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Abstract— Neural networks share some problems with
“normal” programs: they need to be executed and used on an
always growing number of different architectures. Therefore,
we need a way to execute our networks on all those devices
efficiently without recreating and retraining our network.
Ordinary programs have solved this problem by introducing
compilers for each specific architecture to create the machine
code for each device from the same codebase, and neural
networks can follow the same approach. There is a certain
number of different frameworks for optimizing and compiling a
trained network with different architectures in the inference
phase. In this paper we will compare “DeepMon”, a framework
specialized in mobile GPUs, “Tensor Comprehension” and
“Glow”, two popular frameworks for general usage. Based on
our evaluations, DeepMon achieves a speedup of up to 5x over
basic GPU frameworks on mobile devices, while TC and Glow
outperform traditional frameworks like TensorFlow and Caffe2
on server-grade GPUs. Glow achieves inference speeds that are
up to 2.7 times faster than those of TensorFlow, and Tensor
Comprehension matches or exceeds the performance of
CUBLAS in the majority of categories.

Keywords— neural networks, compilation, inference phase,
optimization frameworks

1. INTRODUCTION

As neural networks gain more popularity today, the
demand for good performance also naturally rises. However,
Moore’s Law is slowly reaching its limit and we have to look
for alternatives like parallel computing, scheduling and
mapping, instead of just increasing the processing speed of a
processor.  Fortunately, neural networks, especially
Convolutional Neural Networks (CNN) [1], perform many
Single Instruction Multiple Data (SIMD) [2] instructions and
are therefore especially suited for parallelization and
optimization. But not everyone can write code that is fully
optimized or is willing to spend some extra time to learn high
level languages specialized in performance optimizing like
CUDA [3] or OpenMP [4]. Even if they take the time to write
that code on their preferred architecture, there is a chance that
they miss optimization chances and do not reach peak
performance in one or another way.

Another problem that arises is that not every architecture
works the same way. As a consequence, transferring the
neural network to another architecture leads to the code
having to be written anew causing more time to be lost in the
process of choosing a different mapping and scheduling
strategy for the new architecture. In particular, Machine
Learning (ML) researchers would greatly benefit from having
more time to work on the network itself instead of worrying
about its performance and architecture.

Fortunately, many frameworks for ML already address
this problem by outsourcing the data and calculation to the
GPU instead of using the CPU or utilizing extra tools like
other compilers. This paper aims to take a closer look at Glow
[5] and Tensor Comprehension (TC) [6] compilers and
explain how they are used and how they optimize the
performance of CNNs [7]. On top of that, we will also take a
look at DeepMon [8], an ML framework specialized in
optimizing CNNs performance on mobile architectures, even
though mobiles have a lot less GPU cores and more
limitations than desktop machines.

The rest of the paper is structured as follows: Section 2
outlines the related work done in this field and highlights the
gaps in the literature that our work aims to cover. Section 3
explores the three frameworks in depth. Section 4 details the
compilation flow of each framework. Section 5 specifies the
performance of the frameworks in different scenarios. The
key benefits and potential issues of the frameworks are shown
in Section 6. The comparison of TC, Glow, and DeepMon
with regards to other algorithms is presented in Section 7.
Section 8 provides a concise conclusion of this paper.

II. RELATED WORK

The increasing computational demand of Deep Neural
Networks (DNNs), especially CNNs, has led to extensive
research on compiler-based frameworks for optimizing
model execution across heterogeneous hardware platforms.
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A. Compiler-Based Optimization for Deep Learning

The limitations of traditional deep learning libraries,
which rely heavily on vendor-specific kernels such as
cuBLAS [9], [10] or cuDNN [11], have motivated the
development of compiler-based optimization frameworks.
These systems aim to automate performance tuning and
ensure portability across heterogeneous devices. One notable
effort is MLIR, which introduces a multi-level intermediate
representation designed to support modular compiler
pipelines for diverse machine learning workloads. By
offering customizable dialects, MLIR [12] provides
flexibility in representing high-level computational graphs
while enabling progressive lowering to hardware-specific
instructions, thereby bridging the gap between general-
purpose frameworks and hardware accelerators.

