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Abstract

This master’s thesis presents PAMA, the Power- And Memory-Aware deep learning com-
piler. PAMA enables the deployment of state-of-the-art deep learning models to highly
resource-constrained devices by minimizing power consumption and maximizing perfor-
mance through pattern-based operator fusion and genetic algorithm-based co-optimization
of energy and memory resources. While memory planning algorithms in existing deep learn-
ing compilers primarily focus on reducing peak memory usage, PAMA is, to the best of our
knowledge, the first compiler to address both energy and memory constraints simultane-
ously. To this end, PAMA supports advanced on-chip memory technologies, such as fine-
grained power gating and non-volatile RRAM (Resistive Random Access Memory), which
are increasingly prevalent in ultra-low-power applications.

PAMA is also the first compiler to enable energy and latency-optimized deployment on
resource-constrained multi-chip systems, bridging the gap between current distributed deep
learning frameworks and emerging multi-chip edge devices. PAMA accomplishes this by
leveraging the design space exploration capabilities of ZigZag and integrating with Stream,
a novel multi-chip mapping framework capable of mapping deep learning models onto het-
erogeneous multi-chip accelerator systems.

To substantiate our claims, we compare PAMA to current state-of-the-art memory planning
algorithms, such as those employed by TVM, across a diverse set of modern deep learn-
ing models, including CNNs (Convolutional Neural Networks) and Transformers. Utilizing a
configurable multi-chip hardware model, PAMA can target a wide range of single and multi-
chip-based edge devices. In its current implementation, PAMA provides backend support
for the MINOTAUR SoC (System-on-Chip), a power-optimized deep learning accelerator
developed at Stanford University. MINOTAUR incorporates a novel on-chip memory archi-
tecture and a highly efficient systolic array-based deep learning accelerator. By employing
a unique floating-point-like data type and fine-grained power gating, MINOTAUR achieves
state-of-the-art performance for both vision and natural language processing tasks. Multiple
MINOTAUR SoCs can be interconnected to form a multi-chip system, capable of scaling to
deploy arbitrarily large deep learning models with minimal overhead. The PAMA deep learn-
ing compiler fully supports all of MINOTAUR’s advanced inference features, with on-device
training and multi-chip support currently under development. Using PAMA, we demonstrate
that up to 97.35% of MINOTAUR’s static on-chip memory energy can be saved while main-
taining the same performance and accuracy.
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1. Introduction

1.1. Motivation

Over the past decade, deep learning has demonstrated remarkable performance across
various tasks, such as image classification [1–3], object detection [4–6], speech recogni-
tion [7–9], and natural language processing [10–12]. The exceptional accuracy of DNNs
(Deep Neural Networks) in comparison to traditional data-driven methods [13] has led to
their widespread adoption in various applications, such as autonomous driving [14, 15],
robotics [16, 17], healthcare [18], and augmented/virtual reality (AR/VR) [19–22]. However,
the remarkable performance of DNNs is accompanied by high computational complexity
[23], necessitating novel hardware and software architectures to efficiently accelerate their
computation.

While DNNs are primarily deployed on servers and cloud-based systems today, there is a
growing demand to harness the power of deep learning on mobile and edge devices such
as drones, smartphones, and the IoT (Internet of Things). Common reasons for deploying
DNNs on edge devices instead of the cloud include low latency, privacy, and reduced power
consumption requirements. User experience in real-time applications is severely impacted
by the delay caused by data transmission to a remote server for processing, leading to
issues such as motion sickness in AR/VR applications [24]. Wireless communication for data
transmission also significantly contributes to power consumption, reducing the battery life of
edge devices [25]. Although edge devices are becoming increasingly powerful and efficient,
they still lack the computational resources and energy budgets available to servers. As a
result, optimizing the execution of DNNs on edge devices to minimize power consumption
and maximize performance is of paramount importance.

This has sparked a growing interest in designing specialized deep learning accelerator archi-
tectures that surpass the capabilities of general-purpose compute engines, such as GPUs
(Graphics Processing Units). Dedicated deep learning accelerators enable more efficient
and power-optimized execution of DNNs, meeting the strict requirements of mobile and
edge devices. As a result, research on low-power deep learning accelerators has experi-
enced significant growth, both in academia and industry.
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1.2. Problem Statement

While SotA (State-of-the-Art) deep learning accelerators have demonstrated promising re-
sults, they still exhibit several limitations. First, they lack support for modern, heterogeneous
DNN workloads, such as the multi-head attention mechanism found in Transformer models
[12]. This leads to costly offloading of such operations to the CPU (Central Processing Unit),
resulting in suboptimal performance and energy efficiency. Second, many accelerators as-
sume full utilization of both compute and memory resources, which is rarely the case in
practice. For example, most of an accelerator’s weight memory remains unused during in-
ference, with only a small portion being actively read from, leading to wasted energy. Third,
the software stack, comprising DNN compilers and mapping tools, has been overlooked by
hardware developers in the past. Consequently, much of the deployment of DNNs still relies
on labor-intensive and suboptimal manual mapping.

On the software side, numerous deep learning compiler frameworks and mapping tools
have emerged, with many catering to resource-constrained edge devices. Among them, the
most prominent and mature deep learning compiler is TVM [26]. While TVM supports a
variety of hardware backends, including GPUs and specialized accelerators, its capabilities
for more advanced hardware features, such as power and memory-aware mapping, remain
limited. Furthermore, many of its internal optimization features, such as auto-tuning, are
cumbersome to use, do not scale well to large DNNs models, and are not suitable for early
pre-silicon design stages.

The disconnect between hardware and software constitutes a major bottleneck in the devel-
opment of modern deep learning accelerators. While the hardware community has made
significant progress in creating efficient deep learning accelerators, the software community
has struggled to keep pace with the rapid advancements in hardware development. The
software community’s efforts remain largely focused on general-purpose compute engines,
such as GPUs, rather than specialized accelerators. Consequently, the performance and
energy efficiency of deep learning accelerators have not been fully realized. A coordinated
effort between hardware and software is needed to develop a holistic solution with compre-
hensive software support for advanced hardware features.

1.3. Contributions

This thesis aims to address the aforementioned challenges by developing a novel deep
learning compiler framework called PAMA, the Power- And Memory-Aware deep learning
compiler. PAMA bridges the gap between hardware and software through a number of key
contributions:

2



1. PAMA features a novel annotation-based interface for deep learning hardware map-
ping tools, allowing for straightforward integration of their optimization and mapping
strategies. Utilizing this interface, PAMA integrates with the SotA DNN exploration and
mapping framework ZigZag [27]. ZigZag is an effective tool for exploring and optimiz-
ing the spatial and temporal mapping of DNNs on deep learning accelerators. PAMA
leverages these advanced optimization and mapping strategies to generate optimal
loop nests and tilings for DNNs operators.

2. Employing a comprehensive and scalable hardware description model, PAMA can be
easily extended to support single-chip and multi-chip architectures, as well as ad-
vanced hardware features, like non-volatile on-chip memories. This model contains
hardware costs and mapping constraints, which both PAMA and ZigZag use to guide
the optimization and mapping process, enabling automated power- and memory-
aware mapping of DNNs to deep learning accelerators.

3. Building on this hardware description model, PAMA offers advanced memory planning
and optimization capabilities. Much of the focus in deep learning compiler research
has been on the accelerator design itself, while the memory subsystem has received
much less attention. However, as repeatedly demonstrated in the past [28], the mem-
ory hierarchy is a major contributor to energy consumption in DNN computation. To
address this issue, PAMA provides a suite of memory planning and optimization strate-
gies, including a novel genetic algorithm-based schedule and memory co-optimization
algorithm. Utilizing these memory optimization strategies, PAMA’s memory planner
signigicantly outperforms SotA DNN compilers in terms of both peak memory usage
and energy consumption.

4. Additionally, PAMA can generate code for architectures that support fine-grained
power-gating and Bandwidth Aware memory scheduling, resulting in significant
energy savings. PAMA also supports advanced on-chip memory technologies, such
as non-volatile RRAM, which are increasingly popular in ultra-low-power applications
[29–31].

5. During the early-stage development of deep learning accelerators, i.e., before the first
silicon tape-out, frequent verification of the accelerator’s functionality and performance
is crucial. Previous compilers and mapping tools either require significant manual ef-
fort or do not support verification at all. To address these challenges, PAMA offers the
ability to automatically generate layer-by-layer and end-to-end test benches for a given
DNN model, enabling fully automated verification of the accelerator’s functionality and
performance.

6. Unlike previous mapping tools, PAMA supports a wide range of modern deep learning
models, including fully-connected, convolutional, and transformer-style DNNs. With
an ONNX (Open Neural Network Exchange)-compatible Frontend, PAMA can be used
with popular deep learning frameworks such as PyTorch and TensorFlow.

3



7. Lastly, PAMA can scale from single to large multi-chip architectures, addressing the
rapidly increasing size of DNNs models, such as LLMs (Large Language Models).
For optimal mapping across multi-chip architectures, PAMA utilizes Stream [32], an
innovative multi-chip mapping framework capable of mapping deep learning models
to heterogeneous multi-chip accelerator systems. At the time of writing this thesis,
Stream and its integration into PAMA remain under active development.

1.4. Thesis Organization

The organization of this thesis is as follows: Chapter 2 will provide an overview of the
MINOTAUR SoC and its architecture, as well as the development and verification challenges
associated with taping out a deep learning accelerator chip. Chapter 3 will introduce PAMA,
the Power- And Memory-Aware deep learning compiler, covering its integration with exter-
nal mapping frameworks such as ZigZag, its internal architecture from Frontend to Backend,
and its use as a tool for early-stage development and verification of deep learning accelera-
tor chips. Chapter 4 will showcase experimental results and a detailed performance analysis
of PAMA on a variety of SotA DNN models. Chapter 5 will offer a summary of the contribu-
tions made by this thesis and explore future work. Supplementary background information
and details on specific topics can be found in the appendices.
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2. MINOTAUR Deep Learning Accelerator

This chapter presents the MINOTAUR deep learning accelerator SoC, highlighting some of
its core design decisions and providing a high-level architectural overview pertinent to the
development of a compiler such as PAMA. A comprehensive understanding of the SoC is es-
sential for grasping the DSE (Design Space Exploration) and mapping algorithms discussed
in subsequent chapters.

2.1. Background

2.1.1. Related Work

Several research groups have designed specialized accelerators to improve the energy effi-
ciency of deep learning applications. Notable examples of previous work on low-power deep
learning accelerators include the following:

Envision [33], developed by KU Leuven’s ESAT-MICAS research group, is an energy-
adaptable CNN processor tailored towards always-on computer vision in wearable devices.
It targets efficient and scalable visual recognition tasks, employing a series of increasingly
complex CNNs for object recognition and action processing. Envision uses a novel subword-
parallel Dynamic-Voltage-Accuracy-Frequency Scaling (DVAFS) technique, achieving up to
10 TOPS/W peak efficiency.

The UltraTrail chip [34], developed by researchers from the University of Tuebingen, is a
deep learning accelerator featuring an 8x8 MAC (multiply-accumulate) array specialized for
the inference of temporal convolutional residual neural networks (TC-ResNets) for keyword
spotting. The chip has a power consumption of 8.2 µW and reaches a 93% accuracy on the
Google Speech Command Dataset.

An all-weights-on-chip AI processor [35], which, similar to CHIMERA, features full on-chip
weight storage using RRAM, was proposed by a research team from the University of Michi-
gan, Ann Arbor, and Meta1. The design employs a 4-Core architecture with 24×1 MB em-

1Formerly called Facebook.
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bedded RRAM. Using on-the-fly weight decompression combined with a mesh-connected
PE (Processing Element) architecture and 8 MB shared SRAM (Static Random Access
Memory), the proposed accelerator operates at 120 MHz, achieving a efficiency of up to
0.96 TOPS/W.

Despite the potential exhibited by these and similar accelerators [36–38], they encounter
several limitations. First, they do not sufficiently support heterogeneous DNN workloads,
such as the multi-head attention mechanism in Transformer models, leading to CPU offload-
ing and diminished performance and energy efficiency. Second, these accelerators often
fail to fully utilize compute and memory resources, resulting in energy wastage. Third, the
software stack, encompassing DNN compilers and mapping tools, has been historically ne-
glected, necessitating suboptimal manual mapping for DNN deployment.

2.1.2. Motivation

MINOTAUR’s primary objective was to establish a configurable research platform for ultra-
low-power deep learning on mobile and edge devices. It was designed to address the above
limitations by supporting a broad range of DNNs and by providing a comprehensive software
stack for DNN mapping and compilation.

Similar to its direct predecessor, CHIMERA [29, 39], MINOTAUR incorporates non-volatile
RRAM for weight and bias storage, SRAM for activations and intermediate results, and a
systolic array-based accelerator. The architecture and physical design of all components
have been significantly improved, with the chip expected to be, on average, 2.5x faster
and 5x more energy-efficient than CHIMERA. A key enhancement is the adoption of a
novel floating-point-like data type called Posit [40, 41]. Additionally, MINOTAUR supports
a broader range of DNNs, including modern CNNs architectures [2, 3, 42] and Transformer
models [12]. Furthermore, MINOTAUR enables full on-device training of DNNs using an
innovative layer-by-layer training method that minimizes the memory required for training.

Developed at Stanford University during the most of 2022 and taped out in early 2023,
MINOTAUR utilizes a TSMC 40nm CMOS ULP fabrication process and is capable of oper-
ating at frequencies up to 200MHz with a core voltage of 0.9 Volts and a memory system
voltage of 1.1 Volts. At the time of writing this thesis, the MINOTAUR chip is currently in
fabrication and expected to return for testing and validation in May 2023.
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Figure 2.1.: Architectural overview of the MINOTAUR SoC.

2.2. Architecture Overview

The MINOTAUR SoC, as illustrated in Figure 2.1, consists of six primary components: the
accelerator, the RISC-V CPU, the activation SRAM, the instruction RRAM, the parameter
RRAM, and the C2C (Chip-to-Chip) interconnect. All components connect to a 128-bit-wide
crossbar interconnect, facilitating high-speed on-chip data transfer. The accelerator handles
the majority of the DNN computation, with the option of offloading more exotic operations
to the CPU. Additionally, the CPU manages data offloading and onloading and dispatches
accelerator operations. The memory system stores the parameters and activations of the
DNN, while the C2C interconnect links multiple MINOTAUR chips to form a multi-chip sys-
tem. Such a multi-chip configuration, consisting of many interconnected MINOTAUR chips,
can accommodate the requirements of increasingly larger DNNs, with minimal overhead,
giving the impression of a single, large dream chip that would be unfeasible to produce as a
single chip using current technology [30].
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Figure 2.2.: Architecture of the deep learning accelerator in MINOTAUR. It consists
of a 16x16 systolic array, a 16-lane pipelined vector processing unit,
and three Local Buffers.

2.3. Accelerator

The custom-designed deep learning accelerator lies at the heart of the MINOTAUR SoC,
comprising three main components: a 16x16 systolic array, a 16-lane-wide vector process-
ing unit, and three Local Buffers.

Prior to delving into the intricacies of the accelerator’s architecture, it is imperative to first
establish the tensor notation and computational model that underpin the design principles
of the accelerator.

8



Algorithm 1: Convolutional loop nest

1 for b← 0 to B − 1 do // Batch
2 for k ← 0 to K − 1 do // Output channel
3 for c← 0 to C − 1 do // Input channel
4 for oy ← 0 to OY − 1 do // Output height
5 for ox← 0 to OX − 1 do // Output width
6 for fy ← 0 to FY − 1 do // Weight height
7 for fx← 0 to FX − 1 do // Weight width
8 Out[b, k, oy, ox]← Out[b, k, oy, ox] + In[b, c, oy + fy, ox+

fx]×Weight[k, c, fy, fx]

In

C

IY

IX
0

Weight

C

WeightFY

FX

C

K

0

In

C

B

= Out

K

OY

OX
0

Out

K

B

Figure 2.3.: Visual representation of a convolution operation.

2.3.1. Tensor Notation

All common DNNs consist of a series of layers2, where each layer performs a specific op-
eration on the input data. The most common layer types are convolutional layers, which
perform a convolution operation, and fully-connected layers, which either perform a matrix-
matrix or matrix-vector multiplication. The notation used to describe the input, output, and
weight (also known as filter or kernel) of a layer will be In, Out, and Weight, respectively.
In the case of the convolutional operator, the input and output of a layer are typically repre-
sented as a 4D tensor. For example, a 4D input tensor with dimensions B × C × IY × IX
represents a batch of B images, each with C channels, and each channel has a height of
IY and a width of IX. The output would be B ×K × OY × OX, where K is the number
of output channels, and OY and OX are the output height and width, respectively. The

2The terms layer, node, and operator will be used somewhat interchangeably throughout this thesis. However,
in general, we use node to refer to a DNN layer in a graph, and operator when emphasizing the mathematical
operation.
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Type Batch Out Channel In Channel Out Height Out Width Filter Height Filter Width

Convolution B K C OY OX FY FX

Depthwise Conv. B 1 1 OY OX FY FX

Pointwise Conv. B K C OY OX 1 1

Matrix-Matrix 1 K C 1 OX 1 1

Matrix-Vector 1 K C 1 1 1 1

Table 2.1.: Convolution operation parameters and its relation to other operations
(derived from [27]).

input and output of a layer are typically connected via a weight tensor, which is a tensor with
dimensions K×C×FY ×FX, where K is the number of output channels, C is the number
of input channels, and FY and FX are the filter height and width, respectively.

Using this notation, one can express a convolution operation using a loop nest consisting of
seven nested for loops (see Algorithm 1), each iterating over one of the seven dimensions3.
Similarly, one can visualize the involved tensors and their dimensions graphically, as de-
picted in Figure 2.3. While this particular loop nest represents a convolution operation, it is
also applicable to other operations such as depthwise convolutions, pointwise convolutions,
and fully-connected layers. By setting specific dimensions to 1, one can reduce the convo-
lution operation to a matrix-matrix or matrix-vector multiplication operation (see Table 2.1).
For example, setting all but K and C to 1 reduces the convolution operation to a matrix-
vector multiplication operation, where the input is a vector and the weight is a matrix. This is
because the convolution operation is a generalization of the matrix-matrix and matrix-vector
multiplication operation.

The key observation here is that the loop nest depicted in Algorithm 1 is general enough
to represent any DNN operation. It is simply a matter of specifying the respective loop
boundaries to arrive at the desired operation. Furthermore, we note that the ordering of
the loops has no impact on the correctness of the operation. The loop order only affects
the order in which the data is read from and written to memory. One can thus reorder the
loops for each individual operation to optimize the memory access pattern, i.e., increase
both spatial and temporal locality, and thus improve the performance of the operation [43].
This type of loop is also referred to as a perfectly nested loop and it forms the basis of all
core operations in the MINOTAUR SoC.

