessarily
when all the image data is read.

We find substantial differences in the relationship between image qual-
ity and model accuracy for ImageNet vs. Cars. These differences can be
attributed to the respective distributions of image resolution the datasets,
but another potential explanation is the difference in types of image fea-
tures most important for different datasets. Most immediately, the curves
of accuracy vs. image read size appear to be shifted left for Cars vs. Im-
ageNet: accuracy is better preserved even when images are loaded at low
fidelity for Cars. If ImageNet favors fine-grained texture details while Cars
favors abstract shapes, this can explain the different image quality require-
ments.

One trend common to both datasets is that higher image resolutions of-
ten required lower image quality (when compared to the ground truth re-
sized image) to maintain model accuracy. This trend is surprising as intu-
itively, one might expect a benefit of higher input resolution to be the in-
clusion of details lost after resizing to lower resolutions. In fact, this trend
is pronounced enough that maintaining accuracy at higher inference reso-
lutions may require less image data to be read than for inference at lower
resolutions. For Cars, minimal accuracy losses were observed at higher res-
olutions even when just over half the image data was read. On ImageNet,
this effect was less pronounced, with over 80-90% of image data required
to minimize accuracy loss at higher resolutions.

max im i z ing hardware ut i l i z at i o n for each re solut ion

Our goal with respect to compute kernels is to find the optimal implementa-
tion for every resolution, ideally preserving hardware utilization across all
resolutions. Common computationally intensive operators for computer
vision models such as 2D convolution typically require highly specialized
implementations on modern hardware such as GPGPUs or even CPUs with
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Figure 26: Storage calibration: relative top1 accuracy change of ResNet-50 and
ResNet-18 on ImageNet at different resolutions with varying amounts
of image data read vs. reading all image data at each resolution.
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Figure 27: Storage calibration: relative top1 accuracy change of ResNet-18 and
ResNet-50 on Stanford Cars at different resolutions with varying
amounts of image data read.
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wide vector instruction sets. As these specialized implementations depend
on hardware implementation details such as the organization and size of
the compute units (e.g., CUDA cores) and memory hierarchy (e.g., Shared/Scratch-
pad memory, caches, and global DRAM), they are also highly dependent
on input sizes and data layouts. These dependencies mean that implemen-
tations are also highly sensitive input shapes for each operator, which are
dependent on the input resolution to a neural network model. While it is
possible to manually craft implementations for each neural model and res-
olution, the combination of the two pose a tedious engineering challenge.
Here, we leverage prior work on automatic compiler optimizations [17] for
shape-specific deep learning kernels to generate a specialized implemen-
tation for each resolution. With the use of autotuning, we characterize
the throughput gap (Figure 28) between high and low resolution inference
stemming from decreasing hardware utilization, especially among library
implementations that may be overfitted to specific resolutions.

Operator tuning searches a wide space of possible parameter choices for
the highest performing combination. Figure 13 shows an abstract example
of the choices for a deep learning operator. These parameter choices in-
clude loop tiling factors, data layouts, and loop orderings among others.
This search can be viewed as a black-box optimization problem (in fact, the
underlying code generator and hardware comprise multiple black boxes),
and is performed by directly measuring running times of each implemen-
tation on hardware. We note that this process can be expensive (on the
order of hours per-neural network resolution and model), but this cost can
be amortized quickly with many neural network inferences. As we target
inference pipelines, we focus on optimizations for commodity x86 CPUs,
although the approach is general across all hardware devices such as GPG-
PUS1.

e valuat ion

We cover several aspects of efficiency in our evaluation, starting with opti-
mizing utilization and wallclock time latency through operator autotuning
for each resolution in subsection 6.6.1. Next, we move to the relationship
between inference resolution, image crop sizes, and computational cost in
subsection 6.6.2. Finally, we cover the impact of storage calibration for re-
ducing the amount of read data necessary for each inference resolution in
subsection 6.6.3.

1 A highly related problem on GPGPUs is the issue of sustaining hardware utilization at
batch size 1, where the may not be enough computation to ”fill the machine” per inference
example.
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Figure 28: Throughput of ResNet-18 and ResNet-50 at different resolutions (plot-
ted according to GFLOPs/s) using the Intel MKLDNN Library com-
pared with a tuned implementation for each resolution measured on
Intel 4790K and AMD 2990WX processors. Tuning better sustains
throughput at lower resolutions.