Similarly, Tiramisu [13] adopts a polyhedral model to
separate algorithm specification from scheduling, enabling
advanced loop transformations, parallelization, and memory
optimizations. Studies show that Tiramisu achieves
performance comparable to hand-optimized implementations
across CPUs, GPUs, and distributed platforms,
demonstrating the potential of compiler-driven scheduling to
replace manual low-level programming.

The TVM [14] stack has become another cornerstone in
this domain, particularly with the integration of AutoTVM
[15] and Ansor [16], which utilize machine-learning-guided
search to explore optimization spaces for kernel scheduling.
These approaches highlight the importance of combining
compiler theory with automated tuning, yielding competitive
performance across NVIDIA GPUs, ARM CPUs, and
specialized accelerators.

B. Lightweight Inference and Edge Deployment

Parallel to general-purpose compilers, research has
focused on deploying CNNs efficiently on edge and mobile
devices, where memory bandwidth and power consumption
are critical bottlenecks. Frameworks such as TensorFlow Lite
[17], PyTorch Mobile [18], and ONNX Runtime Mobile [19]
provide lightweight inference engines that integrate
quantization, pruning, and operator fusion to reduce model
size and computational overhead. Comparative evaluations
suggest that while these frameworks deliver reasonable trade-
offs between accuracy and efficiency, they often underutilize
hardware-specific capabilities such as mobile GPUs or NPUs
[20].

Surveys of on-device Al frameworks emphasize that
performance gains at the edge increasingly depend on
compiler awareness, where model compression techniques
must integrate with backend optimizations [21], [22]. For
instance, hybrid approaches that combine structured pruning
with compiler-guided kernel generation have been shown to
significantly reduce latency on mobile devices, suggesting a
shift toward co-optimization of models and compilers.

C. Hardware-Software Co-Design

Beyond software compilers, CNN optimization has also
been studied in the context of hardware-software co-design.
FPGA-based accelerators [23], for example, enable fine-
grained customization of convolutional pipelines, with
designs exploiting SIMD parallelism, loop tiling, and

approximate computing techniques to maximize throughput
per watt. Surveys on FPGA acceleration of CNNs report that
such platforms offer competitive energy efficiency compared
to GPUs, albeit with higher development complexity [24].
Similarly, NPUs and heterogeneous SoCs [25] are
increasingly coupled with specialized runtimes such as
OpenVINO [26] and Arm NN [27], which target efficient
inference on dedicated accelerators.

These efforts highlight the growing convergence between
compiler infrastructures and specialized hardware
accelerators. The compiler is no longer only a translation tool
but an active participant in model adaptation, memory
scheduling, and energy-aware optimization.

D. Gaps in the Literature

Despite significant advances, prior studies often evaluate
frameworks in isolation—focusing either on general-purpose
compiler infrastructures (e.g., MLIR, TVM, Tiramisu) or on
specialized inference engines for mobile and embedded
platforms (e.g., TensorFlow Lite, PyTorch Mobile, ONNX
Runtime Mobile). There is limited work that directly
compares compilers spanning both ends of this spectrum:
general-purpose optimizers designed for server-grade GPUs
and frameworks specialized for resource-constrained mobile
devices.

This gap motivates our comparative analysis of
DeepMon, Tensor Comprehensions, and Glow. By analyzing
their optimization strategies, compilation flows, and
performance trade-offs, we position these frameworks within
the broader landscape of compiler-driven deep learning
acceleration. Our study contributes by bridging general-
purpose and mobile-focused approaches, offering a
consolidated perspective on how compiler-based techniques
can advance efficient deployment of CNNs across diverse
architectures.

III. FRAMEWORK WORKFLOW

Since each of the frameworks have a different approach
for the compilation problem, all of them use a different kind
of input data. In this section we will describe which kind of
data and why they choose to use it for each of them.

A. Tensor Comprehension

First we will introduce TC. It is not really a framework
but a domain-specific language. Its goal is to help ML
researchers write code that is fast and efficient without having
to know how to write CUDA or low-level code for it. There
may be alternatives like Halide [28], another domain-specific
language, but unlike TC, the scheduling and pipelining has to
be done manually in it. All of that is automatically generated
in TC while still being general enough to use and integrate
into other ML frameworks like PyTorch [29].