3For illustrative purposes, we are omitting any padding, stride, or dilation.
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Algorithm 2: MINOTAUR loop nest

1

Memory Level

Buffer Level

Spatial Level

for oy1← 0 to OY 1− 1 do
2 for ox1← 0 to OX1− 1 do
3 for k2← 0 to K2− 1 do
4

5 for c1← 0 to C1− 1 do
6 for k1← 0 to K1− 1 do
7 for fy ← 0 to FY − 1 do
8 for fx← 0 to FX − 1 do
9 for oy0← 0 to OY 0− 1 do

10 for ox0← 0 to OX0− 1 do
11

12 parfor c0← 0 to C0− 1 do
13 parfor k0← 0 to K0− 1 do
14 oy ← oy0 + oy1×OY 0
15 ox← ox0 + ox1×OX0
16 c← c0 + c1× C0
17 k ← k0 + k1×K0 + k2×K1×K0
18 Out[1, k, oy, ox]← Out[1, k, oy, ox] +

In[1, c, oy+fy, ox+fx]×Weight[k, c, fy, fx]

2.3.2. Systolic Array

The systolic array in MINOTAUR is responsible for executing the majority of computations
required by DNN operations. A systolic array is a parallel computing architecture consisting
of a 2D array of PEs, each responsible for performing a MAC operation, receiving inputs
from its neighboring PEs, and passing the results to adjacent PEs (see Figure 2.2) [44]. The
systolic array is designed to maximize data reuse, minimizing data movement and enhancing
energy efficiency. This configuration allows for efficient pipelining and parallel execution of
computations, reducing the need for extensive intermediate storage and communication
bandwidth.

The loop nest used to feed the systolic array inside MINOTAUR is derived from the stan-
dard seven nested loop introduced earlier (see Algorithm 2). It was generated using the
Interstellar DSE framework [45] and is optimized for the DNNs expected to be executed on
MINOTAUR. It exhibits several key differences from the standard loop nest:
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MINOTAUR omits the batch dimension B, primarily because it is designed for real-time
inference, where each data sample must be evaluated immediately. Similarly, resource-
constrained training at the edge also does not use any batching, as this would increase the
required SRAM beyond available resources. Consequently, the input and output tensors
used by MINOTAUR reduce to 1×C× IY × IX and 1×K×OY ×OX, respectively (refer
to Algorithm 2).

MINOTAUR employs three distinct loop-level groups: Memory, Buffer, and Spatial. Memory
(lines 1-3) contains three loops iterating over OY 1, OX1, and K2. Data iterated over by
these loops resides in memory. Therefore, for every iteration of these loops, data is read
from and written to SRAM or RRAM, necessitating the data to be sent over the crossbar
interconnect and making iterations over these loops relatively slow. Buffer (lines 5-10) con-
tains six loops, iterating over C1, K1, FY , FX, OY 0, and OX0. Data iterated over by
these loops resides in the local buffers of the accelerator. As depicted in Figure 2.2, there
are three local buffers: the Input Buffer, holding the layer’s input data; the Weight Buffer,
holding the layer’s weight data; and the Accumulation Buffer, holding output data that accu-
mulates before being sent to the vector processing unit for further processing. Spatial (lines
12-13) contains two loops iterating over C0 and K0. These two loops are parallel for -loops,
meaning they are unrolled across the two spatial dimensions of the systolic array. As a re-
sult, no actual iteration over these loops occurs; instead, any computation that is performed
in these loops is executed in parallel.

Due to this splitting of the K, C, OY , and OX loops, also known as tiling or blocking, the
index computation inside the loop nest must be adjusted from the standard loop nest to
account for the three loop-level groups. This new index computation is illustrated in lines
14-17.

Loops within a loop-level group can be rearranged during runtime, allowing the loop nest
to be optimized for the specific requirements of the current operation being performed. For
instance, the data reuse requirements of a convolution can differ significantly from those
of a matrix-matrix multiplication encountered in the multi-head attention mechanism of a
Transformer network.

The complete loop nest runtime configuration can be fully characterized using three ordered
dictionaries: a three-entry dictionary for the memory level, a six-entry dictionary for the
buffer level, and a two-entry dictionary for the spatial level. Each dictionary contains the
loop variable name as the key and the number of iterations as the value. For example,
a possible configuration for the first convolution layer of ResNet18, which convolves the
1× 3× 224× 224 input with a 64× 3× 7× 7 filter to produce a 1× 64× 112× 112 output,
could be as follows:

memory = { ’OY1’: 14, ’OX1’: 16, ’K2’: 4 }
buffer = { ’C1’: 1, ’K1’: 1, ’FY’: 7, ’FX’: 7, ’OY0’: 8, ’OX0’: 7 }
spatial = { ’C0’: 3, ’K0’: 16 }
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Figure 2.4.: Example of 4x replication used on the first convolutional layer in
ResNet. The FY channel is replicated 4x across the spatial C0 di-
mension, leaving only 4 C0 channels unused instead of 13.

This loop nest configuration is passed to the accelerator at runtime via the generated C-
Struct (see Section 3.5.3), and the accelerator then configures itself accordingly. Notice
that the loop nest configuration is not symmetric, i.e., the number of iterations for OY and
OX differ in the same loop level. This is perfectly legal and helps to match the reuse
requirements to the available buffer space in the accelerator.

Furthermore, one might notice that the spatial loop nest configuration does not fully utilize
all available spatial input channels (C0 = 3 vs. 16 available). This mismatch in workload
parallelism vs. hardware parallelism needs to be accounted for by the compiler by zero-
padding the input and weight tensors (see Section 3.3.1). However, this would result in
significant performance degradation for this specific layer, as the input and weight tensors
would contain a large number of zero values. Therefore, MINOTAUR supports a special
replication mode, where the accelerator is configured to additionally unroll one of the kernel
dimensions across the spatial dimension. This use of replication is depicted in Figure 2.4,
where the FY channel is replicated 4x across the spatial C0 dimension4. The need for
replication must be detected by the compiler, and the compiler must generate the correct
loop nest configuration for the accelerator.

2.3.3. Vector Processing Unit

Apart from the primary layer types, there exist several other layers, including pooling layers,
activation layers, and normalization layers. These layers exhibit considerable heterogene-
ity and involve orders of magnitude fewer operations compared to convolution and matrix
multiplication operations. As a result, they are offloaded to a dedicated vector processing

4The reason for 4x replication, and not the theoretically possible 5x, lies in the fact that non-power-of-two
replication factors significantly complicate the address computation and are therefore not supported by the
hardware.
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Figure 2.5.: Decimal accuracy comparison of floating-point and Posit, highlighting
the greater dynamic range of Posit [41].

unit (refer to Figure 2.2). The vector unit in MINOTAUR comprises 16 lanes and can be
conceptualized as a 1D slice of the systolic array. This compact design enables the vec-
tor unit to support a greater number of more complex operations. For instance, the vector
unit in MINOTAUR accommodates a broad spectrum of activation functions, such as ReLU,
Softmax, and Tanh. Furthermore, the vector unit is capable of executing layer normaliza-
tion operations, a normalization technique employed in models such as MobileBERT as a
resource-efficient alternative to batch normalization [46], as well as bias addition and other
element-wise operations.

Internally, the vector unit is structured as a configurable pipelined datapath, meaning that
multiple computational units can be interconnected to create a single, extended pipeline.
This configuration enables the vector unit to perform intricate operations while utilizing only
a few simple compute units, thereby minimizing area overhead and power consumption. For
instance, the vector unit can be configured to perform a fused bias, residual, and ReLU
operation, a common operation found in residual networks [2], by chaining together two add
units, and one maximum unit.

2.3.4. Datatype

The accelerator, encompassing both the systolic array and the vector processing unit, uti-
lizes a novel floating-point-like data type called Posit [40, 41]. Designed to deliver superior
accuracy and resource efficiency in comparison to conventional floating-point or fixed-point
implementations, the Posit data type uses a configurable number of bits for the exponent
and mantissa representation. This leads to a higher dynamic range and a bell-curve-like ac-
curacy distribution, which more closely aligns with the distribution found in DNN workloads.
This is demonstrated in Figure 2.5, where the Posit data type is contrasted with traditional
floating-point. Additionally, the Posit data type can be implemented more efficiently in terms
of hardware overhead compared to traditional floating-point functional units.
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In MINOTAUR, the Posit size for activations and weights is fixed at 8 bits, with 1 bit reserved
for the sign and 1 bit for the exponent (referred to as es)5. Internally, both the systolic array
and the vector unit accumulate results utilizing a 16-bit Posit data type, which is converted
back to 8 bits before being written to memory.

Employing an 8-bit data type would typically necessitate meticulous tuning and QAT (Quan-
tization Aware Training) to achieve reasonable accuracy. Although this implementation still
benefits from QAT, it attains remarkable accuracy even in its absence. This is attributed
to the Posit data type’s scaling behavior, which resembles a considerably wider floating-
point data type, consequently delivering better performance than comparable 8-bit fixed or
floating-point data types on deep learning workloads [47]. This makes Posit an ideal choice
for the MINOTAUR accelerator, as it allows for efficient implementation of deep learning
models while maintaining high accuracy, even in resource-constrained environments.

2.4. Memory System

As previously discussed in Section 2.3, the MINOTAUR memory hierarchy comprises three
levels: 1) on-chip memory in the form of SRAM and RRAM, 2) buffers and caches, 3) regis-
ters local to the accelerator’s processing elements and the CPU. The program’s instructions
are stored in a 32 KB instruction RRAM (see Figure 2.1), while the program stack and heap
reside in SRAM. The word size employed in MINOTAUR’s memory system corresponds to
the crossbar interconnect’s size, which is 128-bit or 16 bytes. This configuration also aligns
with the spatial data width of the systolic array (i.e., 16 using 8-bit Posit). Although this is
an ideal system-wide configuration, MINOTAUR’s memory system is highly configurable and
can be adapted to other word sizes. Similarly, the number of RRAM and SRAM banks can
be adjusted to any desired quantity.

Given that the memory hierarchy associated with the CPU is relatively standard, we will not
delve into further details here. Instead, we will concentrate on the memory directly involved
in inference and training of DNNs, i.e., the accelerator’s memory hierarchy. We will place
particular emphasis on the RRAM and SRAM employed in the accelerator, as they represent
the primary sources of power consumption during operation.

However, since both MINOTAUR’s RRAM and SRAM are implemented using proprietary IP
(Intellectual Property) provided by TSMC (Taiwan Semiconductor Manufacturing Company)
and are subject to NDA (Non-Disclosure Agreement), we can only offer a rough estimate of
their characteristics. Consequently, we must approximate the figures for bandwidth, latency,
and, particularly power consumption. Nevertheless, this limitation does not pose a problem,
as all concepts and ideas presented in this section are applicable to any comparable RRAM

5The following blog post offers a concise yet accessible introduction to the Posit data type and its arithmetic:
https://www.johndcook.com/blog/2018/04/11/anatomy-of-a-posit-number/.
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and SRAM implementation [36–38]. It is worth noting that the numbers presented in this
section, the results discussed in Chapter 4, and numbers found in future MINOTAUR pub-
lications may potentially differ from one another, as the RRAM and SRAM IP is still under
development.

2.4.1. RRAM

MINOTAUR incorporates 12 MB of non-volatile storage in the form of on-chip RRAM, utilized
for storing the weights and biases of the DNNs. The RRAM is organized into 12 banks, each
with a capacity of 1 MB (see Figure 2.1). Internally, each bank is divided into four macros,
each with a capacity of 256 KB. However, from a software perspective, the RRAM is only
accessible at the bank level.

Each RRAM bank can be individually power-gated through software-controlled registers,
exhibiting a negligible number of shutdown and wake cycles. Owing to its non-volatile nature,
RRAM banks can be powered down without losing the information stored within their cells.
The compiler is responsible for determining which banks to power up and which to power
down during memory planning step (see Section 3.5.2). This fine-grained power gating
enables aggressive optimization of the power consumption of the RRAM by analyzing the
current workload and its memory requirements.

In addition to bank-level power-gating, MINOTAUR’s RRAM supports a number of bandwidth
configurations. Reading one word from a single RRAM takes 4 cycles. To hide this latency,
multiple banks can be combined to form a super bank. MINOTAUR supports super bank
configurations consisting of 1, 2, or 4 banks. The resulting access latencies are 4, 2, or 1
cycles/word, respectively. These three modes are referred to as Single, Dual, and Quad
(see Figure 2.6). Super banks are runtime-configurable and controlled through a software-
programmable register. This allows the accelerator to access the RRAM at a maximum
continuous bandwidth of 1 word per cycle, or 16 bytes per cycle (128bit). However, not every
DNN operator requires such high bandwidth. Consequently, it is the compiler’s responsibility
to configure the accelerator to match the bandwidth mode to the bandwidth required by the
current operator. This allows the compiler to optimize the power consumption of the RRAM
based on the current workload.

Furthermore, each RRAM bank is equipped with an offset register, facilitating access to the
RRAM at an arbitrary offset. This enables non-sequential accesses to consecutive super
banks, permitting the compiler to optimize the memory access pattern of the DNN operators
across multiple super banks. The importance of this feature will be elucidated during the
discussion of RRAM Bandwidth Aware memory planning in Section 3.5.2.
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numbers and arrows indicate the order in which the words are read.
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2.4.2. SRAM

Similar to the RRAM, MINOTAUR features 2 MB of volatile storage in the form of on-chip
SRAM, which is used to store the inputs, outputs, and activations of the DNNs. The SRAM
is organized into 8 banks, each with 256 KB of capacity. Each bank is internally divided into
2 macros, each 128 KB in size. The SRAM is only accessible at the bank level and can be
individually power-gated through software-controlled registers.

In contrast to RRAM, SRAM is volatile and thus loses its contents when powered down.
However, it is much faster than RRAM, as each bank can be accessed in a single cycle.
Therefore, there is no need for SRAM to support different bandwidth modes.
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Due to its volatile nature, power gating inactive banks whose information is required at a
later point in time is not possible. Instead, each SRAM bank can be put into a low-power
mode, which reduces the power consumption of the SRAM without losing its contents. This
is achieved by powering down the SRAM control logic, responsible for accessing the SRAM
cells, while keeping the SRAM itself powered. This mode will be referred to as Retention6.

A power consumption breakdown of SRAM is shown in Figure 2.7. SRAM power is com-
posed of two main parts: static and dynamic power. Static power refers to the power con-
sumed by the SRAM when powered on (i.e., not being accessed). Dynamic power consump-
tion refers to the additional power consumed by the SRAM when being accessed, such as
during read or write operations. The energy consumed can be determined by integrating the
total power consumption over time.

Similar to RRAM power-gating, SRAM power gating is managed by the compiler during
memory planning, as detailed in Section 3.5.2. This approach allows the compiler to opti-
mize the power consumption of the SRAM based on the current access patterns of the DNN
operators.

2.4.3. Local Buffers

As outlined in Section 2.3, the accelerator incorporates a set of local buffers designed to
maintain data in close proximity to the accelerator for low-latency access. The 16 KB input
and weight buffers are double-buffered, enabling concurrent read and write operations from
the accelerator and the crossbar interconnect, respectively. The 32 KB accumulation buffer

6This terminology differs from the terminology used in SRAM literature, where Retention refers to the power-
down of the SRAM itself, and the here described Retention is actually termed Periphery Power Down [48].
However, from a compiler viewpoint, the Retention mode is analogous to the Periphery Power Down mode
and is used instead due to its more intuitive nomeclature.
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is employed to accumulate the results of the MAC operations prior to them being forwarded
to the vector unit for additional processing. A separate output buffer is unnecessary, as the
vector unit’s outputs are directly written to the SRAM via the crossbar interconnect.

Moreover, the buffers lack a direct control mechanism and are instead implicitly controlled
by the accelerator loop nest. Consequently, it falls upon the compiler to ensure that the cu-
mulative data residing in the buffer loop level does not surpass the buffers’ capacity. During
loop tiling and loop ordering, it is imperative to ascertain that the buffers do not become
overfilled. This is elaborated upon in Section 3.3.2.

2.5. Chip-to-Chip Interconnect

To facilitate communication between chips, MINOTAUR incorporates a C2C (Chip-to-Chip)
interconnect. This interconnect is a low-power, low-bandwidth, and fully digital communi-
cation protocol. Each MINOTAUR SoC is equipped with four interfaces (north, east, south,
and west), which are all connected in a ring topology around the chip (refer to Figure 2.2).
Although each interface can transfer 16 bits per cycle, transmitting one message (16 bytes)
across the C2C interconnect necessitates at least 13 cycles due to address overhead and
local on-chip transfers to and from the interface. While the interface can be employed to
transfer data from external sensors, such as cameras and microphones, its primary use
case involves data transfer between multiple SoCs. This interconnection enables SoCs to
be linked in a multi-chip configuration (see Figure 2.8), allowing for the deployment of arbi-
trarily large deep learning models with minimal overhead.

The C2C software interface consists of a set of registers that are used to configure and
initiate transfers. The general procedure is as follows:
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1. Set the destination in the Destination register (one of the four interfaces).

2. Write the source address, local to the source chip’s address space, into the Source
register.

3. Write the destination address, local to the destination chip’s address space, into the
Destination register.

4. Write the package size into the Size register.

5. Initiate the transfer by writing into the Command register.

Following these steps, the C2C interface will transfer the specified amount of data from
the source address in the local address space to the destination address in the remote
address space using an independent state machine which operators analogous to a DMA
(Direct Memory Access) controller. The transfer is initiated by the source chip, and the
destination chip will synchronize its C2C clock and acknowledge the transfer. As soon as
the transfer is complete, the destination chip will trigger an interrupt that the chip’s runtime
uses to synchronize itself. This way, the C2C interface can operate fully asynchronously and
does not require any synchronization between the source and destination chip’s software.
Furthermore, the C2C interface is capable of transferring data while both the accelerator and
CPU are in a low-power state. The C2C interconnect even remains fully functional when the
chip is powered down, allowing the chip to serve as a gateway to other chips in a multi-chip
system while preserving energy in deep sleep. This is achieved by using a separate power
domain for the C2C interface, which is only powered on when the C2C interface is in use.