Closing the Throughput Gap for Each Resolution

Figure 28 compares the inference time for ResNet-18 and ResNet-50 using
a library implementation (Intel MKLDNN) and using a tuned version for
each resolution. Here, we consider the typical inference scenario of batch
size one. While there is an absolute improvement in performance, we em-
phasize that the tuned implementations achieve better throughput (even
compared to tuned high resolution kernels) for lower resolutions that have
fewer operations. Here, the challenge is to keep the utilization of the hard-
ware high even when the model contains roughly 1

16 th the number of oper-
ations. We observe the same effect on both the AMD 2990WX and 4790K
(Figure 28 (a) vs. (c) and (b) vs. (d)). Ideally, the bar plot of throughput
would be flat across all the resolutions, indicating perfect scaling and iden-
tical hardware utilization across each of the resolutions.

We find that the scaling differences between specialized and library im-
plementations are large, especially when comparing the two extremes in
image resolution. Concretely, this translates into a speedup of only 3.9×
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and 4.9× when comparing inference at 448 × 448 to 112 × 112 on 4790K
for ResNet-18 and ResNet-50 respectively. Note that ideal scaling with
GFLOPs in each case is 15.0× for ResNet-18 and 15.2× for ResNet-50. With
tuning, more of the ideal scaling in each case is recovered as 9.4× and 11.4×
speedups are achieved when switching from 448 × 448 to 112 × 112 reso-
lution. This pattern is more pronounced on AMD 2990WX (which likely
has less targeted optimizations in MKLDNN), where the untuned scaling
from 448 × 448 to 112 × 112 is 2.9× and 2.7× vs. 7.7× and 6.7× for the tuned
approach on ResNet-18 and ResNet-50 respectively. Even when compar-
ing higher resolutions, the impact of imperfect scaling is measurable: 3.2×
speedup is achieved when switching from ResNet-18 @ 448×448 to 224×224
using tuned kernels and only 1.9× using MKLDNN on 2990WX. The re-
sults are similar on 4790K: (MKLDNN 2.5× vs. 3.9× tuned on 4790K). For
lower resolution inference, we find the ideal operating point to be 168×168
due to the lower compute complexity while most of the throughput of
higher resolutions is also attainable with tuning (68-70% on 2990WX, and
85-95% on 4790K).

Accuracy vs. FLOPs

To highlight the flexibility of a dynamic approach to resolution compared
to static approaches that perform inference at a fixed resolution, we com-
pare the accuracy of a dynamic resolution switching approach at several
different center crop ratios (25%, 39%, 56%, and 75%)2. Note that the best
static choice of resolution changes for different crop sizes, as predicted by
the “train-test resolution discrepancy [94].” While the choice of crop ratio
is an evaluation hyperparameter, in practice it is unknown if a model is to
be deployed on data from an unknown distribution of object sizes.

The dynamic resolution two model pipeline does not incur a significant
overhead in compute complexity, as we use a lightweight, low-resolution
architecture for the scale model (MobileNet v2) [77]. We found in early
experiments that predicting scale does not require fine-grained image de-
tails, and model accuracy did not vary significantly with the capacity of
the model architecture (e.g., MobileNet vs. deep ResNets). In this case,
the MobileNetv2 architecture used for the scale model corresponds to 0.08
GFLOPs at 112×112 compared to the 1.8GFLOPs of ResNet-18 and 4.1GFLOPs
of ResNet-50 at 224 × 224, an almost negligible amount of overhead.

Figure 30 and Figure 29 shows the accuracy achieved by static and dy-
namic resolution approaches across a range of crop sizes on ImageNet. On

2 “75%” corresponds to the common practice of selecting a center crop (e.g., of 224 pixels
from a 256 × 256 image, or 448 pixels from a 512 × 512 image), though the true area is
closer to 77%.
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the ImageNet dataset, the best static resolution for the 56%, 75%, and 100%
center crops was 280 × 280, as expected due to the use of random cropping
during training favors slightly larger object scales. However, using the full
crop (including more of the image area) decreases model accuracy as object
scales are biased towards smaller images. The two-model dynamic resolu-
tion pipeline attains most of the accuracy of the best static resolution for
each approach at a lower FLOP cost, and is pareto-optimal and near the
apex of accuracy for most resolution configurations. We note that the best
static resolution at at 25% crop drops, as expected, to 224 × 224, and the
scale model adjusts accordingly.