1) The language: The language is used for element-
wise computation of tensors and strongly based on the
Einstein notation, a summation convention. Therefore, it is
basically just a language describing loops in which ranges of
indices are inferred from context. Let us look at a simple
example of the language:
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defmv(float (M,K)A, float(K)x)
- (O{C@ +="1AG k) = x(k)}

B

Fig. 1. Tensor Comprehension without the initialization reduction

operator

In figure 1, a function is defined that calculates the
product of a matrix A and a vector x. The output is then
written into C. All the variables that are not defined in the
arguments of the function are automatically considered index
variables, which are ‘i’ and ‘k’ in this case. Additionally, the
repetitive stores into C will be reduced over ‘k’ with the
operator +, since ‘k’ only appears on the right-hand side of
the expression. This is because TC will automatically use
reductions if the variable has a associative or commutative
operator in order to ensure no change in the computed value.

An extra operation is also utilized here. At first glance,
the initialization of C seems to be missing, but TC can reduce
an initialization with zero if we just append the ‘!” to a
reduction symbol like ‘+=’. The initialization can also be
done manually as indicated in (1), if one does not want to
initialize with zero as shown in Figure 1.

There is also an operator *where” which is used to provide
the compiler with more information on the range of some
indexes and becomes mandatory if the range cannot be
inferred from context.

def mvbase(float (M,K)A, float(K)x, float(M) B)

- (C)
{
C(i) = B(i) #initialization
C(i) += A(i, k) * x(k) #accumulation
} (1)
B. Glow

There exists two options to provide Glow with the
required data. Option 1 is a node based graph which can
currently be in ONNX [19] or the Caffe2 framework, which
is part of PyTorch. Option 2 is a C++ based interface that
constructs a graph out of code.

These graphs are strongly typed and contain a set of high-
level and target independent instructions which will be
compiled to target specific machine code and are divided
further to provide more information to the compiler. The
subdivision of this graph is modeled visually in Figure 2. At
first the input graph is divided into sub graphs called modules
(marked white). These modules contain a set of functions
(sub sub graphs, marked red) and storage nodes (marked
black), which act like global storage for the functions. Every
other node is part of a function sub-graph and represents a
high level operation (marked blue) of the neural network like
‘MaxPool’ or ‘MatrixMultiply’. A node of a function can
access each storage node of its respective module. Some
nodes can be a ‘placeholder’ node which can be replaced by
anything later. Usually they are used to model an input or
output node or will be replaced by the trained weight. Since
the specific content is unknown during compile time, they
cannot be optimized.

Besides the input graph, Glow also needs a back end for
the target machine. Unlike other frameworks there is no need

for a large set of kernels which implement many high level
functions. Instead, a collection of small functions like ‘Add’,
‘Subtract’ or ‘Max’ are needed. Later these simple operations
will be used to construct the complex ones, the details of
which are provided in Section 3.2.

Module A J

O Module

(") Function

Basic Operation

. Memory

Module C

Fig. 2. Graph model of Glows high level graph

At the end Glow produces a compiled set of sub-networks
which will be executed in parallel on manycore devices like
GPUs.

1) DeepMon: To generate the machine code for a
mobile GPU, DeepMon uses a normal model in Caffe [30],
MatConvNet [31] or YOLO /32] format. These input models
are then analyzed and a proper memory layout will be
created. Since mobile GPUs have less memory bandwidth
than server grade GPUs, the amount of read and write
operations has to be reduced a lot to minimize latencies
between the computation of different frames.

The kernel code for the GPU itself may be written in
OpenCL [33] or Vulkan [34]. Based on which has been
chosen, DeepMon needs to handle the kernel differently.
OpenCL kernels need to be compiled first, whereas Vulkan
kernels can be loaded directly.

IV. COMPILATION FLOW

To produce memory and performance wise efficient code,
there are different concepts and ideas in use. We will describe
some of those ideas in detail with TC, Glow and DeepMon as
example.

A. Tensor Comprehension

1) Compiler: The compiler for TC uses a polyhedral
just in time compiler. That means the compiler first has to
somehow lower its high-level logical layout to C99 arrays
which the polyhedral code generator expects. To do that, the
compiler has several lowering steps and options. It analyses
the ranges and access relations of the inferred tensors, emits
the declaration of the tensors and the reorder expressions and
utilizes mirroring, clipping, forward substitution of
convolution expressions and padding with zeros. All these
lowering steps ensure no out-of-bounds access and that the
data matches to the C99 arrays in row-major arrays without
having to rely on specific data layouts.