As is evident, the C2C interface is a pure point-to-point interface. It is not capable of commu-
nicating with chips that are not directly connected to it. This makes it analogous to Ethernet
in the TCP/IP stack. Similarly, it is the task of the MINOTAUR runtime in conjunction with the
DNN compiler to determine the optimal communication pattern between the SoCs and plan
any necessary transfers accordingly (see Figure 2.8).

2.6. Conclusion

In this chapter, we have introduced the MINOTAUR architecture and its salient features. Ow-
ing to its flexible loop-nest configuration, the utilization of Posit data types, and the integra-
tion of innovative memory technologies, the MINOTAUR architecture is adept at executing
SotA DNNs with minimal power consumption, rendering it an appealing platform for machine
learning research. Alongside the innovative fine-grained power gating and adjustable band-
width modes, the MINOTAUR architecture presents a formidable platform for deploying deep
learning models. In the ensuing chapter, we will explore the design and implementation of
a software and compiler stack that effectively leverages the full potential of the MINOTAUR
architecture’s capabilities.
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3. PAMA Deep Learning Compiler

This chapter presents a comprehensive examination of the PAMA deep learning compiler.
We start by discussing the motivation behind PAMA’s development, followed by an in-depth
explanation of its internal architecture and core components. Next, an extensive overview
of PAMA’s Frontend, Core, and Backend is provided. Furthermore, we emphasize the in-
tegration of the ZigZag mapping framework into the PAMA compiler. Lastly, we highlight
PAMA’s role as a verification and testing tool during the early stage development and tape-
out of deep learning accelerators, using the MINOTAUR SoC as a case study, as well as its
potential trajectory as a compiler for distributed machine learning on resource-constrained
multi-chip architectures.

3.1. Background

3.1.1. Related Work

In recent years, a myriad of deep learning compilers and frameworks have emerged as
promising solutions to the challenge of efficiently deploying deep learning models on
resource-constrained hardware. While a comprehensive exploration of available deep
learning compilers is beyond the scope of this thesis, a succinct overview of some of the
most prominent ones is presented below.

Deep Learning Compilers

As one of the most mature deep learning compilers, TVM [26] is actively developed by a
large community under the Apache Software Foundation. TVM offers extensive support for
various hardware backends, including CPUs, GPUs, and specialized accelerators. It also
accommodates a wide array of deep learning frameworks such as TensorFlow [49], Py-
Torch [50], and MXNet [51]. The internal architecture of TVM includes a high-level graph IR
(Intermediate Representation) called Relay [52] and a low-level representation for operator
scheduling, referred to as TensorIR. One of the distinguishing features of TVM is its capac-
ity to auto-tune the performance of a deep learning model for a specific hardware backend
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[53]. This feature has undergone several iterations and has reached a mature state. The
fundamental concept behind all auto-tuning approaches involves iteratively optimizing the
schedule by measuring the performance of the generated code and adjusting the schedule
accordingly. MicroTVM supports devices with limited resources lacking fully-fledged operat-
ing systems, thus extending the powerful features of TVM to embedded systems. However,
integrating new hardware backends is non-trivial, necessitating changes to multiple compo-
nents within the TVM stack. Efforts to simplify and streamline this process are underway but
remain in the early stages [54].

Glow [55], developed by Meta, is an open-source deep learning compiler that aims to opti-
mize deep learning models for inference on both server and edge devices. Similar to TVM,
Glow features high-level and low-level intermediate representations (HIR and LIR), facilitat-
ing fine-grained optimizations. While Glow is actively developed, its frontend support, par-
ticularly concerning ONNX, is limited. Moreover, Glow’s support for resource-constrained
hardware has not yet reached maturity, as evidenced by numerous open issues on GitHub
[56].

TFLite (TensorFlow Lite) [57], a deep learning framework originating from the TensorFlow
project, is designed to run on resource-constrained hardware such as mobile devices and
embedded systems. Contrary to the previously discussed compilers, TFLite is a runtime-
based library that invokes hand-optimized kernels. TFLM (TensorFlow Lite for Microcon-
trollers) [49] is an even more resource-aware version tailored to run on microcontrollers.
Similar to microTVM, it supports various hardware platforms. Nonetheless, both TFLite and
TFLM offer only limited support for hardware acceleration, partly due to their lack of com-
piler infrastructure. Correspondingly, they do not possess the ability to auto-tune or optimize
deep learning models for a specific hardware backend.

Deep Learning Mapping and Exploration Frameworks

In contrast to deep learning compilers, deep learning mapping and exploration frameworks
are not intended to generate executable code for a specific hardware backend. Instead,
their primary purpose is to provide a high-level interface for early DSE of deep learning
accelerators and the optimal mapping of deep learning workloads. The majority of these
frameworks are developed by academia and are not actively maintained. When authors
decide to open-source their work, it is often cumbersome to use, making the validation of
claimed results challenging. The most prominent deep learning mapping and exploration
frameworks include Maestro [58, 59], Timeloop and Accelergy [60, 61], and Interstellar [45].
Delving into the details of all these frameworks is beyond the scope of this thesis, and
interested readers are directed to the original papers.
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A notable exception among these frameworks is ZigZag [27], which is fully open-source
[62], well-documented [63], and actively maintained by researchers from KU Leuven. Now
in its second generation, ZigZag provides a range of easy-to-use examples. It offers a
suite of mapping algorithms and comes bundled with several hardware cost models for a
variety of different accelerators. Furthermore, a multi-chip version of ZigZag, named Stream
[32], has recently been released. Due to their open-source nature and advanced mapping
algorithms, ZigZag and Stream are highly integrable with existing deep learning compilers.
Consequently, we chose to incorporate them into the PAMA compiler.

3.1.2. Motivation

Although some of its internal components draw inspiration from earlier deep learning com-
pilers and frameworks, PAMA neither incorporates nor utilizes any existing deep learning
compiler. The primary motivations for developing a new compiler are as follows:

1. Utilization of a novel hardware cost model, which is not supported by existing deep
learning compilers.

2. Implementation of innovative genetic-algorithm-based memory planning and schedul-
ing algorithms.

3. Integration with deep learning mapping and optimization frameworks, such as ZigZag
and Stream.

4. Adoption of a custom datatype, called Posit, unsupported by existing compilers1.

5. Requirement to access and emit activations from within the network graph, including
intermediate tensor results, for verification and testing purposes.

6. Necessity to generate code for a custom runtime in a multi-file format, which would
demand extensive modifications to existing deep learning compilers.

7. Imperative need to scale the compiler to accommodate arbitrarily large deep learning
models across single and, in particular, multi-chip architectures with multiple acceler-
ators.

While all of these requirements could arguably be integrated into any existing deep learning
compiler, the necessary changes were deemed too invasive. Consequently, it was deter-
mined that the effort of developing a new compiler would be justified.

1While TVM does offer support for custom datatypes, the documentation is sparse, and integration within the
compiler’s core functionality is limited.
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Figure 3.1.: High-level overview of PAMA’s modular architecture and the MINO-
TAUR multi-chip model.

3.2. Architecture Overview

The PAMA deep learning compiler comprises three main components: the Frontend, the
Core, and the Backend (see Figure 3.1). The Frontend is responsible for calling into ex-
ternal mapping frameworks for annotations, parsing the input model, and converting it into
PAMA’s IR. The Core of the compiler is responsible for optimizing the IR and performing
pattern matching and operator fusion. The Backend is responsible for scheduling, memory
planning, and generating the final code for the accelerator. PAMA’s internal components
utilize a hardware cost model to query information about the chip and accelerator, such as
the systolic array and vector unit dimensions, the sizes of the on-chip memories, and the
latency of the supported operators.
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All of PAMA’s core functionality is implemented in approximately 6,000 lines of Python code
and 500 lines of C++ code. This includes around 1,000 lines of code for the Frontend, 2,000
for the Core, and 3,000 for the Backend. Although the codebase is not particularly large,
it is still extensive enough to warrant a modular design, hence the three main components.
Furthermore, this thesis is not concerned with the implementation details of the compiler
but rather with the design decisions and the overall architecture. Therefore, the interested
reader is referred to the source code for more details. Nevertheless, the following sections
will strive to provide a comprehensive overview of the essential components of the PAMA
compiler.

3.3. Frontend

The first of the three main components of the PAMA compiler is the Frontend. The Frontend
is primarily responsible for 1) preprocessing, 2) calling into any external mapping frame-
works for annotations, 3) parsing the input model, and converting it into the IR (see Fig-
ure 3.1).

3.3.1. Preprocessing

Preprocessing, as the initial step of the Frontend, prepares the input model for all subse-
quent steps of the compiler. Its tasks include 1) running a first pass of optimizations to
canonicalize the input model, 2) detecting the type of the input model, and 3) adjusting
the operator dimensions to meet the requirements of the Backend. All of these steps must
be performed before the model is passed to ZigZag for mapping. This is because ZigZag
requires the model to be in an optimally conditioned format.

Optimization

The first step of the preprocessing is to optimize and canonicalize the input model to the
extent that it can be passed to external mapping tools, such as ZigZag or Stream, for pro-
cessing. This is achieved by applying a set of transformations to the model, which are imple-
mented as a series of passes. Since all these optimizations are performed before the model
is parsed to the internal representation, they need to operate on the ONNX model directly.
For this purpose, PAMA leverages the ONNX Graph Surgeon library [64], which provides
a set of utilities for manipulating ONNX models. Akin to other compilers, PAMA also im-
plements common graph optimizations, such as constant folding, common sub-expression
elimination, dead code elimination, etc. These optimizations are performed partly here,
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during the import of the model in the Frontend, and partly during the optimization phase
in the Core (see Section 3.4.1). The reasons for optimizing the model are twofold: 1) to
improve performance and reduce memory footprint, and 2) to simplify and canonicalize the
model, which makes it easier to work with in the following steps. Optimizations are relevant
for the annotation phase and therefore need to be performed before the model is passed
to the ZigZag annotation tool. The general philosophy of these optimizations is to be as
hardware-independent as possible, with the idea being that we want to be able to reuse
the optimizations for other hardware targets and future SoCs. A comparison of the different
stages of the model and the IR throughout the various phases of the compiler is presented
in Appendix C.

Model Type Detection

In the next step, PAMA detects what kind of model it is working with. Currently, supported
types are CNN and Transformer. The type is not relevant for any core optimization, map-
ping, or planning features of the compiler. However, it is essential for the Backend code
generator, which needs to know which kind of dataset and data preprocessing it needs to
use to generate verification test benches. Since PAMA is currently only used for testing
and verification of the MINOTAUR accelerator, the two supported kinds of datasets include
image classification for CNNs (e.g., ImageNet [65] and CIFAR [66]) and natural language
understanding for Transformers (e.g., subsets of both GLUE [67] and SQuAD [68]). More
on the Backend code generation in Section 3.5.

The type is detected by examining several key features, e.g., which operators are present
in the model, which input and output tensor dimensions the model has, and what the macro
architecture looks like. These features are then used to classify the model into one of the
supported types through a simple set of rules.

Zero-Padding

DNNs operators that are to be run on the systolic array and vector unit need to have their
spatially unrolled dimensions (C and K) zero-padded to the nearest multiple of the systolic
array and vector unit dimension, i.e., multiples of 16 the case of MINOTAUR. While there ex-
ist accelerators that can handle arbitrary spatial dimensions by padding the input data during
runtime or by turning off unused PEs [69], this comes at the cost of increased latency, area,
and power consumption. It was therefore decided to zero-pad the input data for MINOTAUR
during compile time instead. The increased tensor size incurred by zero-padding the tensors
is negligible compared to the overall size of the tensor data and can thus generally be as-
sumed to be of almost zero cost. Additionally, the vast majority of tensor dimensions already
are multiples of the systolic array dimension and thus do not need to be zero-padded.
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Figure 3.2.: Example of tensor zero-padding on a classification layer in ResNet.

Zero-padding occurs as the final step of the Frontend’s preprocessing and is implemented
as a custom compiler pass operating on the ONNX graph. It iterates over each node in the
model, detects the operator type of the node, and determines whether the node’s spatial
dimensions need to be zero-padded. The reason for implementing zero-padding this early
in the compiler is that zero-padding needs to happen before passing the ONNX model to
ZigZag for annotation so that ZigZag (or any other mapping framework) can operate on the
zero-padded tensors and thus be able to correctly determine optimal loop-order and tiling
parameters.

Figure 3.2 shows an example of zero-padding on a fully-connected layer, as commonly found
in ResNet [2]. This layer is the last layer responsible for the classification of the input image
into one of the 1000 classes of ImageNet. The flattened input tensor has dimensions 512×1,
weight and bias have dimensions 1000×512 and 1000×1, respectively, and the output tensor
has dimensions 1000 × 1. Since fully-connected layers spatially unroll to 1 × C for input,
K×C and 1×K for weight and bias, and 1×K for output, all dimensions need to be zero-
padded to multiples of 16. While activations only need to have their dimensions adjusted,
weights and biases need to additionally have their actual data tensors zero-padded. The
process of detecting and zero-padding the tensors is somewhat convoluted and is therefore
omitted from this section. The reader is encouraged to look at the source code for more
details.

3.3.2. Annotation

After preprocessing, the ONNX model is forwarded to the next step in the compiler’s Fron-
tend, the annotation phase. During annotation, the optimal loop order and tiling parameters
for each node in the ONNX model are determined. This process is sometimes also referred
to as intra-operator scheduling [70]. The loop order and tiling parameters are annotated,
i.e., appended, as additional attributes to each node of the ONNX model. The notation used
is similar to the one presented in Section 2.3.2.

27



Annotation can happen in two different ways: either by using an external mapping tool, like
ZigZag or Stream, or by using PAMA’s internal naive annotator.

ZigZag

ZigZag [27] is the preferred and default annotation option due to its advanced optimization
and mapping features. PAMA makes use of ZigZag’s API and passes the ONNX model,
alongside the MINOTAUR cost model, to ZigZag for annotation. ZigZag then internally
parses both the ONNX and cost model. Following this, ZigZag performs a number of steps
to determine the optimal loop order and tiling parameters for each node in the ONNX model
with respect to the resources provided by the cost model. Going into any more details would
be out of scope for this thesis. For a more detailed description of ZigZag with respect to
PAMA and MINOTAUR, please refer to Appendix B, as well as the ZigZag documentation
and the ZigZag paper [27, 71].

Furthermore, ZigZag is able to estimate the performance of the annotated model in terms
of latency (clock cycles) and energy consumption (dynamic energy only, refer to Figure 2.7).
Additionally, ZigZag calculates how many words are read from RRAM on average per clock
cycle. All of this information is then appended to the ONNX model as attributes to the
corresponding nodes and returned to PAMA. It is important to note that ZigZag does not
perform any optimizations on the ONNX model. It does not alter the graph structure or fuse
any operators; it only annotates the model with information.

An example of the attributes added by ZigZag to the ONNX model is shown in Listing 3.2.
ZigZag extends the default node attributes, as depicted in Listing 3.1, by adding, amongst
others, the attributes loop_order, tiling, latency, energy, and rram_accesses. These
attributes are added to the ONNX model as strings, which PAMA then parses.

Naive Annotation

Apart from ZigZag and other external mapping tools, PAMA offers the alternative of using a
naive internal annotation mechanism. This option is primarily intended for debugging pur-
poses, as it does not run any optimizations; instead, it merely annotates the model employ-
ing a default loop order and simplistic tiling parameters. The loop tiling process is executed
by greedily accumulating the buffer loop level dimensions in a round-robin manner until each
buffer level is filled. Subsequently, the memory loop level is assigned the remaining dimen-
sions, enabling the naive annotator to consistently generate valid loop-tilings.
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name: "Conv_5"
op_type: "Conv"
attribute {
name: "dilations"
ints: 1
ints: 1
type: INTS

}
attribute {
name: "group"
i: 1
type: INT

}
attribute {
name: "kernel_shape"
ints: 3
ints: 3
type: INTS

}
attribute {
name: "pads"
ints: 1
ints: 1
ints: 1
ints: 1
type: INTS

}
attribute {
name: "strides"
ints: 1
ints: 1
type: INTS

}

Listing 3.1: Default ONNX Attributes

attribute {
name: "spatial"
strings: "(\’K\’,␣16)"
strings: "(\’C\’,␣16)"
type: STRINGS

}
attribute {
name: "buffer"
strings: "(\’OX\’,␣4)"
strings: "(\’OY\’,␣8)"
strings: "(\’K\’,␣2)"
strings: "(\’FX\’,␣3)"
strings: "(\’FY\’,␣3)"
strings: "(\’C\’,␣4)"
type: STRINGS

}
attribute {
name: "sram"
strings: "(\’K\’,␣2)"
strings: "(\’OY\’,␣7)"
strings: "(\’OX\’,␣14)"
type: STRINGS

}
attribute {
name: "data_words_per_cc"
f: 0.5
type: FLOAT

}
attribute {
name: "estimated_latency"
i: 903551
type: INT

}
attribute {
name: "estimated_energy"
f: 549091.0
type: FLOAT

}

Listing 3.2: Attributes added by ZigZag
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Due to the unsophisticated nature of the annotator, its utilization of hardware resources is
poor, and its use for serious workloads is not advised. Nevertheless, it may prove valuable
for debugging purposes, as it can annotate any ONNX model irrespective of the support
provided by the mapping tool.

3.3.3. ONNX Parser

Following the annotation phase, the ONNX model is forwarded to the ONNX parser. The
ONNX parser is responsible for parsing the ONNX model and generating the IR used
throughout PAMA’s stack. PAMA’s IR is built on top of a NetworkX DAG (Directed Acyclic
Graph) [72]. The IR comprises of node objects, with each node representing a DNN op-
erator, and tensor objects that represent edges, i.e., dependencies between nodes. The
NetworkX Python library offers a comprehensive set of utilities and graph algorithms, which
PAMA utilizes alongside its custom algorithms for various optimizations and transformations.
As the IR is a DAG, topological order traversal of the graph is possible. This traversal repre-
sents the default order for any passes operating on the IR in PAMA. An in-depth discussion
of parsing the ONNX model and IR is beyond the scope of this text. However, interested
readers are encouraged to consult the PAMA source code for further details.

Upon parsing the ONNX model, including all associated attributes, and after assembling the
DAG, the IR is transferred to the compiler’s core, where optimization, transformation, and
canonicalization take place.

3.4. Core

Once the Frontend has parsed the ONNX model and generated the IR, the compiler’s Core is
invoked. Its responsibilities encompass 1) graph-level optimizations and 2) pattern matching
and operator fusion.