As expected, model accuracy is best for higher resolution inference when
a larger crop size is used for evaluation and vice versa for lower resolution
inference. We point out the dramatic accuracy improvement achieved at
the lowest resolution of ResNet-50 on Stanford Cars when switching from
a default 75% center crop to a 25% crop; Top-1 accuracy improves from
roughly 50% to above 70% for the smaller center crop.

Interestingly, while the general trends in the Accuracy vs. FLOPs curves
for ImageNet and Stanford Cars are similar when comparing different crop
sizes, there are several distinct differences in their shapes. We note that
the accuracy drop with small crops for higher resolutions is much more
dramatic in Cars than on ImageNet. At a 25% center crop, the accuracy
at 448 × 448 is lower than at 112 × 112 for Cars, but it remains higher for
ImageNet. Additionally, the accuracy gain at higher resolutions with larger
center crops is much more modest in ImageNet (less than 1%) than in Cars
(up to 5%).

Accuracy vs. Storage Bandwidth

We compare model accuracy and the amount of data read at several differ-
ent crop sizes in Table 7 and Table 8. Here, the baseline approach reads
the entirety of image data for every resolution. Again, the best accuracy
achieved by each approach depends on the crop size. We find that the
read savings on the validation set are highly data dependent, as was the
case at calibration time (using training data). Few inference resolutions on
ImageNet reach above 20% data savings, whereas many resolution/model
configurations reach 40% savings with minimal (< 0.1%) accuracy loss.

Due to the quality threshold values being calibrated using the backbone
model, the potential read bandwidth savings of the dynamic resolution
approach are bounded by the amount of data used at 112 × 112 resolution
(the resolution of the scale model). It may be possible to reduce this limit by
separately calibrating image quality for the scale model, as the scale model
likely requires less image detail to discern object scales.
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We observe the most accuracy losses when the amount of data read is
limited at smaller crop sizes. This trend can be attributed to our use of
only 75% center crops for calibration, and can likely be mitigated by cali-
brating quality thresholds for other crop scenarios, at the expense of addi-
tional compute cost. Overall, however, we find that calibration generalizes
well from the training set to the validation set, especially considering the
simple image statistics computed by SSIM. These results indicate that the
savings depends on the classification task (the relevance of fine details for
accuracy), as well as the distribution of resolution among the input reso-
lutions. We note that both the Cars and ImageNet dataset contain images
only modestly higher resolution than 448 × 448 on average.

d i s cu s s ion

In scenarios where the distribution of object scales at test time is well known,
using a static model and the appropriate center crop size is likely to yield a
good trade between accuracy and computational cost. We see the dynamic
resolution approach as being potentially most useful when some kind of
load balancing or latency adjustment is desirable. In such a scenario, one
can adjust the crop size for evaluation to reduce the average computational
cost of the model pipeline, as the scale model will automatically compen-
sate for the change in object scale. The scale model also has the advantage
of improving the robustness of the pipeline to the distribution of object
scales. However, the relationship between model accuracy, crop size, and
input resolution is data and task-dependent. At low resolutions, the ef-
fect of mismatched object scales (not balancing crop size with resolution)
is much more pronounced in Cars.

From the perspective of read bandwidth from storage, we find substan-
tial potential read bandwidth savings for both the Cars and ImageNet datasets.
Achieving the best savings/accuracy loss ratio will require tailoring stor-
age calibration for each model/dataset scenario, but in our experience a
small number of images (≈30,000) is sufficient for calibration.

qual i t y metr i c s We note that the use of structural similarity is a crude
choice for image quality, especially for neural networks that favor qual-
ity metrics more in line with human perception [109]. Perhaps due to the
choice of quality metric, a complicating issue occurs when higher resolu-
tions potentially require lower image quality or less image data than lower
resolutions, further complicating the tradeoffs that can be made between
accuracy, compute costs, and storage costs. More sophisticated quality
metrics that map better to neural network perceptual quality, as well as
ones that are reference free [96] can potentially further improve bandwidth
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savings. We have also made the implicit assumption that no image data is
discarded from storage. However, if an inference system is chosen such
that the storage-accuracy and flops-accuracy tradeoff is to be made ahead
of time, further savings can be obtained by (1) cropping images ahead of
time, and (2) resizing them ahead of time losslessly. Due to these factors,
we consider the bandwidth savings a lower-bound on potential savings in
the absence of further more domain information.