But the compiler does not directly lower TC to an
Polyhedral Immediate Representation (IR). The compiler
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lowers TC to Halide-IR first. After that the Halide-IR is then
finally lowered into the polyhedral-IR which then optimizes,
generates the CUDA code and then executes it.

The reason for using Halide is that it already has all the
features one may need for writing high-performance code.
However, that does not mean TC is unnecessary, because the
pipelines Halide provides can be potentially used for every
domain while TC is specialized for tensors. Additionally, in
Halide, all the mapping and scheduling has to be done
manually as mentioned in Section 3.1. Therefore, TC uses
tools from Halide whenever it can.

2) Schedule Trees: TC uses schedule trees [35] for
scheduling and mapping. The benefit of the schedule trees is
that it can relay properties or target-specific information from
its high-level to the downstream optimizer.

Schedule trees introduce several nodes that define the
scheduling and mapping of a TC. The nodes include; a band
node that describes a partial execution order of one or
multiple functions in an iteration domain, a filter node that
constrains its subtree to a subset of the iteration domain, and
a context node which provides extra information for variables
or parameters that are constant in a subtree, such as GPU grid
and block sizes. There are more node types but these are the
most important ones.

The schedule trees are built by defining an outer sequence
node. After the sequence node, a filter node is added for each
statement in the TC. Then for each loop iterator in the
statement a band node is added. After that, the schedule tree
is optimized and transformed in four steps for locality and
parallelism by fusing, tiling and sinking loops.

3) Scheduling: The first step to optimize the schedule
tree is handled by the isl scheduler [36]. It builds a data
dependence graph in which nodes represent the statements
and edges represent the dependencies. Then the isl scheduler
iteratively builds clusters between strongly connected nodes
in the data dependence graph for fusing the loops in the
schedule tree. TC also extends the isl scheduler to influence
the clustering by giving the autotuner different scheduling
strategies (see Section 4.1.5).

The second step for optimizing the schedule tree is by
tiling imperfectly nested loops and transforming the schedule
tree. Here each band is tiled separately and after the tiling is
done, the parallel loops are then sunk in the tree. This
completes the imperfectly nested loop tiling.

4) Mapping: As mentioned in Section 4.1.2 the
schedule tree is also used for mapping. That means the
schedule tree can also represent how something is mapped to
an accelerator, in this case a GPU with multiple blocks and
threads. This is the next step for the optimization. While TCs
has its own algorithm for the mapping, it is derived from
Polyhedral Parallel Code Generator (PPCG) [37]. In PPCG,
the grid and block sizes are independently specified from the
tile size.

While the outermost band is mapped to the GPU block,
TC requires the schedule tree to have at least one outermost
band with outer parallel dimensions. The innermost band is
mapped to GPU threads, but the number of mapped
dimensions there has to be the same on all branches. Single

bands are mapped to blocks to create a single kernel in the
end, since ML frameworks only accept it that way. Multiple
bands on the other hand can be mapped to threads.

To reflect the mapping, special names are then inserted on
the schedule tree. This is done by using a context node to

Compilation jobs Profiling jobs

Search Strategy

Fig. 3. The autotuning procedure of TC [6]

deliver the additional information for the GPU grid or block
size. These context nodes are then associated to band
dimensions in filter nodes.

5) Memory Promotion: The last step performed is
memory promotion. It is based on array tiles and used to
promote parts of tensors into the shared or private memory of
a GPU. For that purpose, TC also uses the schedule tree to
attach memory-related information. To implement this step,
TC extends PPCG’s support for memory promotion.

There are requirements for directly accessed arrays to be
promoted to shared memory. The first requirement is that the
tile exists and is of a fixed size, and that some elements are
accessed multiple times but at least one of these accesses do
not use memory coalescing. The last requirement does not
apply to indirectly accessed arrays, because they also have
long memory dependencies. In the end, since the shared
memory is fixed, the promotion is decided by applying a
simple greedy heuristic. It is refused when the needed shared
memory is larger than the available memory.

6) Optimization by autotuning: TC also uses its own
autotune framework, which utilizes a compilation cache. In
this compilation cache, the generated CUDA code is saved
with the key being the TC it was derived from, the input
shapes and the target architecture it was built for.
Additionally, the performance data is also saved for all
versions in the cache.