3.4.1. Optimization

In contrast to the Frontend optimizations (refer to Section 3.3.1), the Core optimizations in
PAMA target the IR rather than the ONNX model. These optimizations are notably more
aggressive, as they can significantly modify the graph structure. Such alterations are crucial
for canonicalizing the model, ensuring that pattern matching and operator fusion effectively
identify and fuse all potential patterns in subsequent steps. It is essential to maintain the
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functional correctness of the graph throughout this process. For further details on this topic,
readers are directed to the seminal works by Jia et al. [73, 74], which discuss functional
correctness of the DNN graph during optimization.

In PAMA, optimizations are implemented as passes, and executed in a user-specified, fixed
order. The design of PAMA’s passes emphasizes independence to facilitate straightforward
reuse and combination. However, the order in which the passes are combined can be criti-
cal, as some passes depend on the output of previous ones. This functionality is analogous
to the Pass Manager infrastructure in TVM [26].

As an exhaustive list of all optimizations and transformations exceeds the scope of this text,
we present a single illustrative example: PyTorch generates multiple operators within the
ONNX model that do not directly execute any computation, such as the Flatten operator.
While these operators are crucial for maintaining model correctness, their functions are
implicitly carried out by the MINOTAUR accelerator. To keep the MINOTAUR patterns simple,
it is advantageous to eliminate these operators from the model. For instance, in the case of
ResNet-style models, the functionality of the Flatten operator will be implicitly performed by
the preceding GlobalAvgPool operator during execution on MINOTAUR. Consequently, the
Flatten operator can be removed using the RemoveFlatten optimization pass in PAMA. An
example of the RemoveFlatten pass applied to the IR of ResNet18 is provided in Appendix
Appendix C.

3.4.2. Pattern Matching and Operator Fusion

The Core component of the compiler is also responsible for performing pattern matching
and operator fusion, facilitated by PAMA’s PME (Pattern Matching Engine) (refer to Algo-
rithm 3). The primary objective of this process is to identify explicit operations in the graph
that can be executed consecutively on the accelerator, reducing the number of required
memory transfers and improving runtime performance. Upon detecting a fusible pattern, it
is replaced with a single fused operator, which subsequently executes in place of the orig-
inal set of operators. In essence, the PME of PAMA performs just another series of graph
substitutions.

Designed to be as generic as possible, the PME aims to be compatible with any DNN model
and hardware architecture. Furthermore, it is highly modular, allowing for easy extension to
support additional patterns and operators.

The PME is outlined in Algorithm 3, with its input consisting of the IR and the patterns
supported by the MINOTAUR accelerator (refer to Listing 3.3). These patterns are specified
using a regular expression-style syntax, wherein each operator type is denoted by a distinct
keyword: CONV for convolutions, RELU for ReLU, and so on. Pattern matching is conducted
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Algorithm 3: PAMA Pattern Matching Engine
Data: Graph G, MINOTAUR Patterns P
Result: Graph G with fused operators

1 begin
2 pattern_list← [Pattern(G.top_node)]
3 while pattern_list 6= [ ] do
4 active_pattern← pattern_list[0]
5 child_nodes← active_pattern.child.getChildren()
6 if Len(child_nodes) > 1 or active_pattern+ child_nodes[0] 6∈ P then

// Fuse the pattern into the parent nodes
7 active_pattern.parent.fuse(active_pattern)
8 pattern_list.remove(active_pattern)
9 foreach child_node ∈ child_nodes do

10 pattern_list.append(Pattern(child_node))

11 else
12 active_pattern.append(child_nodes[0])

13 pattern_list← TopologicalSort(pattern_list)

14 return G

in a top-down manner, meaning that the PME starts at the top of the graph and matches
the pattern from the top down. This approach stands in contrast with the bottom-up method
employed by TVM’s BYOC (Bring Your Own Codegen) pattern matching process [26].

Listing 3.3: MINOTAUR Patterns
conv_pattern =

"(CONV|DENSE)(->ADD)?(->RELU)?(->(MAXPOOL|AVGPOOL))?(->TRANSPOSE)?"
transformer_pattern = (

"(MATMUL(->BIAS)?)"
+ "|(MATMUL->BIAS(->(RESHAPE|RELU|ADD))?)"
+ "|(MATMUL->BIAS->RESHAPE->TRANSPOSE)"
+ "|(TRANSPOSE(->RESHAPE)?(->MATMUL)?(->(BIAS|DIV))?(->ADD)?)"
+ "|(SOFTMAX)"
+ "|(MUL(->BIAS)?)"
+ "|(GATHER(->DENSE)?)")

regex_pattern =
("^(INPUT|OUTPUT|("+conv_pattern+")|("+transformer_pattern+"))$")

At the heart of the PME is the Pattern object, which holds references to each operator
or node within the graph that forms part of the pattern. The algorithm maintains a list of
currently open patterns comprising of Pattern objects (pattern_list). This list is initialized
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Figure 3.3.: Example of the pattern matching process running on the first
part of a ResNet18 model.

with a single Pattern object containing the graph’s starting node. Subsequently, the algorithm
starts iterating over all child nodes of the current pattern, specifically all child nodes of the
pattern’s last matched node.

MINOTAUR, along with most existing accelerators, supports only linear patterns without
branches. Consequently, if more than one child node exists, the pattern matching process
is halted, and the currently matched pattern is fused. Similarly, if appending the current
child node to the pattern would result in an unsupported pattern for the accelerator, pattern
matching is terminated, and the pattern is fused. Otherwise, the current child node can
be appended to the pattern. The patterns within the pattern_list are then topologically
sorted, and the shallowest pattern is chosen next.
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Fusing nodes is a non-trivial task, as it necessitates updating the incoming and outgoing
edges of all nodes within the pattern. Due to the complexity of this process, we will not
delve into the details here. Readers seeking further information are encouraged to consult
the PME’s source code.

A key advantage of PAMA’s PME is the ease with which new patterns can be added to
the pattern matching process. This is achieved by simply appending a new pattern to the
list of patterns (refer to Listing 3.3). In contrast, TVM’s BYOC pattern matching requires
the laborious implementation of new pattern matching rules for each new pattern in C++ or
Python.

Figure 3.3 depicts an example of the PME operating on the first few nodes of ResNet18.
The PME is able to fuse the model’s first three nodes into a single Conv operator (blue).
Fusing more nodes is not possible due to the fact that the MaxPool node has two children,
which halts the pattern matching process and triggers a fuse event. The PME then iterates
over the children of the MaxPool, attempting to create new Patterns. While this is successful
for the Conv node, it fails for the Add node, as Patterns can start with a Conv but not with
an Add (see Listing 3.3). The pattern PME proceeds to fuse the Conv and ReLU nodes
(green), as well as the Conv, Add, and ReLU operators (orange). It is important to note that
there is no constraint on the number of incoming edges for a node in a pattern. The fuse
mechanism of the PME handles updating the incoming and outgoing edges for all nodes
within the pattern.

The complete ResNet18 IR prior to and following the application of the PME is presented
in Appendix C. Through the utilization of the PME, the original 49 nodes in ResNet18 are
consolidated into 21 fused nodes, signifying a substantial reduction in the number of required
reads and writes. In the context of ResNet18, this fusion process can potentially yield up to
a 6-fold decrease in memory accesses for each fused pattern2.

3.5. Backend

The Backend represents the final component among the three main components in the
compiler, running after the Core completes pattern matching and operator fusion processes.
The Backend is responsible for 1) Scheduling, 2) Memory planning, and 3) Code and data
generation. In the subsequent sections, we will delve into each of these tasks in greater
detail.

2In Figure 3.3 the third (orange) pattern encompasses a Conv, with an implicitly fused Bias, an Add, and a
ReLU node, culminating in three places where one read, and one write can be saved, i.e., a 6x reduction of
memory accesses.
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3.5.1. Scheduling

Within the context of the PAMA Backend, scheduling refers to the determination of the exe-
cution order of the nodes in the model. PAMA creates the schedule statically, i.e., at compile
time, since all the nodes in the model and their interdependencies are known. Consequently,
the compiler can perform holistic optimizations that are more aggressive than those attain-
able in a dynamic scheduling environment, where scheduling decisions are made at runtime
[75].

Single-Chip Scheduling

Single-chip scheduling is relatively straightforward, as there is only a single computation oc-
curring at any given moment. When only considering latency and due to the fact that all data
needs to be written to main memory between nodes3, the scheduling problem is reduced to
the problem of finding a valid topological ordering of the graph. This is a well-known problem
in computer science and can be solved in linear time using any valid topological sort. We
will call this the topological schedule.

Finding the topological schedule for simple networks, such as AlexNet or ResNet18, is triv-
ial as there is only one valid order in which the nodes can be executed. However, when
dealing with more complex models featuring multiple parallel paths through the network, the
scheduling problem becomes increasingly challenging. Such paths can also emerge due to
depth-first execution or layer splitting (see Appendix B.2). In these instances, the compiler
has the opportunity to reorder the nodes in the schedule, enabling optimizations. These
optimizations are performed with respect to a specific objective function (also known as a
cost function), such as minimizing execution time or energy consumption. Nevertheless, the
compiler must consistently ensure that dependencies between nodes are maintained.

It is important to realize that scheduling decisions directly influence the memory footprint
of the model. This concept is illustrated in Figure 3.4 using a simplistic synthetic network
consisting of five layers (L0 to L4). Each layer produces an output tensor, which becomes
the input for the subsequent layer. The critical observation is that the output tensor of L0
(T0) and the output tensor of L3 (T3) are twice the size of the other tensors. As a result, it is
beneficial to avoid keeping both of these tensors in memory simultaneously. In the network
depicted in Figure 3.4, the compiler has three options for scheduling the network by shifting
the execution of L1. In case A, where the layers are executed in the order L0, L2, L1, L3, L4,
the compiler separates the execution of L0 and L3 to the greatest extent possible, ensuring
that T0 and T3 are never in memory concurrently. This schedule is optimal for this specific

3We assume that keeping activations in local buffers between nodes achieves minimal savings.
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Figure 3.4.: Example illustrating the impact of scheduling on the memory
footprint of a model.

network, as it minimizes the memory footprint. In case B, where the layers are executed in
the order L0, L2, L3, L1, L4, T0 and T3 must be held in memory simultaneously, leading to
a 25% increase in peak memory usage (red hatched area in schedule B in Figure 3.4).

Besides peak memory usage, the memory footprint is also a significant determinant of the
system’s energy consumption. Therefore, the compiler must be capable of scheduling the
operators in a way that minimizes the overall memory footprint. Several heuristics attempt
to address this problem by greedily shifting nodes according to their input or output ten-
sor sizes. However, they have demonstrated poor performance in determining the optimal
schedule with respect to energy constraints.

The above presented example highlights the importance of scheduling with respect to mem-
ory footprint and underscores the need for a holistic co-optimized approach to scheduling
and memory planning. In the following Section 3.5.2, we will discuss novel algorithms im-
plemented in PAMA to address this problem.
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Multi-Chip Scheduling

The multi-chip scheduling problem is inherently linked to the challenges of partitioning and
mapping nodes onto a multi-chip system [32]. Due to the complexity of this problem, a de-
tailed discussion will not be provided here. However, once multi-chip scheduling and layer
partitioning to each chip are performed, the scheduling problem essentially reduces to a
single-chip scheduling problem. Nevertheless, inter-chip dependencies and communication
costs must be considered. In order to implement the multi-chip schedule, PAMA needs to
integrate tightly with the MINOTAUR runtime, losing the ability to perform scheduling (and
memory planning) in isolation. This is because the scheduling decisions made by the com-
piler must be synchronized with the runtime, which is responsible for executing the schedule
in a significantly more complicated environment than in the single-chip case. Arriving at a
solution to this problem is beyond the scope of this thesis and will be discussed in future
work. For further information, please refer to Section 5.2, as well as Appendix B.2, where
we discuss the challenges of scheduling in a multi-chip environment and lay out a holistic
approach to the problems of partitioning, scheduling and memory planning.

3.5.2. Memory Planning

Memory in embedded devices constitutes a valuable resource, both directly in terms of
available memory size and indirectly through its power consumption. Memory planning, i.e.,
determining the placement of parameter and activation tensors in the memory, is, therefore,
a central component of the PAMA Backend and one of the key contributions of this work.
While previous compilers and frameworks focused exclusively on peak memory usage, this
work takes a novel holistic approach by optimizing both peak memory usage and energy
consumption of the memory simultaneously.

Preliminaries

The here presented memory planning algorithms address the explicit memory planning hap-
pening in the primary system memories, i.e., RRAM and SRAM. Implicit memory planning,
wherein the compiler determines the placement of weights and biases in the memory hi-
erarchy (i.e., local buffers and registers) through the tiling and loop-ordering processes, is
described in Section 2.3.2, as well as in Appendix B and Symons et al. [71].
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The input to the memory planning stage is the graph coming from scheduling. The order of
execution for each node is thus fixed4, and it is the compiler’s task to determine the location
of all tensors in the graph. This is achieved by assigning the address fields in every node in
the PAMA IR. The following address fields are relevant for the memory planning stage:

• input → all nodes (SRAM)

• output → all nodes (SRAM)

• weight → if node has weights (RRAM) or a 2nd input tensor (SRAM)

• bias → if node has bias (RRAM)

• residual → if node has a residual connection (SRAM)

To elucidate the process of setting these addresses, we examine two representative nodes
depicted in Figure 3.5. The first example (left side) is a fused Conv node from ResNet, which
comprises a Conv, a bias Add, a ReLU, and a residual Add. The input tensor for the fused
Conv is stored in SRAM, the weight is stored in RRAM. The bias for the initial Add is also
stored in RRAM. The ReLU does not necessitate any additional data. The second Add is not
a bias operation but a residual addition. As a result, its second input is stored in SRAM,
and not in RRAM, as it was generated by a prior operation in the graph. This information
is not explicitly stored in either the ONNX representation or PAMA’s IR. Consequently, the
compiler must deduce this information from the surrounding context during the memory
planning phase. A similar challenge arises in transformer models, such as MobileBERT
(right side). Here, the inputs to a fused MatMul operation may originate from either RRAM,
in which case the MatMul is a dense layer, or SRAM, indicating that the MatMul is part of
an attention head [12]. The compiler once again has to infer the source of such operations
from the context.

These two examples underscore the complexities encountered beyond the core task of
memory planning. The problem becomes progressively more intricate as the number of
distinct memories within a system increases.

SRAM Planning

During SRAM planning, the compiler is responsible for determining the optimal placement
of each activation tensor in SRAM. To achieve this, a unique address is assigned to each
activation tensor generated by a node. This task is made more complex due to the fact
that all nodes share the same SRAM. As a result, the compiler must ensure that activation
tensors produced by distinct nodes do not overlap in memory, preventing tensors from being

4With the exception of the Genetic Co-Optimization memory planning strategy, where scheduling also occurs
during the memory planning step
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Figure 3.5.: Two examples of non-trivial memory planning based on surrounding
context. Left: a fused convolutional layer. Right: a fused matrix multi-
plication layer.

overwritten before they are consumed. Furthermore, the memory in MINOTAUR is organized
as a collection of memory banks rather than a single contiguous block. Each memory bank
can be individually power-gated to conserve energy when not in use (see Section 2.4).
Therefore, the compiler must not only prevent overwriting but also arrange activations in
SRAM in a way that minimizes both power consumption and peak memory usage.

Greedy SRAM Planning The predominant memory planning algorithm for resource-
constrained devices today was first proposed by Pisarchyk et al. in [76]. It is employed by
both TVM and TFLM as the default option when compiling to resource-constrained systems.
This algorithm also serves as the foundation for the greedy algorithms used in PAMA and is
detailed in Algorithm 4. Instead of only using a fixed by size sorting function, PAMA allows
the user to specify the sorting function F as a parameter, thus generalizing the greedy
sorting heuristic. PAMA features the following cost functions as ready-to-use options:

• Size: The size of the tensor in bytes, i.e., spatial size (as per the original implementa-
tion).

• Duration: The duration of the tensor’s lifetime, i.e., temporal size.

• Area: The product of the tensor’s size and its duration.

• Schedule: The order of the nodes in the schedule.

The size of a tensor is the product of the tensor’s dimensions and the data type’s size:
size =

∏n
i=1 dimi × data_type_size. Since MINOTAUR uses a 1-byte (8-bit) datatype for

activations, the tensor size is calculated as follows: size = OX×OX×K×1. The tensor’s
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Algorithm 4: Greedy SRAM Planning
Data: Graph G, SRAM Model M , Cost Function F
Result: Graph G with SRAM addresses, SRAM usage

1 begin
// Usage records are triplets: (Nprod, dprod, dcons)

2 usage_records← GenerateUsageRecords(G)
3 usage_records← Sort(usage_records, F )

// Offset reserves space for stack+heap
4 peak_usage←M.offset
5 allocated_usage_records = {}
6 foreach ur ∈ usage_records do
7 prev_offset← 0
8 best_offset← None
9 smallest_gap←∞

10 foreach aur ∈ allocated_usage_records do
11 max_first_op←Max(aur.dprod, ur.dprod)
12 min_last_op←Min(aur.dcons, ur.dcons)
13 if max_first_op ≤ min_last_op then
14 gap← aur.Nprod.output_addr − prev_offset
15 if gap ≥ ur.Nprod.output_size and gap < smallest_gap then
16 best_offset← prev_offset
17 smallest_gap← gap

18 prev_offset←
Max(prev_offset, aur.Nprod.output_addr + aur.Nprod.output_size)

19 if best_offset = None then
20 best_offset← prev_offset

21 ur.Nprod.output_addr ← best_offset
22 peak_usage←Max(peak_usage, best_offset+ ur.Nprod.output_size)
23 if peak_usage ≥M.size then
24 return peak_usage

25 allocated_usage_records.append(ur)
26 usage_records← Sort(usage_records, F )

27 return G, peak_usage
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lifetime duration is the difference between the depths of the last consuming node and the
producing node: duration = dcons − dprod. The tensor’s area is the product of its size and
duration: area = size × duration. The schedule of a node refers to the order in which the
nodes are scheduled in the graph.

The initial step of the greedy algorithm involves generating usage records for every tensor
in the graph. Each usage record is a triplet consisting of a reference to the producing node,
the depth of the producing node (i.e., the time the tensor is created), and the depth of the
last consuming node (i.e., the time of the tensor’s last use): (Nprod, dprod, dcons). The depth
of a node represents the number of topological generations one has to traverse to get from
the input node to the node in question.

Once the usage records are sorted, the algorithm iteratively assigns each tensor to the first
available memory address where the tensor is able to fit. In this context, fitting entails avoid-
ing both spatial and temporal overlap with any tensor already placed. This check occurs
in lines 13-14 of Algorithm 4. If the tensor does not fit, the algorithm assigns it a memory
address above the allocated space and increments the peak_usage. Upon completing this
process, the algorithm assigns the tensors addresses to their corresponding nodes. The al-
gorithm then returns the graph with the assigned memory addresses and the SRAM’s peak
usage.