alt ernat i v e lo s s funct ions for th e sca le model We note that
the current dynamic resolution model chooses resolutions solely based on
their predicted accuracy given an input image. It is possible to also incorpo-
rate inference costs (e.g., latency) for each resolution for further finetuning.
Still, using a two-model approach remains pareto-optimal in terms of ac-
curacy vs. FLOPs while improving model accuracy over the default static
resolution in most scenarios.
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Figure 29: Accuracy vs. FLOPs comparison with static and dynamic resolution
approaches using ResNet-18 (a-d)and 50 (e-h) on ImageNet. Crop
sizes increase from left to right from 25% on the left to 100% on the
right. Smaller crops favor lower resolutions more, while larger crops
favor higher resolutions due to the models’ dependence on object scale.
The dynamic resolution approach operates at nearly the apex of every
pareto curve, without hardcoding resolution.86
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Figure 30: Accuracy vs. FLOPs comparison with static and dynamic resolution
approaches using ResNet-18 (a-d) and 50 (e-h) on Stanford Cars. Crop
sizes increase from left to right from 25% on the left to 100% on the
right. Smaller crops favor lower resolutions more, while larger crops
favor higher resolutions due to the models’ dependence on object scale.
The dynamic resolution approach operates at nearly the apex of every
pareto curve, without hardcoding resolution. 87
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7
CO N C LU S I O N

cnns encode data augmentat i o n s Typical convolutional neural
networks encode attributes corresponding to data augmentations such as
object scale, aspect ratio, and various color transformations. However, the
signal augmentation is most prevalent in the early layers of models, with
the predictive power of activations decreasing with layer depth. This trend
suggests that neural networks normalize perturbations introduced by data
augmentations.

tun ing p i p e l in e s for dee p l ear n ing kernel s Automatic ma-
chine learning program optimization is becoming a fruitful area of research
for both machine learning algorithms and downstream optimization tasks
such as NAS and graph optimization. However, one major impediment to
researchers currently working in the field is the lack of a reusable system
stack spanning predefined search spaces to device-specific code generation
and transparent runtimes for benchmarking implementations and proto-
typing optimization pipelines. We presented SeaNet, which aims to fill this
gap by enabling machine learning researchers to plug in their custom op-
timization algorithms into challenging optimization tasks. We presented
two typical problem settings: the optimization of a collection of kernels cor-
responding to deep learning workloads, and peak-performance prediction
for previously unseen kernels. Additionally, we give a detailed descrip-
tion of a device-portable RPC system that enables users to quickly move
between different hardware devices without affecting their algorithm im-
plementation. Finally, we presented evaluations of modular implementa-
tions for the tasks on various hardware devices to highlight the flexibility
of the SeaNet environment.

qual i t y and bandw idth for m u lt i - r e solut ion image storage
Faced with growing demand for storage, image hosting services are in-
creasingly turning to dynamic image resizing to improve the efficiency of
image storage. We showed that progressive encodings can dramatically re-
duce the amount of data that needs to be read for resizing images—potentially
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saving over 80% of read bandwidth when tuned encode-time parameters
used. Finally, we give an estimate of progressive JPEG decode overheads
which suggests that while serving custom progressive images directly to
energy-constrained devices is difficult to justify, transcoding custom pro-
gressive JPEG on the server side incurs acceptable overheads.

end -to - end opt im i z at i o n fo r re solut ion Image resolution is a
fundamental hyperparameter in computer vision with ties to compute com-
plexity, operator optimizations, and storage bandwidth. The best choice of
resolution also depends on other choices such as crop sizes and their effect
on the distribution of object scales. We systematically characterized the de-
pendencies and relationships between these tradeoffs, and describe meth-
ods for maximizing efficiency with respect to compute and storage cost,
encompassing both cases where resolution is a static choice and dynamic
at inference time.
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8
F U T U R E WO R K

improv ing image storage A limitation of our current storage imple-
mentation is the cost of evaluating custom scan configurations. Our naïve
implementation takes days to process 24,988 images on 8 cluster nodes
(12 cores/12 threads per node) with Westmere-class CPUs. Due to this
computational cost, for our end-to-end evaluation in Chapter 6, we used
the default scan configuration to estimate the storage bandwidth require-
ments for each approach. However, we suspect that this time can drasti-
cally reduced without sacrificing significant bandwidth savings by aggres-
sively pruning the search space or applying machine learning techniques
to choose scan configurations. While the customization process for pro-
gressive JPEG is currently expensive, it only needs to be performed once,
at write time.

The PSNR metric is limited in its relevance to perceived visual qual-
ity [98]. We often found that the PSNR of higher resolution resizes was
higher than that of lower resolution resizes even with less image data read—
this issue may be mitigated with conservative PSNR thresholds. To the best
of our knowledge, there is no standard, widely used method of computing
the image quality of a resized image derived from a source image.