The autotune works by selecting the same starting setups
of similar TCs from the compilation cache and using that as
a base to search for the best configuration setup. If none are
found meaning a cache miss, TC will begin with its normal
compilation flow mentioned a few sections before. The
algorithm applied for the setup generation is the genetic
algorithm. Because the autotune has to evaluate 100s to 1000s
versions for each kernel, this process is also parallelized. The
many selected configurations are queued in a compilation job
queue and then compiled by multiple CPUs. After that, each
result is queued in a profiling job queue and gets evaluated
on an available GPU. These results update the database used
to generate the next configuration with the genetic algorithm.
This whole process can be seen in Figure 3.

It is also possible to modify this autotuning process to a
certain degree by changing some of the parameters like
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number of threads, the mutation rate of the genetic algorithm
or the number of generations.

B. Glow

1) High level IR: As mentioned in Section 3.2, Glow
uses a strongly typed node based graph as input and converts
it into the final machine code. To perform this task the input
graph is transformed into several levels of IRs at which
different level of optimizations are applied. The input graph
is in the form of a high level IR and contains only device
independent instructions. During the first stages Glow uses
the graph structure to detect possibilities for optimizations
like copy propagation, removing redundant or unused
constants, redundant operations and more.

Glow also performs node lowering, transforming
complex functions into a set of more simple linear algebra
operations. This creates the potential for further
optimizations, but it also is the reason for the flexibility of
Glow. Since the back end does not need to implement a large
set of complex and individual functions, it is relatively easy
to support Glow for specific hardware. In addition to that, the
back end still has the opportunity to implement specialized
functions for a sequence of these low-level operations. The
scheduler may also benefit from this by creating a more
efficient and parallelizable schedule. Node lowering can only
be applied after the differentiation phase of the network
because the semantics of the graph will be changed after the
nodes have been lowered.

2) Low level IR: After all high-level optimizations are
finished the graph is transformed into a strongly typed low-
level IR, which is described in Low Level Virtual Machine
(LLVM) code [38].

All operations are now replaced by a sequence of
instructions. Some low level LLVM code can be found in
Figure 4. With the additional information about the actual
instructions, Glow can now ap- ply memory specific
optimizations to improve, for example, the amount of
memory accesses or general access time. To improve these
optimizations the memory may be annotated. The compiler
interprets buffers with an ‘@in’ annotation as an input buffer,
therefore data is only read from it. The ‘@out’ annotation
marks an output buffer; data may only write to it. A buffer
annotated with ‘@inout’ is a combination of both. These are
only some of the available annotations.

Glow also has to deal with one disadvantage of node
lowering. If a complex function iterates over a buffer, it only
needs to access each element once. But since we transformed
this one operator into many, each of them accesses each
element, resulting in an increase of memory accesses. To
prevent this, Glow performs operator stacking. It detects
these kinds of operations and stacks the instructions on top of
each other. With that, the back end still only needs to
implement the simple operations and this stack of operators
only needs to iterate once over the buffer. The alternative
would be to fuse the operations back together, but that would
result in a new function for each combination of operations
which needs to be implemented by the back end. That would
be the opposite of the concept behind Glow and is impractical
in general.

Quantization is another step supported by Glow, during
which the floating point-based arithmetic is replaced by an
integer based one. To check whether it is even possible and

declare {
%input = weight float<8 x 28 x 28 x 1>,
broadcast, 0.0
%#filter = weight float<16 x 5 x 5 x 1>,
xavier, 25.0
%filter0 = weight float<16>, broadcast,
0.100
%weights = weight float<10 x 144>, xavier,
144.0
%bias = weight float<10>, broadcast, 0.100
%selected = weight index<8 x 1>

%result = weight float<8 x 10>

}

program {
%allo = alloc float<8 x 28 x 28 x 16>
%conv = convolution [5 1 2 16] @Qout %allo,
@in %input, @in %filter3, @in %biasO
%allo0 = alloc float<8 x 28 x 28 x 16>
%relu = max0 Qout %allo0O, @in %allo
%allol = alloc index<8 x 9 x 9 x 16 x 2>
%allo2 = alloc float<8 x 9 x 9 x 16>
%pool = pool max [3 3 0] @out %allo2, @in
%allo0, @inout %allol

%deal6

= dealloc @out %allo6

%deal7 = dealloc Qout %allo7

%deal8 = dealloc Q@out %allo8

%deal9 = dealloc Qout %allo9
}

which size of the integers is even needed, the compiler adds
some profiling nodes to potential variables, tensors and more
to monitor their minimal and maximal value during inference
based on findings [39]. After that, the floating point-

Fig. 4. LLVM code of Glows low level IR [5]

operations are replaced by integer-based ones if possible.
Glow may even generate an integer-based sub graph in a
floating point-based function, depending on profiling results.
But to minimize performance loss, the amount of conversion
is kept as low as possible.