Following the allocation of tensors, power-gating of the SRAM banks is performed. During
power-gating, the compiler turns off banks that are not in use at the current point in time.
It does this by evaluating the memory usage at every memory state change in time. In
addition, it is able to put banks into retention in case the tensors are not actively accessed
but required at a later stage.

An example of SRAM allocation with power gating for ResNet18 is illustrated in Figure 3.6.
Black lines inside the tensors indicate that the accelerator is actively computing, i.e., writing
to, the specific tensor. As can be seen, the compiler is able to turn off a vast majority of the
banks completely and put some of the banks into retention for short periods of time. This
leads to a significant reduction in power consumption. The lowest 128 KB are occupied by
the system’s runtime stack and must remain available at all times.

Although this greedy algorithm is straightforward to implement, it possesses several draw-
backs. Firstly, it is oblivious to the banked architecture of the SRAM, which means it naively
assigns tensors to memory banks without considering power consumption. Secondly, it
cannot leverage potential temporal flexibility in the schedule (see Figure 3.4), resulting in
possibly suboptimal allocations.
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Figure 3.6.: SRAM allocation and power gating of ResNet18 using the MINOTAUR
memory model. White: Bank off, Hatched-Grey: Bank in retention,
Gray: Bank on. The colors assigned to each tensor are randomly
generated and do not carry any deeper meaning.

Genetic SRAM Planning Owing to the intricate nature of power-aware memory planning,
it was decided to forgo implementing a power-aware memory planning algorithm by hand5

and instead employ a genetic algorithm to optimize the memory allocation. This approach
also facilitates the co-optimization of the schedule and memory allocation.

The genetic algorithm employed in PAMA is implemented using the DEAP (Distributed Evo-
lutionary Algorithms in Python) library [77]. Genetic algorithms are heuristic search algo-
rithms inspired by the process of natural selection and based on the principle of survival of
the fittest. The fittest individuals are selected for reproduction, while the less fit individuals
are discarded. The algorithm implemented for SRAM planning in PAMA is delineated in
Figure 3.7. It starts by generating a population of individuals, where each individual encom-
passes two permutations. The first permutation represents the schedule of the nodes in the
graph, and the second permutation determines the SRAM allocation order of usage records,
supplanting the sorting function F previously used for sorting. This hybrid approach, which
maintains reliance on the greedy allocation algorithm instead of permitting the genetic al-
gorithm to choose arbitrary memory addresses, drastically reduces the search space, thus
enabling the genetic algorithm to converge in a reasonable time frame.

5This could be achieved by, for instance, formulating the problem as a ILP (Integer Linear Programming) and
using a solver to optimize it.
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Figure 3.7.: Control flow of the genetic algorithm based memory planning algo-
rithm.

Subsequently, the individuals are evaluated, and the fittest subset is selected for reproduc-
tion. The evaluation is conducted by first scheduling the graph using the schedule permu-
tation, followed by allocating the tensors according to the SRAM permutation. The SRAM
planning step also incorporates power gating. Utilizing the MINOTAUR memory model, the
energy cost of this specific allocation is estimated. The fitness of an individual is the inverse
of the peak memory usage and the estimated energy. Based on the weighted sum of these
fitness values, the least fit individuals are discarded. The remaining individuals are then
paired up and crossed over. Crossover is executed by randomly selecting a crossover point
in the permutation and exchanging it between the two individuals. The resulting individuals
are then mutated. The mutation is carried out by randomly swapping the permutation. The
resulting individuals are added to the population, and the process is reiterated until either a
termination condition is met or the desired number of generations has been reached. For
a more comprehensive overview of the genetic algorithm internals and its parameters, refer
to Appendix A. In addition to the co-optimization variant, where both permutations are op-
timized, a variant optimizing only the memory allocation order is also implemented. They
are referred to as Genetic (allocation only) and Genetic Co-Optimization (allocation and
schedule), respectively.
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The property that individuals can be evaluated independently from each other renders the
genetic algorithm highly parallelizable, allowing for close to linear speedup on multi-core
CPUs. This makes it possible to evaluate a large number of individuals in a short amount of
time, which is crucial for the genetic algorithm to converge to a good solution.

A salient issue with the genetic SRAM planning algorithm is that, depending on the con-
straints, a substantial number of illegal individuals are generated. The two pertinent con-
straints in the case of SRAM planning, as depicted in evaluation and selection in Figure 3.7,
involves whether the schedule adheres to all graph dependencies and whether the peak
memory usage fits within the SRAM. While these constraints are trivial to verify, generating
valid individuals is not. The rationale behind this is that the genetic algorithm is not intrin-
sically cognizant of the graph dependencies or the SRAM size. Generating a large number
of unwanted illegal individuals reduces efficiency and can lead to a significant slowdown
of evolution. See Figure 4.9 in Section 4.3.2 for a comparison of the performance of the
genetic algorithm with and without constraints.

RRAM Planning

Similar to SRAM, RRAM in MINOTAUR is also banked. However, unlike tensor data in
SRAM, the parameters stored in RRAM must be retained in memory across multiple infer-
ences, eliminating the possibility for temporal reuse of RRAM. At first glance, this appears to
simplify the task of RRAM planning. Nonetheless, RRAM cells exhibit considerably higher
power consumption compared to their SRAM counterparts, making the energy consump-
tion of RRAM banks a critical consideration. As a result, distinct bandwidth modes (see
Section 2.4.1) were devised, necessitating the development of a novel Bandwidth Aware
memory planning algorithm.

PAMA offers three distinct RRAM planning algorithms: Min Size, Min Overlap, and Band-
width Aware. As their names suggest, Min Size focuses on minimizing the utilized RRAM
size, while Min Overlap aims to reduce the overlap of weight and bias tensors with bank
boundaries. The Bandwidth Aware algorithm, in contrast, prioritizes power efficiency by al-
locating parameter tensors in a manner that matches the specific bandwidth requirements
of each node. By default, tensors are assigned a bandwidth mode of 4 (Quad), correspond-
ing to an access latency of a single clock cycle and necessitating distribution across four
RRAM banks. However, if a layer does not demand a new word during each clock cycle, the
bandwidth mode can be decreased. For instance, a layer requiring a new word every two
clock cycles can be assigned a bandwidth mode of 2 (Dual), enabling allocation across only
two RRAM banks and thereby reducing static RRAM power consumption by 50%.
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Min Size Both Min Size and Min Overlap are greedy algorithms. They naively assume all
parameters have the highest bandwidth requirement, i.e., Quad. In the case of Min Size,
the parameter tensors are allocated to RRAM banks one after another. Due to the fact that
all accesses to RRAM need to be word aligned, padding is inserted between addresses
where necessary. This process is repeated until all tensors have been allocated. While
this guarantees the lowest possible number of RRAM banks is used, it leads to tensors
overlapping with bank boundaries, resulting in the need to keep more RRAM banks active
than necessary.

Min Overlap In the case of Min Overlap, the parameter tensors are first sorted by size
and then allocated to RRAM in a similar fashion to Min Size. However, the allocation is
performed in such a way that the overlap with bank boundaries is minimized. This is done
by searching over all possible super bank allocations for each tensor and selecting the one
with the lowest amount of overlap. The algorithm is essentially an unweighted version of
the Bin Packing problem with overflow into the next super bank. The bins are the RRAM
banks and the items are the tensors. After planning is done, there might be wasted space in
the final allocation. However, overall power consumption is lower than for Min Size, as the
number of tensors overlapping with bank boundaries should be minimal. The Min Overlap
strategy for ResNet18 parameters is depicted in Figure 4.1.

Bandwidth Aware Bandwidth Aware RRAM planning aligns the bandwidth provided by
the RRAM with the bandwidth demanded by the layer, which further decreases the num-
ber of active banks needed at any given moment, thereby reducing power consumption.
The general procedure for Bandwidth Aware memory allocation in MINOTAUR is outlined in
Algorithm 5. Nonetheless, as with all algorithms presented here, the actual Python imple-
mentation is considerably more intricate. The interested reader is once again referred to the
source code for a comprehensive description, including any edge cases not addressed in
this section.

Since not all parameter bandwidth configurations are allocatable, the Bandwidth Aware al-
gorithm is not guaranteed to find a valid solution. If no solution is found, the algorithm
elevates the Bandwidth Mode of the tensor during whose allocation the algorithm failed to
the next higher mode. It then resets the addresses and retries (lines 50-55). If the tensor
is already in Quad bandwidth mode, the largest tensor in the graph not in Quad mode is
selected. This procedure is repeated until a solution is found or all tensors are promoted to
Quad mode. In the latter case, the RRAM is too small to allocate the graph using Bandwidth
Aware allocation, and the algorithm reverts to Min Size (lines 20-25).

The actual Bandwidth Aware RRAM planning begins in line 2 by sorting the parameter ten-
sors of all nodes by bandwidth mode and size in descending order. This ensures that the
bulkiest tensors are allocated first. This is crucial because the largest tensors are most likely
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Algorithm 5: RRAM Bandwidth Aware
Data: Graph G, RRAM Model M
Result: Graph G with RRAM addresses, RRAM usage

1 Function PlanRRAM(G,M ):
// Sort nodes by bandwidth mode, then by parameter size

2 sorted_nodes← Sort(G.nodes, bw_mode+ ε× param_size)
3 fill_level← {0, . . . ,M.num_banks− 1}
4 foreach node ∈ sorted_nodes do
5 num_superbanks←M.num_banks/node.bw_mode
6 allocation_costs← {0, . . . , num_superbanks− 1}
7 leftover_space← {0, . . . , num_superbanks− 1}
8 tensor_size← roundUp(node.weight_size, M.word_size) +

roundUp(node.bias_size, M.word_size)
9 foreach superbank_start ∈ {0, . . . , num_superbanks− 1} do

10 remaining_tensor_size← tensor_size
11 foreach super_bank ∈ {superbank_start, . . . , num_superbanks− 1} do
12 allocation_costs[superbank_start]←

allocation_costs[superbank_start] + 1
13 free_space_in_superbank ←

(M.bank_size− fill_level[super_bank])× node.bw_mode
14 remaining_tensor_size←

remaining_tensor_size− free_space_in_superbank
15 if remaining_tensor_size ≤ 0 then
16 leftover_space[superbank_start]← −remaining_tensor_size
17 break

18 else
19 allocation_costs[superbank_start]←∞

20 if All(allocation_costs =∞) then
21 if All(sorted_nodes.bw_mode = 4) then
22 Allocation impossible, fall back to Min Size...

23 else
24 Promote(node.bw_mode)

// Alternatively, promote node with largest params and
bw_mode 6= 4

25 return −1

// Get starting bank with lowest allocation cost, tiebreak by
lowest leftover space (best fit)

26 min_cost_start← ArgMin(allocation_costs+ ε× leftover_space)
27 num_allocations← allocation_costs[min_cost_start]
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30

31

// RRAM controller can only handle bank_offset in last allocated
super bank (NumPy slicing syntax)

32 if Any(fill_level[min_cost_start :
(num_allocations− 1)× node.bw_mode] > 0) then

33 Promote(node.bw_mode)
34 return −1
35 remaining_tensor_size← tensor_size
36 foreach superbank ∈ {min_cost_start×

node.bw_mode, . . . ,M.num_banks− 1} step node.bw_mode do
37 free_space_in_bank ←

(M.bank_size− fill_level[superbank])× node.bw_mode
38 this_allocation← min(free_space_in_bank, remaining_tensor_size)
39 remaining_tensor_size←

remaining_tensor_size− free_space_in_bank
40 if node.weight_addr = None then
41 node.weight_addr ←

fill_level[superbank]× node.bw_mode+ superbank ×M.bank_size

42 else
// (NumPy-like slicing and broadcasting syntax)

43 node.bank_offsets[superbank : superbank + node.bw_mode]←
fill_level[superbank]

44 fill_level[superbank : superbank + node.bw_mode]← this_allocation
45 if remaining_tensor_size ≤ 0 then
46 node.bias_addr ← fill_level[superbank]× node.bw_mode+

superbank×M.bank_size− roundUp(node.bias_size, M.word_size)
47 break

48 rram_used← Sum(fill_level)
49 return rram_used

50 begin
51 rram_used← 0
52 repeat
53 Reset(RRAM addresses ∈ G)
54 rram_used← PlanRRAM(G,M)

55 until rram_used > 0
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to overlap with bank boundaries, and allocating tensors spanning more banks first minimizes
the risk of creating wasted space (or empty holes). Throughout the allocation process, the
algorithm keeps track of the fill_level for each bank (line 3), which indicates the number
of bytes already allocated to each bank. It then iterates over each parameter tensor in the
previously sorted list (line 4). For each tensor, it iterates over all super banks, attempting
to allocate the tensor starting at the specific super bank (line 9). For each super bank, we
record the allocation’s cost, i.e., the number of banks that must be active for this particular
allocation (line 12). After completing this process for all super banks, we choose the allo-
cation with the lowest cost (line 26). We use the leftover_space in the allocation’s last
bank as a tiebreaker, selecting the allocation with the lowest leftover space (best fit). Due to
constraints imposed by the RRAM architecture, an allocation spanning multiple super banks
may only use offset registers in the allocation’s last bank. This is verified by lines 27-34. If
the allocation is invalid, we proceed similarly to the explanation above.

Upon determining a the best allocation, the actual allocation process commences. The
algorithm iterates through all super banks, starting with the super bank where the allocation
begins (line 36). The available space within the current super bank is calculated (line 37),
and if it is the first iteration over the super banks, the weight address is assigned (line 41).
In the event that it is not the first iteration, the RRAM offset registers address is set (line 43)
using the banks’ fill_level. In both instances, the fill_level is updated subsequently.
During the final iteration, when the entirety of the tensor has been allocated, the tensor bias
address is assigned by subtracting the rounded bias size from the fill_level of the last
bank (line 46), and the loop is exited. The final step involves summing the fill_level of
all banks to obtain the total size of the RRAM required for this specific allocation (line 47).

The Bandwidth Aware algorithm applied to the ResNet18 parameters is illustrated in Fig-
ure 4.2. By setting all tensors to operate at full bandwidth, i.e., Quad mode, the Bandwidth
Aware algorithm becomes functionally equivalent to the Min Overlap algorithm discussed
earlier.

Wear Leveling An essential consideration in RRAM planning is long-term wear leveling.
Non-volatile memories, such as RRAM, possess limited write endurance before memory
cells succumb to permanent failure. In the absence of a wear leveling algorithm in the mem-
ory controller, the memory planner has to incorporate one. This is especially important in
on-device learning scenarios, where the RRAM is constantly being written to during train-
ing. A simplistic wear leveling approach might involve randomizing tensor locations within
the RRAM array. Nevertheless, this method would be suboptimal, as it does not consider
the spatial locality of the data. More advanced concepts for RRAM wear leveling exist, with
some being directly applicable to deep learning applications.
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CHIMERA [29, 39] presented ENDURER, a technique that enhances the lifespan of non-
volatile memories by filtering writes to frequently written memory words and distributing
writes evenly across the memory using a pseudo-random number generator to update ad-
dress offsets for remapping. ENDURER was implemented inside the RRAM controller to
minimize impact on system performance.

At present, neither the compiler nor the RRAM controller implement a wear leveling algo-
rithm. However, the compiler’s memory planner has been designed for easy extensibility,
rendering the implementation of a wear leveling algorithm, similar to ENDURER, relatively
straightforward. This aspect is left for future work.

3.5.3. Code Generation

Once the memory planning has been completed, and all addresses have been determined,
the final stage in the Backend process is code generation, also known as Codegen. Cur-
rently, PAMA features two Codegen backends, both targeting the MINOTAUR testing and
verification infrastructure, as described in Section 3.6. This section delves into the imple-
mentation details of these two Codegen backends. Due to the modular nature of PAMA, in-
tegrating additional Codegen backends is relatively straightforward. A new Codegen needs
to inherit from the Codegen abstract base class and implement the necessary methods,
which serve as entry points for the new Codegen. For further information, the reader is
encouraged to examine the source code of the existing backends.

C-Struct Gen

The primary Codegen Backend is the C-Struct Codegen, which generates a C++ header
file containing an array of C-Structs and several supplementary data structures. An ex-
ample of code generated by the C-Struct Codegen for a ResNet18 model can be found in
Appendix C.

A comprehensive discussion of all implementation nuances or the specification of each field
would exceed the scope of this thesis. So instead, we will provide a high-level overview of
the general architecture of the Codegen and provide insights into the most pertinent files
and their contents.

The C-Struct Codegen inherits from the Codegen base class CStructCodeGen(CodeGen),
which mandates the implementation of several methods, including the run() method. This
method serves as the callback function when the Codegen is invoked. Its parameters include
the IR graph, an output directory for the artifacts, and an integer specifying the number of
reference tensor sets to generate. If this number is greater than zero, the original ONNX
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model and a path to the directory containing the dataset used to generate the reference
tensor are also required. For instance, in the case of a typical CNN, the ImageNet dataset
would be used.

The Codegen begins by iterating over the graph, creating a CStructInstrGen() object for
every node. This object is responsible for generating a single C-Struct. The list of C-Structs
is then concatenated and written to a file named paramsCodeGen.h. Additional information
and data structures are appended to the top and bottom of this file. They include a map
associating each C-Struct with files containing the binary weight and bias tensor data used
for verification.

Subsequently, the weight and bias tensors for each node are generated. This is achieved
by iterating over all nodes in the graph, extracting the weight and bias tensors from the
nodes in the IR, and writing them to binary files. Depending on the node type, some data
rearrangement may be necessary. For instance, in the case of convolutional nodes, the
weight tensor must be transposed to match MINOTAUR’s data layout.

In the next step, reference tensors are generated. They allow for the creation of layer-by-
layer test benches later in the verification process. For convolutional networks, the raw
image data must be read, cropped, and normalized. For transformer networks, the text
dataset is loaded, tokenized, and run through the model’s embedding layer to generate
the embedding outputs. This is due to the limited on-chip memory of MINOTAUR, which
necessitates performing this step during compile time. Furthermore, in case the requested
number of samples is smaller than the number of samples in the dataset, and random subset
is selected. Once the model inputs for each sample have been generated, they are written
to individual directories.