Finally, an issue when using progressive JPEG for dynamic resizing is
the minimum resolution of the resized images. Progressive JPEG is less effi-
cient in terms of read bandwidth for resizes smaller than 10% of the source
image, which may limit savings when the source images are much higher
in resolution than their resized versions. This threshold is due to JPEG’s
use of 8 × 8 macroblocks: even a single frequency coefficient represents at
least 1

64 of the total image data. Even when approximations are used, this
approach may require more read bandwidth than pre-resized images. Still,
using progressive JPEG should be more space-efficient than baseline JPEG
for dynamic resizing.

We expect that a solution to reduce the cost of enumerating custom JPEG
scan configurations will be to prune the search space to a much smaller sub-
set of likely “good” configurations. It may be possible to obtain comparable
results by only trying a few custom scan configurations per image—with
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this subset being determined by identifying the best configurations when
naïvely re-encoding a larger dataset of images. Along these lines, even
choosing from a larger pool of configurations may be tractable if a machine
learning model is applied to each image to choose the best configuration.

data augmentat ions for pr e tra in ing Data augmentations are an
interesting topic of study in unsupervised or semi-supervised learning set-
tings. From one perspective, a reasonable objective is to use augmenta-
tions to enforce consistency between perturbed input examples originating
from the same source. From another, augmentations that distort images
can be potentially useful in creating pre-training tasks (e.g., correctly or-
dering shuffled image patches, reorienting a rotated image). However, not
all augmentations appear to be useful as components of pre-training tasks,
as it may be desirable for the downstream fine-tuned model to normalize
away such augmentations. In these situations, it may be useful to enforce
that neural networks remain equivariant to augmentation attributes, just
as convolution has been classically motivated as a translation equivariant
operator.

so lv ing the scale e qu iva r iance probl em Another approach to
solving the scale invariance problem is to change the region of interest that
is used as input to a computer vision model dynamically, depending on
the positioning and scale of an object in a frame. This approach would ef-
fectively be an extension of neural network models that use a version of
the attention mechanism popular in natural language processing models.
While convolution-based architectures are currently more common in com-
puter vision, recent work [23] has shown that with sufficient computation,
attention-based architectures can also be competitive with state-of-the-art
convolution approaches.

tun ing dee p l ea rn i ng ker n el s While tremendous progress has
been made in reducing the amount of human engineering effort needed
to produce fast kernels for deep learning, much work remains to be done.
Current approaches have largely focused on a narrow range of dense linear-
algebra inspired operators, although it is unclear whether these operators
have been chosen simply because of the ease of mapping them efficiently
to hardware or because of their suitability to deep learning architectures.
Optimizing arbitrary computation, especially on an end-to-end computa-
tion graph remains challenging, as even the subproblem of choosing how
to slice the graph is nontrivial.

Perhaps the clearest example of ”slicing” the graph is the current di-
chotomy between ”graph optimization” and ”kernel optimization.” Cur-
rent approaches have demonstrated clear benefits by partitioning different
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kernels in deep learning computation graphs. However, these approaches
still consider deep learning kernels as indivisible black boxes to tame the
search space of possible and valid rewrites. The development of future
primitives is likely hamstrung by these limitations, as even arbitrary “numpy”
style scripting remains difficult for optimization.

Finally, the need for any human insight into the structure of kernel im-
plementations appears unsatisfying in the presence of “tabula rasa” [82]
approaches for reinforcement learning. Even in the absence of template
driven approaches, current state-of-the-art tuning methods require a con-
siderable amount of human insight to design the search space [110] or promis-
ing transformations available to the optimizer. Ideally, to minimize pro-
grammer effort and maximize generalization, a “tabula rasa” approach
would allow for competitive optimizations without specifying a constrained
search space or narrow set of available transformations tailored to specific
architectures ahead of time.

at t ent ion mechan i sms in v i s i o n One interesting application of at-
tention mechanisms may be to improve model efficiency by focusing on
a few relevant patches in an input image. This approach may also sup-
port the model in normalizing scale differences in input images, e.g., by
choosing just enough patches roughly normalize object scales. However,
a challenge of using high-level information (e.g., saliency or relevance) to
guide control flow in models is that a large amount of computation may be
required to develop the high-level features, so that by the time the decision
to select relevant patches can be made, little additional computation can be
saved.
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