The back end may implement additional levels of IR or
additional compile passes and after that the actual machine
code is generated with the help of a small target independent
standard library.

C. DeepMon

A DeepMon model is processed in two main phases. In
the Model Conversion phase, a model is converted to fit the
restrains of a mobile GPU and a proper memory layout is
created. Furthermore, the memory for input and output data
will be allocated. During the inference [40] phase the actual
stream of images is processed. A frame dispatcher will select
important frames and uses them as input for the neural
network.

1) Convolutional layer caching: An important feature
of DeepMon is its ability to cache the result of a processed
image. Images of, for example, a video do not change a lot in
a small amount of time. While background objects do not
move at all, only the objects in the foreground change during
that time. DeepMon uses this characteristic to save the limited
computational power of a mobile GPU. But it would not
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suffice to use the total result of the last image. If we would
do that a cache hit would be stale (the objects in the
foreground tend to move too much) or the strong restrictions
for a hit would result in a large amount of cache misses. But
we could still use immediate results of certain layers if their
input data has not changed. To find those layers, the image is
divided into a grid. Now each block of the grid can be
compared with its counterpart of the last image. If both blocks
are similar enough we could just reuse the results for this
block. An example is shown in Figure 5. It contains two
consecutive images and shows the cached blocks in the third
one. To save memory, DeepMon only saves the state of the
first N layers since later layers tend to contain functions that
are easy to calculate which would result in a large cache
overhead [41].

The real problem now is how to determine whether two
blocks are similar enough in a reasonable amount of time.
Since ’normal’ algorithms are too slow, DeepMon uses a
modified algorithm to calculate the histogram of the colour
distribution for each block and decides based on that. To do
that in an efficient way the number of bins needs to be well
chosen. A large number of bins results in a high cache
accuracy but a low hit rate and the other way around.
DeepMon usually uses 16 bins. We also need to determine a
good value for the distance threshold, so that if the distance
between two histograms is lower than the threshold it is a
cache hit.

One edge case are filters with a size larger than 1.
Assuming a 3x3 filter, if the filter is applied to a pixel at an
edge it uses potentially uncached data from a neighboring
block. Therefore, the pixels at the edge are recalculated based
on the applied filter size. But if the neighbor block is a cache
hit, DeepMon actually skips this recalculation for the pixels
between these two cached blocks, since the data can now be
reused.

2) Convolutional layer decomposing: Another more
common optimizations are the decomposition of
convolutional layers [41]. During that, the calculation of one
layer is split into multiple lightweight layers. This allows
additional optimizations and, in case of mobile GPUs,
supports the caching mechanism. A tensor is mostly
represented as [NxCxDxD], where N and C are the size of the
input / output elements and D is the size of a filter. By using
the Tucker-2 algorithm this can be split into the 3 tensors
[C’xCx1x1], [N’xC’xDxD] and [NxN’x1x1]. This results in
two tensors with a filter size of 1, which removes the need to
handle the edge case for the edge pixels and therefore results
in more cache hits.

3) Adaptation to mobile GPUs: To fit the restrictions
of mobile GPUs, the amount of memory accesses and
memory usage needs to be optimized. The first step is to
choose a proper memory layout. A good layout would allow
the kernel to read lots of data with few memory accesses.
DeepMon usually uses a [NxDxDxC] layout where the input
looks like [HxWxC]. This allows OpenCL to read more data
with a single operation. This improves performance of most
mobile devices, but not all. Some of them already have a
sufficient memory bandwidth to support common

b 4 = 4. = 4.
optimization methods for server grade GPUs, like modelling
the inputs as one big matrix and applying matrix operations
on that.