Following this, a list of all required input and output tensors and their names is generated.
This list of required tensors is used to modify the ONNX model by adding fake outputs to
each ONNX node. The modified ONNX model is then executed on the ONNX runtime. This
is done for each data sample from the dataset of the previous step. Each input/output tensor
pair is subsequently saved. This approach allows the testing infrastructure to retrieve each
node’s inputs and reference outputs and compare them against the accelerator-generated
outputs when provided with the same inputs as the ONNX runtime. As a result, the ONNX
runtime serves as a gold model reference for verifying the accelerator.

However, generating all intermediate tensors for all samples from the dataset creates a
tremendous volume of data6. Consequently, intermediate tensors are only generated for the
first data sample of the dataset. This approach enables the testing infrastructure to verify
the system layer-by-layer while significantly reducing the overall memory footprint.

6During the development process, the author of this thesis unintentionally rendered his computer inoperative
on multiple occasions by exhausting the capacity of its 2TB SSD with the aforementioned tensor data.
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Proto Gen

Managing individual files for each weight, bias, and activation tensor can be cumbersome
and inconvenient. An additional code generation method, dubbed Protogen, has been de-
veloped to address this issue. As the name implies, it generates a single Protocol Buffers
file containing a nested hierarchy of Protocol Buffer objects [78]. This Backend’s architec-
ture and generation process closely resembles that employed for generating the C-Struct
artifacts; thus, we will refrain from delving into the specifics of this particular Codegen.

While the primary advantage of the Protogen Backend lies in the reduction of required files,
parsing the generated data is also drastically simplified, as the Protocol Buffer compiler
automatically generates parsing code for both Python and C++. Moreover, the Protocol
Buffer file sizes are considerably smaller compared to plain ASCII source files, resulting in
reduced compilation time, particularly for larger networks. However, a notable drawback of
the Protogen approach is its opaque binary format. In contrast, C header files can be more
readily inspected for errors in the generated code. Consequently, one could argue that the
C-Struct Codegen Backend functions as a debug variant, while the Protogen serves as a
production Backend.

3.6. PAMA Integration

In this section, we explore the integration of PAMA into the MINOTAUR SoC verification
and testing infrastructure. One of the primary design objectives was to enable the use
of PAMA during the early development and pre-tape-out validation phases of MINOTAUR.
Consequently, PAMA has been incorporated as a tool among the existing suite of design,
simulation, and testing tools. We will discuss PAMA’s role in the testing and verification
process in this section.

3.6.1. Verification and Testing

When developing a new SoC, it is crucial to verify the design’s correctness and ensure
it performs as expected. This verification occurs at various abstraction levels and stages
throughout the design process. PAMA serves to verify the accuracy of the complete system
as a whole by 1) executing individual layers in a layer-by-layer manner and 2) running the
entire network in an end-to-end fashion.

51



The verification and testing infrastructure of MINOTAUR is relatively intricate and comprises
multiple layers. We will, therefore, only highlight aspects pertinent to PAMA. From a high-
level perspective, the following verification and testing steps are executed:

1. Gold Model verification against the reference tensors generated by PAMA.

2. HLS verification of the hand-written HLS code, i.e., SystemC, against the reference
tensors and the Gold Model.

3. RTL verification of the synthesized RTL code against the reference tensors and the
Gold Model.

4. Emulator verification of the same RTL code against the reference tensors and the
Gold Model, but on a significantly larger scale.

Compiler like TVM require users to manually implement the kernel schedule, including loop
order and loop tiling. When it comes to auto-tuning, some of this tedious work is delegated to
a data-driven optimization algorithm that repeatedly executes the kernel on the accelerator
and measures its performance. While this approach works well for chips capable of running
in real-time at full speed, it is not feasible for early-stage verification and validation, where
only simulations are available, rather than actual hardware. Even when running simulations
on tens of cores or at high abstraction levels (Gold Model and HLS), they take orders of mag-
nitude longer than the kernel execution on the taped-out hardware. Furthermore, expensive
hardware-backed emulation, available only to select companies or powerful research insti-
tutions, is still an order of magnitude slower. Thus, the auto-tuning process could take days,
weeks, or even months, which is impractical. However, verifying the design’s correctness at
an application level, in addition to the RTL test bench and unit tests, is crucial for detecting
integration errors between different subsystems.

PAMA is capable of generating a kernel schedule optimized for a specific accelerator in a
matter of seconds. This is partially thanks to ZigZag, which optimizes the loop order and loop
tiling using the same cost model as the rest of the compiler, i.e. without the need of time-
consuming auto-tuning. This allows entire networks to be optimized, compiled, and executed
automatically in a matter of minutes. This is orders of magnitude faster than an a comparable
auto-tuning process and enables the verification of the system’s correctness at early stages
when the design is still evolving, and changes occur daily. Furthermore, pseudo-randomized
brute-force tests can be conducted, expanding test coverage and enhancing confidence
in the design. For MINOTAUR, we can execute hundreds of tests, uncovering bugs and
integration errors that would have otherwise gone unnoticed. This is especially relevant in
cases where the system has reached a complexity level where it is no longer feasible to
apply formal verification techniques.

To the best of our knowledge, this automated verification and validation process applied to
deep learning accelerator verification is not yet documented in literature. Nonetheless, we
can assume that this or similar techniques are already in common use in industry. Thus, it is
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not our intention to claim that this is a novel approach. However, we believe that PAMA is a
valuable contribution to the field of deep learning accelerator verification and validation, as
it enables early development and pre-tape-out validation of deep learning accelerators.

3.6.2. Deployment

Although PAMA has thus far served as a verification and testing tool, it is fully capable of
serving as a production compiler, generating code for deployment. To achieve this, PAMA
can be configured to generate only instructions and parameter tensors, as activation tensors
and Python artifacts are not necessary for deployment. However, the final validation of this
deployment scenario is still outstanding, as the MINOTAUR SoC has yet to return from tape-
out.

3.7. Conclusion

This chapter provided a thorough examination of the PAMA deep learning compiler, de-
tailing its internal architecture and core components. PAMA’s modular design allows for
adding new features and optimizations quickly. Thanks to its cost-model-driven scheduling
and optimization and the use of ZigZag and Stream, PAMA is able to generate highly effi-
cient code for state-of-the-art deep learning accelerators. In addition, the integration of the
ONNX Frontend makes PAMA a versatile tool capable of compiling a wide range of deep
learning models. The subsequent chapter will delve into experimental results, offering valu-
able insights into PAMA’s performance and impact on developing advanced deep learning
solutions.
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4. Experimental Results

The PAMA deep learning compiler was used to optimize and compile a set of representative
deep learning workloads targeting the MINOTAUR SoC. These workloads encompass a
wide range of neural network architectures, including CNNs and Transformer models. A
representative selection of these results is presented in this chapter.

4.1. Performance Metrics

To evaluate the performance of the PAMA compiler, the following performance metrics are
used:

• Memory Size: The total amount of memory required to store the model’s parameters,
both in SRAM and RRAM. This is measured in bytes (B).

• Energy: The energy consumed to execute a single inference. This is measured in
joules (J).

• Latency: The time it takes to execute a single inference on the SoC. This is measured
in clock cycles (cc).

While PAMA is capable of performing multi-chip mapping, the focus of this thesis is on
PAMA’s single-chip performance, as no reliable multi-chip mapping results are yet available.
Furthermore, it is crucial to note that all power consumption figures presented here are esti-
mates derived from simulation tools since the MINOTAUR SoC is not available in a physical
form for measurements.

The data presented in the following was primarily generated by PAMA using the MINOTAUR
hardware model and subsequently validated against more accurate estimates procured from
cycle-accurate RTL (Register Transfer Level) simulations using VCS [79]. Due to NDA re-
strictions, it is not possible to fully disclose more detailed figures. However, the available data
is sufficient to draw meaningful conclusions, as these estimates are anticipated to closely
approximate the values obtained from physical measurements.
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Name Size (MB) Total Act. (MB) Accuracy @1/@5 Dataset

ResNet18 [2] 11.7 2.1 56.52 / 79.07 ImageNet

ResNet34 [2] 21.8 3.4 73.31 / 91.42 ImageNet

ResNet50 [2] 25.6 10.7 80.86 / 95.43 ImageNet

ResNet101 [2] 44.5 15.8 81.89 / 95.78 ImageNet

ResNet152 [2] 60.2 22.1 82.28 / 96.00 ImageNet

Inception v2 [85] 27.2 5.2 77.30 / 93.45 ImageNet

GoogLeNet [86] 6.6 4.2 69.78 / 89.53 ImageNet

MobileBERT [46] 25.3 20.2 92.8 SST-2

Table 4.1.: DNN models and datasets used for the experiments. Top 1 / Top 5
accuracy shown for ImageNet.

4.2. Models and Datasets

The models used in the experiments are listed in Table 4.1. The CNN models are trained
on the ImageNet dataset [65], and the MobileBERT model is trained on SST-2 [80]. The
ImageNet dataset comprises 1.2 million images, divided into 1.28 million training images
and 50,000 validation images, while the SST-2 dataset contains 67,349 sentences, split
into 52,490 training sentences and 4,859 validation sentences. No dedicated MLP (Multi-
Layer Perceptron) models (i.e., models containing only fully connected layers) are used in
the experiments, as both the CNN and Transformer models contain fully connected layers.
Nevertheless, it could be interesting to explore the performance of pure MLP models, in-
cluding architectures like Autoencoders [81], in the future, especially since recent work has
demonstrated that their performance is comparable to CNN models [82].

PAMA provides these DNNs, amongst others, in a collection of ready-to-use ONNX models.
This model zoo can be used to validate the correctness and performance of both hardware
and software stacks. These ONNX models are all exported from PyTorch’s Vision Library
[50, 83], as well as the Hugging Face Transformers Library [84].

In this study, several model source files have been modified to accommodate the limitations
of the current MINOTAUR version, which does not support all operators found in the original
models. To address the impact of these modifications, the adapted models undergo retrain-
ing to ensure their accuracy remains consistent. Furthermore, we employ a QAT technique
that utilizes 8-bit Posit fake quantization during the retraining process. This approach main-
tains the accuracy of the modified models, with a deviation of approximately 0.5% from their
original 32-bit floating-point counterparts.
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4.3. Memory Planning

In this section, we focus on the memory planning performance of the PAMA compiler when
targeting the MINOTAUR SoC. This is particularly important as PAMA’s advanced memory
planning capabilities represent a key contribution of this work. We specifically examine the
static power consumption of the SRAM and RRAM, as PAMA’s memory planning can only re-
duce static power consumption through power gating of individual memory banks. Dynamic
power consumption remains unaffected by the memory planning in PAMA’s Backend.

Instead, dynamic power consumption is influenced by the number of memory accesses,
which are determined by the graph structure optimized in PAMA’s Core stage (see Sec-
tion 3.4), as well as the loop order and loop tiling managed by ZigZag. ZigZag provides
annotations for the estimated number of accesses and corresponding power numbers for
each node. This information allows PAMA to generate a comprehensive power estimation
for the SoC, presented in Appendix B.

4.3.1. RRAM

We commence by discussing the allocation of ResNet18 tensors across the RRAM banks
in MINOTAUR using the Min Overlap memory planning strategy as detailed in Section 3.5.2.
The resulting allocation is illustrated in Figure 4.1, where each tensor is assigned the same
random color as in the SRAM visualizations. Analogous to Figure 2.6, the banks are de-
picted with their lowest address at the bottom so that continuous access progresses upward
through the bank. In the Min Overlap approach, all tensors are allocated utilizing the Quad
bandwidth mode, causing each tensor displayed in Figure 4.1 to span four banks. This
allocation proves to be suboptimal since not all tensors require the full bandwidth.

Therefore, we also showcase the allocation of the same ResNet18 tensors using the Band-
width Aware memory planning strategy in Figure 4.2. This allocation is generated by taking
into account the annotated bandwidth requirements from ZigZag, utilizing the Bandwidth
Aware allocation algorithm described in Section 3.5.2. As observed, only a small fraction of
the tensors necessitate the full bandwidth, resulting in a significantly more efficient allocation
than the Min Overlap (or Min Size) allocation.

A comprehensive energy comparison of various RRAM allocation strategies across all mod-
els is depicted in Figure 4.3. Where needed, the RRAM was extended with additional banks
to accommodate all parameters of the larger networks. While ResNet18 fits into the 12
banks of single MINOTAUR SoC, ResNet152, for example, required a total of 60 RRAM
banks. Scaling the RRAM size can be done by simply increasing the number of RRAM
banks in the hardware cost model.

56



0

256

512

768

1,024

37 BW Mode: 4

35 BW Mode: 4

26 BW Mode: 4

Bank 0

37 BW Mode: 4

35 BW Mode: 4

26 BW Mode: 4

Bank 1

37 BW Mode: 4

35 BW Mode: 4

26 BW Mode: 4

Bank 2

37 BW Mode: 4

35 BW Mode: 4

26 BW Mode: 4

Bank 3

0

256

512

768

1,024

41 BW Mode: 4

30 BW Mode: 4

32 BW Mode: 4

48 BW Mode: 4

38 BW Mode: 4
Bank 4

41 BW Mode: 4

30 BW Mode: 4

32 BW Mode: 4

48 BW Mode: 4

38 BW Mode: 4
Bank 5

41 BW Mode: 4

30 BW Mode: 4

32 BW Mode: 4

48 BW Mode: 4

38 BW Mode: 4
Bank 6

41 BW Mode: 4

30 BW Mode: 4

32 BW Mode: 4

48 BW Mode: 4

38 BW Mode: 4
Bank 7

0

256

512

768

1,024

43 BW Mode: 4

24 BW Mode: 4

15 BW Mode: 4
19 BW Mode: 4
21 BW Mode: 4

Bank 8

43 BW Mode: 4

24 BW Mode: 4

15 BW Mode: 4
19 BW Mode: 4
21 BW Mode: 4

Bank 9

43 BW Mode: 4

24 BW Mode: 4

15 BW Mode: 4
19 BW Mode: 4
21 BW Mode: 4

Bank 10

43 BW Mode: 4

24 BW Mode: 4

15 BW Mode: 4
19 BW Mode: 4
21 BW Mode: 4

Bank 11

RRAM: Min Overlap

Ad
dr

es
s O

ffs
et

 [K
B]

Figure 4.1.: RRAM allocation of ResNet18 parameter tensors using the Min Over-
lap memory planning strategy.

The absence of RRAM power gating results in the highest energy consumption, an effect
that becomes more pronounced for larger networks with an increased number of param-
eters. This can be attributed to the fact that the total network parameter size grows more
rapidly than the size of a single set of parameter tensors that need to be accessed simultane-
ously. Both the Min Size and Min Overlap strategies are able to reduce energy consumption
by a significant margin, but the Bandwidth Aware strategy is able to further reduce the en-
ergy consumption by up to 70% compared to the Min Size strategy. The Bandwidth Aware
strategy is able to identify parameter tensors that do not require the full bandwidth and can
therefore be allocated in a more efficient manner.
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Figure 4.2.: RRAM allocation of ResNet18 parameter tensors using the Bandwidth
Aware memory planning strategy.

An interesting exception to this trend is AlexNet, which consists of several large parameter
tensors spanning multiple banks. Consequently, the Bandwidth Aware strategy is less effec-
tive for AlexNet compared to other models. Nonetheless, LLMs or SotA vision models with
structures akin to ResNet and MobileBERT but with greater depth should be able to benefit
significantly from power gating and, in particular, from the Bandwidth Aware allocation.

Across all presented models, the presented Bandwidth Aware power gating approach results
in 84.68% energy savings compared to the no power gating, with up to 97.35% (37.79x) for
larger models like ResNet152. It is important to note that the presented energy savings are
achievable without any performance overhead, as the memory bandwidths are tailored to
the specific requirements of each DNN layer.
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Figure 4.3.: Energy comparison of the different RRAM allocation strategies across
various DNNs.

4.3.2. SRAM

Similar to RRAM, SRAM energy consumption also greatly benefits from power gating. This
effect is demonstrated in Figure 4.4, where each model’s SRAM allocation is generated
using no power gating, power gating alone, and power gating in conjunction with retention
mode. While the latter is consistently the most efficient, its relative benefit compared to
power gating alone is not as pronounced. The average power savings across all models
using power gating alone is approximately 69.11%, while the average power savings using
power gating + retention is approximately 70.15% (+1.04%).

AlexNet is once again the outlier, as it does not benefit from retention at all. This is due to
the graph structure of AlexNet being a single chain of layers, meaning that all parameters
are accessed in every iteration. Consequently, the retention mode offers no advantage, as
no parameter tensors need to be retained between iterations.

In general, the modest energy savings achieved through the retention mode can be at-
tributed to its limited applicability, as it is only beneficial for parameter tensors that are ac-
cessed multiple times. However, in the majority of DNNs, this is the case for only a small
fraction of tensors. Moreover, the greedy allocation strategy employed in this study fails
to arrange the parameter tensors in a manner that maximizes the benefits incurred from
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Figure 4.4.: Energy comparison of different SRAM power management ap-
proaches, including: no power gating, power gating alone, and power
gating and retention. Generated using the Greedy by Size strategy.

retention. This issue is particularly evident in the case of MobileBERT, where the greedy
allocation strategy assigns the largest parameter tensors to the first bank, leading to unnec-
essary power consumption (refer to Figure 4.6).

Drawing upon a similar methodology as the one utilized in the RRAM investigation, we
assess and compare various SRAM allocation strategies, as illustrated in Figure 4.5. In par-
ticular, we investigate four greedy allocation strategies, denoted by the blue-shaded bars,
which are based on the algorithm depicted in Algorithm 4. Additionally, we explore two ge-
netic algorithm-based approaches, represented by the orange-shaded bars. As observed,
the algorithm-based allocation consistently surpasses the performance of greedy-based
allocation strategies, even when considering relatively simple network structures such as
AlexNet or ResNet.

This superior performance can be attributed to the genetic algorithm’s ability to iteratively
optimize the allocation in a holistic manner, effectively identifying the optimal allocation for
each tensor within the context of the entire network’s peak size and energy consumption.
In contrast, greedy-based allocation strategies lack such a feedback mechanism, rendering
them incapable of allocating the parameter tensors in a way that maximizes overall energy
savings.

Figure 4.6 and Figure 4.7 emphasize how the Genetic Algorithm can enhance the energy
consumption of the SRAM allocation by rearranging the tensors in a more optimal manner
compared to the Greedy strategies. Figure 4.6 illustrates the SRAM allocation for a single
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Figure 4.5.: Energy comparison of the different SRAM allocation strategies across
all models.