The last problem to solve is the variety of available
mobile GPUs. Currently there exist many GPUs with
different memory architectures and features. Some of them
contain no local memory on the GPU itself, some contain a
lot of it. To use the potential available memory, DeepMon

Fig. 5. Example of DeepMons convolutional layer caching [8]

chooses dynamically which kernel to use for certain
calculations. If for example the filter of a layer fits in the local
memory, a memory using kernel will be compiled and used,
otherwise DeepMon will use a kernel which does not use
local memory. This also works for GPUs with no local
memory at all

V. PERFORMANCE

In this section we will now go over the performance of
each framework. We will address how each framework
performs in comparison to other frameworks like PyTorch or
TensorFlow, but we cannot offer an extensive comparison of
the introduced frameworks as we lack the right equipment
and each of them has a specific and different purpose which
they pursue (see Section 7). Nonetheless, we still can go over
the performance data the original paper of each framework
provided with them.

A. Tensor Comprehension

TC compares its performance with Caffe2 [42] that is now
part of PyTorch and Aten [43]. Both of these frameworks are
used with CUBLAS for computation. The three frameworks
are compared in four different categories, the first one being
for Transposed matrix multiplication. While TC is marginally
faster with small matrix sizes, this is the only category TC is
significantly slower than the other frameworks (up to 4.2
times slower than Caffe2 with CUBLAS) with large matrix
sizes. TCs paper justifies this by stating it would be the result
of CUBLAS being extremely hand tuned to operate at peak
performance and utilizing register tiling while TCs
performance is bound by shared memory bandwidth, because
TC does not use register mapping yet.

The other categories are transposed batched matrix
multiplication, grouped convolutions and productions
modules consisting of lookup tables and Multi-Layer
Perceptron. In each of these, TC performs better or matches
the other two frameworks in performance.

B. Glow

There is close to no performance data we found on Glow
except the one its paper presented. It compared Glow with
TensorFlow and TVM, another compiler like TC and Glow.
One has to note that TVM was compared without its
autotuning capabilities. While using two popular CNN
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(Resnet50 and VGG19) as the network, Glow performed 2.7
times faster than TensorFlow and 1.3 times faster than TVM.

C. DeepMon

After extensive comparisons, the authors of DeepMon
concluded that it is one of the best performing frameworks
for processing CNN locally on mobile architectures
currently. The comparisons consist of multiple tests between
the mobile frameworks basic-GPU, DeepMon and DeepX on
different categories using various deep learning Models. All
tests clearly show that DeepMon is faster than the other two
frameworks. Against basic-GPU it is up to 5 times faster and
against DeepX the state-of-the-art framework twice as fast.
But these better performance results come at the cost of an
accuracy loss of up to 6%, which is only 1% more than
DeepX.

There are more performance tests against cloud-based
approaches like remote-strong, remote-weak and edge-
strong , indicating all but remote-weak being up to 2.7 times
better with a stable connection. Another test showed that
DeepMon also is more efficient in power consumption using
5 times less power than basic-GPU but 3 times more than
remote-strong as remote-strong does not need to compute as
much on the mobile devices.

The last test was to conclude if the Vulkan
implementation would change DeepMon’s performance, but
it was equal to the implementation in OpenCL.

VI. KEY BENEFITS AND POTENTIAL ISSUES

Now that we have explained how each of the framework
works and performs, we will now list some advantages and
disadvantages each framework brings with it. The summary
of the comparison of the frameworks have been presented in
table 1.

TC’s biggest advantage is its simplicity. Thanks to its
simplicity, it is a very powerful tool to do all sorts of
computation on tensors without even having to optimize the
process for each architecture manually. While TC is simple
to use and automates the optimization, it still allows the
freedom to modify this optimization process to a certain
degree. Another advantage of TC is that it can be integrated
into many popular ML frameworks without enforcing a user
to work with TCs implementation.

The only disadvantage is that it is only useable with
Nvidia hardware since it only generates code in CUDA.

Glow on the other side is flexible and does not limit itself
just to Nvidia, which is a big advantage compared to TC. If
there is a chosen architecture that is not supported by Glow,
one could easily implement the necessary back end for Glow.
Like TC, Glow can achieve specific device optimization that
were done in the back end to later use it as a reference or just
as it is.

One disadvantage of Glow is that it may become hard to
make use of specific features some devices provide. Since
Glow lowers a lot of functions to low level instructions, it
may be difficult to reconstruct or even detect these features if
the device also has some special hardware for these functions.

If we look at DeepMon, we can also see some advantages.
One of them for instance would be its powerful memory
saving optimizations which lets the neural network perform
on a useable level without relying on remote hardware.
Another advantage would be its good caching mechanism
that saves computational power for the computation of highly
repetitive data like video streams. This also leads to the
smaller power consumption mentioned in Section 5.3.
DeepMon is also flexible like Glow, because it uses OpenCL.

A disadvantage DeepMon has is its unsuitability for
server grade GPUs. As wunique and powerful the
optimizations of DeepMon are, they are nearly obsolete in
server grade computation tasks. Mobile GPUs lack memory
and bandwidth in a way server grade GPUs do not and the
optimizations are specialized for exactly that problem.
Therefore, these optimizations are just not necessary and
would reduce the overall performance of server grade GPUs,
but of course for these server grade GPUs, using TC or Glow
would be better than DeepMon for good performance.

VII. COMPARISON WITH OTHER FRAMEWORKS

Apart from DeepMon, Tensor Comprehension, and Glow,
it is important to have a brief look at TVM, XLA, and ONNX
Runtime, among other optimization frameworks. TVM is an
additional compiler-based system that, similar to Glow and
TC, reduces models into many intermediate representations
for optimization. Nevertheless, TVM is hardware-agnostic
and incorporates autotuning, which brings it closer in scope
to Glow, in contrast to TC, which is limited to CUDA. XLA
(Accelerated Linear Algebra) [44] has characteristics similar
to Glow's node lowering, but it focuses on operation fusion
and kernel specialization. Despite this, XLA is inextricably
linked to the TensorFlow ecosystem. It integrates with
TensorFlow and Just After eXecution (JAX) [45].

Lastly, ONNX Runtime is a cross-platform inference
engine rather than a compiler. It prioritizes portability and
deployment by utilizing pre-optimized kernels, as opposed to
deep graph-level compilation techniques, such as those
employed in Glow or TC. These comparisons collectively
underline that XLA is a leader in TensorFlow integration,
ONNZX Runtime prioritizes deployment flexibility, and TVM
and Glow are direct competitors in compiler-based
optimization.

VIII. CONCLUSION

In this paper we presented and briefly compared the CNN
frameworks Tensor Comprehension, Glow and DeepMon.
We showed that DeepMon is a promising candidate to make
neural networks viable on hardware for mobile devices
without the need of any remote hardware. Even if it cannot
compete with Glow or TC on server grade devices it is the
only one of them which performs well enough on mobiles.

Tensor Comprehension on the other hand is a suitable
solution to write efficient code relatively fast since its syntax
is simple and the compiler still modifiable enough to adapt it
to the specific use case. However, TC only supports CUDA
at the moment. Therefore, it is only usable with Nvidia GPUs.

Our last candidate Glow is a valid alternative for any
GPU. Its approach is similar to LLVM and it even adopts its
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syntax at lower optimization levels. Therefore, it can be
easily adopted to new GPUs without Glow support,
especially through node lowering. But to produce code of
maximal efficiency, a lot of work has to be put into the device
specific back end.

TABLEI Comparative Summary Of Tc, Glow, And Deepmon
Frameworks In Terms Of Performance, Optimizations, And

Limitations.
Target Key Perform s
Fram- N -ance | Limitati
Hard- | Optimiz | .. .
ework . Highligh ons
ware at-ions ts
Polyllledr Matches/
a
Tensor | Nvidia compiler éﬁgﬁ: CUDA-
Compre | GPUs ’ S on.ly'
hensi-on | (CUDA) schedule Eexcept (Nvidia
trees, arge only)
autotuni | Matrix
ng multiply)
2.7x
Multi- faster
level IR, than Hard to
General | node | TensorFl| exploit
Glow GPUs/ lowering | -ow, device-
CPUs , 1.3x | specific
quantizat | faster | features
i-on than
TVM
Convolut | Up to 5% | Accurac
i-on faster y loss
caching, than (~6%),
Deep- | Mobile layer basic- not
Mon GPUs |decompo | GPU, 2x | suited
si-tion, faster for
dynamic | than server
kernels | DeepX | GPUs
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