MobileBERT encoder block. The Greedy by Size strategy allocates the large blue input
tensor, which persists from the beginning to the end, first, resulting in its placement at the
bottom of the 0th SRAM bank. While this approach of prioritizing large tensors generally
yields satisfactory allocation performance, it fails to recognize that this tensor is not required
for most of the computation. It remains idle for the majority of the time, only being utilized at
the beginning and the end. This is where the Genetic Algorithm significantly improves the
allocation. It determines that relocating the input tensor to the top of the stack, where it is
allocated in its own SRAM bank, allows for the utilization of the retention mode to conserve
energy. This simple rearrangement of the tensors results in an approximately 11% energy
reduction without incurring any additional overhead.

Similarly, Figure 4.7 depicts the SRAM allocation of ResNet50 parameter tensors using the
Greedy by Size strategy as well as the Genetic Algorithm. A scenario akin to the single
MobileBERT encoder is observed. However, in this case, the situation is reversed. The
Greedy by Size strategy allocates the small but long input tensor at the top across banks
7 and 8. This visibly leads to a considerable amount of wasted bank space (grey area)
which must be kept powered even though it is unused. The Genetic Algorithm rearranges
the tensors so that the input tensor is allocated at the bottom of the stack, resulting in
significantly less grey area, i.e., less wasted power. Similar behavior is evident towards the
end of the computation, where the smaller tensors are arranged more optimally with respect
to the number of SRAM banks that need to be powered. The Genetic allocation achieves
approximately 18% energy savings compared to the Greedy by Size strategy.
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Figure 4.6.: Comparison of the Greedy by Size vs the Genetic Algorithm SRAM
allocation for MobileBERT. Moving the input tensor to the top makes it
possible to use the retention mode to save energy.

The complexity and varied optimization results of these two examples underscore the chal-
lenge of devising a single fixed heuristic capable of accommodating the constraints across
all models. The Genetic Algorithm-based approach is capable of adapting to the diverse
requirements of different models and consistently finds superior allocations for all tested
models, as demonstrated in Figure 4.5.

Besides yielding more optimal allocations, the Genetic Algorithm also offers a Pareto front of
design points with respect to energy consumption and peak SRAM usage. Four exemplary
Pareto fronts are presented in Figure 4.8. As observed, both Genetic Algorithm approaches
significantly outperform all four Greedy strategies. The more intricate a model architecture
becomes, the greater the flexibility in tensor rearrangement possibilities and the higher the
likelihood that the Genetic Algorithm will discover a superior allocation. While in the case of
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Figure 4.7.: Comparison of the Greedy by Size vs the Genetic Algorithm SRAM
allocation for ResNet50.

MobileBERT, the Genetic Algorithm approaches determine a superior allocation in terms of
both energy and peak SRAM usage, they are unable to provide more than a single Pareto-
optimal design point. This can be attributed to the fact that rearranging the relatively simple
tensor configuration depicted in Figure 4.6 does not result in more than a single optimal
solution. However, for more complex models, such as Inception v2 and ResNet152, the
Genetic Algorithm approaches are able to identify multiple Pareto-optimal design points,
which are not possible to discover using the Greedy strategies.

Another intriguing observation is that the Genetic Co-Optimization does not always yield a
better energy allocation compared to the plain Genetic Algorithm approach. This is evident
in the upper-left Pareto front of the Inception v2 model and the lower-right of the ResNet152
model in Figure 4.8. While the Co-Optimization identifies the same or more peak SRAM
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Figure 4.8.: Pareto front of the SRAM allocation of Inception v2, MobileBERT,
ResNet50, and ResNet152.

usage points, it is unable to optimize them to the same extent with respect to energy. Given
that the design space available to the Genetic Co-Optimization is a superset of that of the
plain Genetic Algorithm, one would expect it to be able to discover these points as well.

The primary reason behind this limitation likely lies in the fact that the much larger search
space of different schedules encompasses only a small subset of valid schedules. Fig-
ure 4.9 offers a visual representation of the percentage of invalid individuals in the popu-
lation throughout the genetic algorithm, which are invalid with respect to the two checks
depicted in Figure 3.7. An individual, or a specific set of schedule and allocation permuta-
tions, is considered invalid if it either violates the graph dependencies or exceeds the SRAM
capacity. In the case of the plain Genetic Algorithm with no SRAM size constraints (red),
all individuals are valid. Upon introducing an SRAM size constraint (blue), the percentage
of invalid individuals increases for both the Inception and ResNet models to approximately
30% and 40%, respectively. This increase results from the SRAM size constraint limiting the
number of possible schedules. When allowing the Genetic Co-Optimization to modify the
schedule as well (green and orange), the percentage of invalid individuals surges to nearly
85% for the Inception v2 model and 80% for ResNet50. Consequently, only about 15% to
20% of the individuals are retained for the next generation in each genetic algorithm itera-
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Figure 4.9.: Percentage of invalid individuals in the population over the course
of 200 generations of the Genetic Algorithm and the Genetic Co-
Optimization approach.

tion. This significantly curtails the effectiveness and, more importantly, the efficiency of the
Genetic Co-Optimization approach, necessitating a much larger number of generations to
identify a comparably good solution as the plain Genetic Algorithm approach.

A potential mitigation strategy for this issue could involve permitting the Genetic Co-
Optimization to generate only valid schedules. As observed above, intrinsically forcing
the Genetic Co-Optimization to do so through penalization seems ineffective. Instead,
an approach similar to the one used in allocation permutation may be required, where all
possible permutations result in valid assignments (in the case of unlimited SRAM size).
The Genetic Algorithm generates a permutation, and a second intermediate algorithm then
creates valid assignments based on this permutation order, as demonstrated in Algorithm 4.
A similar method could be employed to ensure that all generated permutations yield valid
schedules. One potential approach to facilitate this could involve creating a set of all valid
schedule permutations and allowing the Genetic Co-Optimization to use its permutation
to index into this valid subset of all possible schedules. While this might be an interesting
approach, it remains to be seen whether it can actually discover a better solution than
the plain Genetic Algorithm approach. As there is no readily available algorithm to map a
permutation to a valid schedule designing and implementing this approach is left for future
work.

65



40000

60000

80000
100000

200000

400000

600000

800000

co
nv

1

lay
er1

_0
_c

on
v1

lay
er1

_0
_c

on
v2

lay
er1

_1
_c

on
v1

lay
er1

_1
_c

on
v2

lay
er2

_0
_d

ow
ns

am
pl

lay
er2

_0
_c

on
v1

lay
er2

_0
_c

on
v2

lay
er2

_1
_c

on
v1

lay
er2

_1
_c

on
v2

lay
er3

_0
_d

ow
ns

am
pl

lay
er3

_0
_c

on
v1

lay
er3

_0
_c

on
v2

lay
er3

_1
_c

on
v1

lay
er3

_1
_c

on
v2

lay
er4

_0
_d

ow
ns

am
pl

lay
er4

_0
_c

on
v1

lay
er4

_0
_c

on
v2

lay
er4

_1
_c

on
v1

lay
er4

_1
_c

on
v2 fc

PAMA Hand Optimized

ResNet18 RTL Cycle Count

Figure 4.10.: RTL cycle count of the ResNet18 model running on the MINOTAUR
SoC. Comparison of hand-optimized and PAMA-generated code.

4.4. Performance

This section will showcase the single-chip performance of the PAMA compiler when tar-
geting the MINOTAUR SoC. We will compare PAMA’s performance against hand-optimized
schedules. The performance metrics employed will be the RTL cycle count for each layer of
both ResNet18 and a single MobileBERT encoder block.

4.4.1. ResNet18

Figure 4.10 depicts the cycle count of each fused ResNet18 layer optimized by PAMA using
its graph optimization and operator fusion mechanism, as presented in Chapter 3, com-
pared to a hand-optimized implementation created by a domain expert. The main factor for
determining the cycle count for each layer is not PAMA itself but rather ZigZag, which is
responsible for finding the optimal loop order and loop tiling.

As can be seen, PAMA is able to identify and match the same patterns identified by the
domain expert, resulting in the same number of bars in the figure. In terms of the cycle
count, ZigZag is able to match the hand-optimized implementation for all layers, except
for the down-sampling layers. This is most likely due to the fact that the MINOTAUR cost
model used by ZigZag is not yet capable of accurately predicting the performance of the
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Figure 4.11.: RTL cycle count of the MobileBERT model running on the MINOTAUR
SoC. Comparison of hand-optimized and PAMA-generated code.

1x1 convolutional layers used in the down-sampling layers. This is a known issue and will
be addressed in future work. Furthermore, PAMA is able to beat the hand-optimized imple-
mentation for the first layer of the second residual block (layer2_0_conv1).

4.4.2. MobileBERT

Similar to ResNet18, the results of MobileBERT, depicted in Figure 4.11 show that PAMA
and ZigZag are again able to match or even exceed the hand-optimized implementation
for most of the layers. In particular, the first two layers of the self-attention block show
that ZigZag’s loop tiling is able to outperform the domain expert. This is a significant step
towards the goal of automated model optimization for SoC architectures, making it possible
to optimize extremely large models for a given SoC without the need for domain expertise.

Nevertheless, it must be noted that the presented results require an accurate description
of the SoC architecture, both in terms of the supported patterns and the cost model. How-
ever, this upfront effort is only required once and can then be reused to map a large set of
models.
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4.5. PAMA CLI

One of the primary benefits of the PAMA compiler lies in its ability to automatically generate
most of the performance metrics and visualizations discussed earlier during the compilation
and mapping process. This capability enables users to assess a model’s performance on
a specified SoC without executing the model on the target simulator or hardware. This
information is also conveniently supplied in text form when using PAMA’s CLI (Command
Line Interface). For instance, when the PAMA compiler is run on ResNet18, the following
output is produced:

Listing 4.1: PAMA CLI on ResNet18
(venv) fabian@desk$ python3 run_pama.py --model_path models/onnx/resnet18.onnx
INFO: --- Preprocessor running on ’models/onnx/resnet18.onnx’ ---
INFO: --- Preprocessor done ---
INFO: --- ZigZag running on ’models/onnx/resnet18.onnx’ ---
INFO: --- ZigZag done ---
INFO: --- PAMA running on ’models/onnx/resnet18.onnx’ ---
INFO: Estimated runtime: 916.61ms (18,332,222 cycles)
INFO: Required SRAM: 733,184B (34.96\%)
INFO: Required RRAM: 11,694,656B (92.94\%)
INFO: Energy SRAM: 134.85uJ (1.34x opt)
INFO: Energy RRAM: 3,151.91uJ (1.02x opt)
INFO: --- PAMA done ---

As illustrated, PAMA initially executes the preprocessor, subsequently invokes ZigZag for
loop tiling and loop order optimization, and ultimately runs PAMA itself. Upon completion,
the PAMA compiler presents several performance-related metrics to the user. The first three
metrics include the estimated runtime, as well as the required SRAM and RRAM. The es-
timated runtime represents the model’s total runtime in clock cycles, whereas the required
SRAM and RRAM denote the peak tensor usage and necessary parameter storage, respec-
tively. Additionally, the percentage of required SRAM and RRAM is provided. The final two
metrics encompass the model’s energy consumption with respect to SRAM and RRAM and
the ratio of energy consumption to the optimal energy consumption. In the context of SRAM,
the optimal consumption is defined as the lowest energy consumption achievable through
the tightest possible packing of all tensors. For RRAM, allocation is considered optimal if no
overflow extends beyond a single super bank1. As can be seen, PAMA’s mapping achieves
1.34x of the optimal SRAM and 1.02x of the optimal RRAM energy consumption.

1Note, that one super bank can contain one, two, or four banks, depending on the bandwidth mode.
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4.6. Conclusion

The experimental findings presented in this work reveal that PAMA is adept at automatically
optimizing an extensive range of modern models for a given SoC architecture. In terms of
peak memory utilization and energy consumption, PAMA’s innovative Genetic Algorithm and
Bandwidth Aware allocation techniques considerably surpass SotA methods. With respect
to runtime, PAMA’s integration with ZigZag yields highly optimized kernels that can match or
even exceed the performance of manually optimized schedules. Furthermore, PAMA’s CLI
can automatically produce vital performance metrics, facilitating the evaluation of a model’s
performance on a specified SoC without the need for time-consuming simulators or execu-
tion on actual hardware.

Besides the results delineated here, Appendix A offers an in-depth examination of the ge-
netic algorithm’s performance, particularly the performance across multiple generations. In
addition, Appendix C displays supplementary artifacts generated by PAMA, encompassing
the IR at various stages of the compilation process and the resultant code.
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5. Conclusion and Outlook

5.1. Conclusion

This thesis introduced PAMA, a power-aware deep learning compiler for ultra-low-power
edge devices with stringent resource constraints. By integrating with ZigZag, a SotA
DNN mapping framework, and employing novel memory planning algorithms, PAMA has
demonstrated its ability to optimize deep learning model execution on MINOTAUR, a
power-optimized deep learning accelerator developed at Stanford University. Using PAMA,
we have shown that up to 97.35% of static on-chip memory energy can be conserved while
preserving the same performance and accuracy as hand-optimized implementations.

Chapter 2 provided an overview of the MINOTAUR deep learning accelerator SoC, eluci-
dating its high-level architecture and core design principles. MINOTAUR features a highly
optimized systolic array-based accelerator, along with a novel on-chip memory architecture
that supports fine-grained power gating and variable bandwidth access modes. A com-
prehensive understanding of the hardware architecture proves essential for developing a
compiler capable of effectively targeting the advanced features of the MINOTAUR SoC.

Chapter 3 presented PAMA, a power-aware deep learning compiler for ultra-low-power edge
devices. Chapter 3 began by discussing previous work on deep learning compilers and the
motivation for developing a new compiler. It then detailed PAMA’s design, including the
compiler architecture, memory planning algorithms, and its integration with external map-
ping tools like ZigZag. Chapter 3 concluded by presenting the SotA memory planning al-
gorithms developed for PAMA, which can optimize the execution of deep learning models
on deep learning accelerators while simultaneously considering both energy and memory
constraints.

Chapter 4 evaluated PAMA through experiments on a variety of modern deep learning mod-
els, such as CNNs and Transformer networks. The results demonstrated that the proposed
compiler can effectively reduce power consumption while concurrently matching or even
surpassing the performance of hand-optimized implementations. The results underscore
the efficacy of the proposed memory planning algorithms, which yield substantial power
savings while maintaining performance and accuracy.
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5.2. Outlook and Future Work

The results presented in this work primarily concentrate on evaluating PAMA within a single-
chip configuration. However, the growing size of deep learning models and the increasing
demand for larger memory resources call for the utilization of multiple interconnected chips
to support these larger models. In this regard, several MINOTAUR SoCs can be intercon-
nected to establish a multi-chip system, capable of scaling with minimal overhead to deploy
deep learning models of arbitrary sizes. Ongoing collaborations among research groups
at Stanford University, KU Leuven, and TU Munich are exploring the use of MINOTAUR,
Stream [32], and PAMA to facilitate the deployment of progressively larger deep learning
models on multi-chip configurations. A preliminary outline of the proposed multi-chip sys-
tem is depicted in fig. 5.1, emphasizing the integration of PAMA, ZigZag, and Stream on
the software side and an automated HLS/RTL design flow on the hardware side. This pro-
posed multi-chip system is designed to create the illusion of a single-chip system, offering
a lower cost and greater flexibility compared to a single-chip solution. The outcomes of this
collaboration will be detailed in future work.

In addition to the multi-chip system, there are other directions within the scope of PAMA
worth exploring to further enhance its capabilities:

The genetic Co-Optimization-based memory planning introduced here could be refined by
reducing the search space and permitting only the selection of valid schedules during the
evolutionary process. This might potentially accelerate convergence and enable a more
aggressive co-optimization of schedule and memory address selection.

Moreover, ongoing research is concentrating on supporting on-device training using a rolling
window approach to accommodate the limited memory resources of edge devices. This
necessitates careful consideration of scaling and quantization factors to ensure that models
can be trained and updated using the limited precision provided by the 8-bit Posit data type.
This enhancement would render the proposed compiler more versatile, allowing models to
be trained and updated on edge devices themselves, rather than depending on a central
server. Such an approach could enable applications demanding real-time adaptation to
new data, such as personalized speech recognition, and reduce the reliance on connectivity
between devices and the central server.

Integrating the system with sensors and executing actual end-to-end applications on the
physical MINOTAUR SoC (once returned from fabrication) is another area of forthcoming
work. This integration will facilitate the evaluation of PAMA in a real-world context and offer a
deeper understanding of the challenges that need to be addressed to enable the deployment
of deep learning models on edge devices.
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In summary, the proposed power-aware deep learning compiler constitutes a significant
step forward in enabling the deployment of deep learning models across a wider range
of edge devices. PAMA effectively optimizes the execution of deep learning models on
ultra-low-power edge devices, taking into account the power and memory constraints of
the target device. The memory planning strategies facilitate efficient resource utilization on
both conventional SRAM and innovative non-volatile RRAM. The future research directions
outlined in this section, if realized, would further enhance the performance and capabilities
of the compiler, bringing the power of deep learning closer to the devices that permeate our
daily lives.
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A. Genetic Algorithm

This section provides a more detailed overview of the genetic algorithm employed in PAMA,
encompassing additional information with regards to the fitness function, crossover and mu-
tation operators, and selection method. Additionally, it elucidates the various parameters of
the genetic algorithm and their influence on the search process. In addition to the informa-
tion provided here, the reader is encouraged to refer to the PAMA source code.

A.1. Genetic Operators

The genetic algorithm utilized in PAMA is built upon the DEAP library [77]. DEAP serves as
an evolutionary computation framework for rapid prototyping, providing a suite of data struc-
tures and tools necessary for the implementation of evolutionary computation techniques,
such as genetic algorithms. Genetic algorithms are heuristic search algorithms inspired by
the process of natural selection, wherein the fittest individuals are chosen for reproduction,
while the less fit individuals are discarded.

PAMA employs genetic algorithms for the process of SRAM planning with the aim of optimiz-
ing the placement of activation tensors within the memory space. An example allocation of
tensors for MobileBERT is presented in Figure 4.6. In contrast to greedy algorithms, genetic
algorithms can discover a more optimal allocation of the activation tensors, thereby reducing
energy consumption.

To guide this search, several data structures and functions must be implemented. This
section offers supplementary background information on their implementation. For a visual
representation of the genetic algorithm, refer to Figure 3.7.

A.1.1. Individual

As illustrated in Figure 3.7, the genetic algorithm is based on a population of individuals.
These individuals are represented by a Python class, named MappingConfiguration(). It
comprises two permutations, implemented as simple Python lists. One permutation corre-
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sponds to the schedule of the nodes in the graph, denoted as schedule_perm, and the other
represents the SRAM allocation order of usage records, referred to as usage_record_perm.
The schedule of the nodes in the graph is used to determine the order in which the nodes
are executed. The SRAM allocation order of usage records is used to determine the order
in which the activation tensors are allocated in the SRAM using the greedy SRAM allocation
algorithm illustrated in Algorithm 4.

The schedule permutation schedule_perm is initialized with the topological order of the
nodes in the graph, ensuring that the algorithm begins with a valid permutation. In contrast,
the usage record permutation usage_record_perm is initialized with a random permuta-
tion of the usage records. Since any usage record permutation is valid, the algorithm can
commence with a random permutation without the risk of invalidating all individuals in the
population.

These two permutations completely characterize the individual and are employed to ascer-
tain the fitness of the individual. The fitness of an individual is determined by the fitness
function, which is discussed in the next section.

A.1.2. Fitness Function

The fitness function in PAMA’s genetic algorithm is employed to evaluate the fitness of an
individual and decide whether it will be chosen for reproduction. In PAMA, this function is
named evaluate_individual(). The fitness of an individual represents the measure of its
performance within the search space.

To enable parallelization of the algorithm across multiple CPU cores, the fitness function
must remain pickable1. However, passing all required input variables as arguments to the
fitness function would render it non-pickable2. Consequently, the fitness function retrieves
the necessary input variables from the global namespace. This is achieved by using the
global keyword, which permits the function to access global variables. The only exception
is the individual parameter. As such, evaluate_individual() accepts an individual
as input, obtains the remaining required input variables from the global namespace, and
returns a tuple containing the individual’s fitness. The fitness of an individual is determined
as follows:

1In Python, a function being pickable implies that it can be serialized using the pickle module, permitting it to
be saved to a file or transmitted over a network. This is essential when utilizing multiprocessing, as pickling
facilitates the distribution of functions and their arguments among multiple processes.

2Stream’s individuals, for example, are not pickable, rendering it impossible to parallelize the genetic workload
allocation in Stream’s multi-chip mapper.
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1. Retrieve global variables: the graph G, MINOTAUR multi-chip model multichip,
base schedule base_schedule (the topological schedule), and SRAM configuration
sram_config (extracted from the multi-chip model for convenience).

2. Extract schedule and usage record permutations from the input individual.

3. Generate the graph’s schedule by sorting the base schedule in accordance with the
individual’s schedule_perm.

4. If the resulting schedule is invalid, return an invalid fitness score (i.e., a fitness score
of infinity).

5. Employ the schedule to ascertain the execution times of the nodes in the graph.

6. Produce usage records according to the individual’s schedule permutation.

7. Sort the usage records based on the individual’s usage_record_perm.

8. Perform the SRAM planning using the sorted usage records.

9. If the peak SRAM size surpasses the permissible SRAM size, the function returns an
invalid fitness score.

10. Estimate the SRAM energy consumption utilizing the generated schedule and the
SRAM configuration.

11. Lastly, return the fitness score as a tuple containing the estimated SRAM energy, peak
SRAM size, and Hamming distance between the schedule permutation and the default
schedule permutation.

Based on the returned fitness score, the genetic algorithm determines whether the individual
is suitable for reproduction. In addition to the two apparent values, the fitness score tuple
also incorporates the Hamming distance between the individual’s schedule permutation and
the default schedule permutation. This is done to reward individuals possessing a schedule
permutation distinct from the default schedule permutation. This approach encourages the
algorithm to explore the search space of potential schedules and aids in averting the search
from becoming trapped in a local optimum.

A.1.3. Evolutionary Algorithm

DEAP offers a variety of ready-to-use evolutionary algorithms that necessitate minimal modi-
fication. In PAMA, the genetic algorithm is built upon the eaMuPlusLambda() algorithm. The
name originates from the algorithm’s utilization of a population of size mu and the gener-
ation of lambda offspring per generation, selecting the best mu individuals from both the
population and offspring for the subsequent generation (hence the name mu plus lambda).
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Although lambda can generally be chosen arbitrarily, in PAMA, it is set to twice the popula-
tion size mu. For a comprehensive list of evolutionary algorithms provided by DEAP, refer to
https://deap.readthedocs.io/en/master/api/algo.html.

A.1.4. Crossover and Mutation

The genetic algorithm employs two operators to generate new individuals from existing ones:
crossover and mutation. Crossover is utilized to combine the genetic material of two individ-
uals, whereas mutation serves to modify an individual’s genetic material.

PAMA employs the cxOrdered() crossover operator, which combines the two schedule
permutations and two usage record permutations of two distinct individuals, respectively.
This operator ensures that the resulting permutation is guaranteed to be free of duplicates
by combining the genetic material of two individuals in a specific manner.

The mutation operator used in PAMA is mutShuffleIndexes(), which randomly shuffles
the indexes of the schedule permutation and the usage record permutation. The indpb
parameter dictates the probability of a mutation occurring and is set to 0.05 by default.
Consequently, there is a 5% chance that a mutation will transpire for each index in both the
schedule permutation and usage record permutation.

A.2. Genetic Algorithm Parameters

The genetic algorithm and evolutionary process are steered by several parameters. These
parameters must be meticulously tuned to ensure the algorithm’s ability to find an optimal
solution. In this section, the genetic algorithm parameters are discussed.

The two most crucial parameters are the population size and the number of generations. The
population size determines the number of individuals in the population, while the number of
generations indicates the iterations the algorithm will execute before stopping. Since it is
unknown what allocations can be discovered, PAMA’s genetic algorithm does not utilize a
stopping criterion by default, but instead iterates through all specified generations before
halting.

The population size and number of generations are intimately related. A larger population
size results in an expanded search space, allowing the algorithm to identify better solutions.
However, this also leads to increased runtime and memory footprint. The population size’s
influence on the algorithm’s convergence is illustrated in Figure A.1. As demonstrated, the
algorithm converges more rapidly with a larger population size. This is particularly true
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Figure A.1.: Energy consumption of the best individual in the population over the
course of 400 generations using different population sizes.

for larger and more complex network architectures, such as Inception v2. In comparison,
ResNet152 converges more swiftly with a smaller population size due to its simpler network
architecture and smaller search space. There is no definitive rule of thumb for the optimal
population size, which is often determined through trial and error. Similarly, determining
the ideal number of generations is unclear. However, the number of generations should
be sufficiently large to ensure the algorithm has ample opportunity to explore the search
space.

In addition to the population size and the number of generations, the genetic algorithm
encompasses several other parameters. These parameters serve to control the evolutionary
process at each generation. Two pivotal parameters are the probability of mutation and the
probability of crossover. Ideally, their sum should equal 1. In PAMA, these two parameters
were determined, once again through trial and error, to be 0.6 and 0.3, respectively. Setting
these values too low will render the evolutionary process sluggish and inert, whereas setting
them too high will cause the search process to become unstable, preventing the algorithm
from converging to an optimal solution.
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B. Integration with External Mapping Tools

PAMA can integrate with external DNN mapping and exploration tools. In this chapter, we
will discuss two such tools that are currently compatible with PAMA. The first tool is ZigZag
[27], which focuses on mapping deep learning workloads onto single-chip accelerators. The
second tool, Stream [32], provides a comprehensive framework for mapping deep learning
workloads to multi-chip systems.

Both ZigZag and Stream are implemented in Python, are open-source, and can be accessed
through their respective GitHub repositories [62, 87]. Interested readers are encouraged to
delve into these tools and explore their source code. The author would like to express
gratitude to Arne Symons and his colleagues at KU Leuven for their exceptional work in de-
veloping these tools, ensuring ease of use, and providing comprehensive documentation.

B.1. ZigZag

ZigZag [27] is a DSE framework specifically tailored for embedded deep learning acceler-
ators. It is designed to explore and optimize both the architecture and workload mapping
on these architectures. ZigZag primarily aims to enhance the performance and energy
efficiency of single-core/single-chip deep learning systems by minimizing data movement
overhead and maximizing accelerator utilization. Unlike other DSE frameworks, ZigZag can
search over uneven mapping opportunities using intelligent mapping search strategies.

The original ZigZag paper [27] proposed several heuristic mapping strategies, which were
later extended by Symons et al. [71] to provide a more comprehensive search over the
space of potential temporal mappings.

ZigZag’s innovative Memory-Centric Design Space Representation decouples operands
(weights, inputs, and outputs), memory hierarchy, and mapping scenarios, thus opening
up a novel mapping space for DSE. As a result, ZigZag can identify superior design points
compared to other frameworks.
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Figure B.1.: Energy breakdown between static energy consumption, measured by
PAMA, and dynamic energy, measured by ZigZag of ResNet18 on
MINOTAUR.

Similar to PAMA, ZigZag offers an ONNX-compliant Frontend that is continuously being
refined. The framework also provides an easy-to-use Python API (Application Programming
Interface) and the ability to annotate ONNX models with ZigZag’s mapping information. This
feature allows users to integrate ZigZag into their own workflows.

Another critical feature of ZigZag is the Loop Relevance Principle, built upon the Memory-
Centric Design Space Representation. This enables the framework to systematically extract
essential information, such as memory accesses and required memory bandwidth, which
the Hardware Cost Estimator utilizes to determine the system’s energy and performance
values. It is these values that are annotated to the ONNX model and used by PAMA for
further compilation.

In the context of this work, ZigZag was further extended to extract hardware information
from the MINOTAUR cost model and convert it into its own Hardware Cost Estimator. This
enables ZigZag and PAMA to share a cost model, which is crucial for incorporating ZigZag
into PAMA.

Figure B.1 and fig. B.2 depict the energy breakdown between static energy consumption,
as measured by PAMA, and dynamic energy, as measured by ZigZag, for ResNet18 and
MobileBERT on MINOTAUR. These values were generated using an earlier version of the
MINOTAUR cost model. The current version, which offers greater accuracy, will be utilized
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Figure B.2.: Energy breakdown between static energy consumption, measured by
PAMA, and dynamic energy, measured by ZigZag of MobileBERT on
MINOTAUR.

in future work. Nevertheless, the energy breakdown between static and dynamic energy
consumption serves as a good indicator of the collaborative data sharing between ZigZag
and PAMA.

B.2. Stream

Stream is a state-of-the-art, open-source framework designed for the exploration of fine-
grained scheduling of DNNs on multi-chip hardware accelerator systems [32, 88]. The
framework has been recently updated to support integration with the MINOTAUR multi-chip
model and the PAMA compiler, thus enabling multi-chip DNN mapping and scheduling con-
figurations. Stream encompasses a fast fine-grained data dependency generator, a genetic
algorithm-based layer-core allocator, and a heuristic-driven multi-chip scheduler. The effi-
cacy of Stream has been validated through comparisons with several cutting-edge hardware
accelerator implementations.

In addition to multi-chip scheduling, Stream is also capable of employing a depth-first layer-
fused scheduling approach. In contrast to PAMA’s layer fusion, Stream splits layers and
combines them into a depth-first execution pattern, resulting in up to 30x energy-delay
product (EDP) reduction compared to traditional layer-by-layer scheduling. This depth-first
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scheduling approach further enables Stream to reduce the memory requirements in of both
SRAM and RRAM, making it possible to schedule even the largest of DNN workloads on
resource-constrained multi-chip systems.

Although Stream’s integration with PAMA is still under development, preliminary findings
indicate its potential to identify advantageous multi-chip mapping and scheduling configu-
rations for an array of DNN workloads. For further information, readers are encouraged to
delve into Stream’s source code and accompanying documentation.
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C. PAMA Artifacts

This section offers a comprehensive overview of the artifacts produced by PAMA. PAMA’s
CLI allows users to compile ONNX models and generate target code for deep learning ac-
celerators, such as MINOTAUR.

C.1. Graph Transformations

A clear understanding of the graph operations utilized in PAMA can be achieved by exam-
ining the ONNX graph and PAMA’s IR DAG at various stages throughout the compilation
process. The ONNX model visualizations are generated using Netron [89], whereas the IR
DAGs are produced with the aid of PAMA’s internal graph visualization utility, which lever-
ages functions provided by NetworkX [72].

C.1.1. ResNet18 Example

We begin by highlighting the graph transformations applied to the ResNet18 model and its
corresponding ONNX representation. The ONNX graph is depicted on the left side of Fig-
ure C.1. Subsequently, the graph undergoes annotation by ZigZag. The resulting annotated
graph is displayed on the right side of Figure C.1. This annotated graph is then converted
into PAMA’s IR DAG using PAMA’s parser, as illustrated in Figure C.2. The IR DAG under-
goes optimization via the DAG optimization techniques discussed earlier, followed by pattern
matching through the PME. The outcome is visualized in Figure C.3. This graph serves as
the foundation for scheduling, memory planning, and code generation.

C.1.2. MobileBERT Example

In a manner akin to the ResNet18 example, we elucidate the graph transformations applied
to the MobileBERT model and its ONNX representation. The ONNX graph, prior to pre-
processing and frontend optimizations, is presented in Figure C.4. Following preprocess-
ing and frontend optimizations, the ONNX graph is depicted on the left side of Figure C.5.
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Subsequently, the graph undergoes annotation via the ZigZag framework. The resulting
annotated graph is displayed on the right side of Figure C.5. This annotated graph is then
converted into PAMA’s IR DAG, as illustrated in Figure C.6. The IR DAG undergoes opti-
mization through the DAG optimization techniques previously discussed, followed by pattern
matching. The outcome is visualized in Figure C.7.

C.2. Generated Code

Utilizing PAMA’s C-Struct Backend, C++ code is generated that can be compiled with a
RISC-V GCC toolchain and executed on the MINOTAUR SoC. For instance, the generated
code corresponding to the second fused layer in ResNet18 is presented in Listing C.1. This
C-Struct encompasses all the essential information required for the layer’s execution on
the SoC, including memory addresses, loop order and tilings, as well as various flags that
govern the layer’s execution process.

Besides the C-Struct, PAMA generates a collection of data structures during the compilation
process that serve to reference other layer artifacts, such as input, weight, and output ten-
sors, particularly during unit testing. A short snippet of these data structures can be found
in Listing C.2. For further details, readers with a keen interest are encouraged to explore the
CLI tool documentation.
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Figure C.1.: ResNet18 ONNX graph before and after ZigZag annotation.

85



1x64x112x112

1x64x112x112

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x64x56x56

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x128x28x28

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x256x14x14

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x7x7

1x512x1x1

1x1008

1x3x224x224

Conv_0

Relu_1

MaxPool_2

Conv_3

Relu_4

Conv_5

Add_6

Relu_7

Conv_8

Relu_9

Conv_10

Add_11

Relu_12

Conv_13

Conv_16Relu_14

Conv_15

Add_17

Relu_18

Conv_19

Relu_20

Conv_21

Add_22

Relu_23

Conv_24

Conv_27Relu_25

Conv_26

Add_28

Relu_29

Conv_30

Relu_31

Conv_32

Add_33

Relu_34

Conv_35

Conv_38Relu_36

Conv_37

Add_39

Relu_40

Conv_41

Relu_42

Conv_43

Add_44

Relu_45

GlobalAveragePool_46

Gemm_48

Input

Output

Figure C.2.: ResNet18 PAMA IR DAG before pattern matching.
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Figure C.3.: ResNet18 PAMA IR DAG after pattern matching.
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Figure C.5.: MobileBERT ONNX graph before and after ZigZag annotation.
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Figure C.6.: MobileBERT PAMA IR DAG before pattern matching.
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Figure C.7.: MobileBERT PAMA IR DAG after pattern matching.
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const SimplifiedParams Conv_3_params{
.INPUT_OFFSET = 131072,
.WEIGHT_OFFSET = 518144,
.OUTPUT_OFFSET = 331776,
.WEIGHT_TRANSPOSE = false,
. loops = {{14, 7, 2, 1, 1, 1}, {4, 3, 3, 2, 8, 4}},
. inputXLoopIndex = {0, 5},
. inputYLoopIndex = {1, 4},
.reductionLoopIndex = {3, 0},
.weightLoopIndex = {2, 3},
.fxIndex = 2,
.fyIndex = 1,
.weightReuseIndex = {4, 5},
.STRIDE = 1,
.REPLICATION = false,
.RELU = true,
.BIAS = true,
.BIAS_OFFSET = 555008,
.RESIDUAL = false,
.RESIDUAL_OFFSET = −1,
.MAXPOOL = false,
.AVGPOOL = false,
.WEIGHT = true,
.STORE_IN_ACC = false,
.ACC_FROM_ACC = false,
.SOFTMAX = false,
.ATTENTION_SCALING = false,
.FC = false,
.NO_NORM = false,
.SOFTMAX_GRAD = false,
.FC_GRAD = false,
.NO_NORM_GRAD = false,
.RELU_GRAD = false,
.BIAS_GRAD = false,
.CROSS_ENTROPY_GRAD = false,
.MSE_GRAD = false,
.BCE_WITH_LOGITS_GRAD = false,
. INPUT_TRANSPOSE = false,
.CONCAT_INPUT = false,
.CONCAT_WEIGHT = false,
.SPLIT_OUTPUT = false,
.GRAD_CLIPPING = false,
.GRAD_CLIPPING_UNIT_TEST = false,
.WEIGHT_SPLITTING = false,
.WEIGHT_RESIDUAL_OFFSET = −1,
. learningRate = 0.0,
.ACC_T_INPUT = false,
.ACC_T_WEIGHT = false,
.ACC_T_OUTPUT = false,
.ACC_T_RESIDUAL = false,
.outputExpBias = 0,
.WEIGHT_UPDATE = false,
.ERROR_FEEDBACK = false,
.depthwise = false,
.sram_banks = {ON, ON, ON, OFF, OFF, OFF, OFF, OFF},
.rram_banks = {ON, ON, ON, ON, OFF, OFF, OFF, OFF, OFF, OFF, OFF, OFF},
.bandwidth_mode = QUAD,
.bank_offsets = {0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0},
.name = "Conv_3",

};

Listing C.1: Generated C-Struct for 2nd ResNet18 Layer.
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const std::map<std::string, Files> filesCodeGen{
{"Conv_0", {"input" , "Conv_0_weight", "Conv_0_bias", "input_8"}},
{ "Conv_3", {"input_8", "Conv_3_weight", "Conv_3_bias", "onnx::Conv_129"}},
{ "Conv_5", {"onnx::Conv_129", "Conv_5_weight", "Conv_5_bias", "input_24", "input_8"}},
{ "Conv_8", {"input_24", "Conv_8_weight", "Conv_8_bias", "onnx::Conv_136"}},
{ "Conv_10", {"onnx::Conv_136", "Conv_10_weight", "Conv_10_bias", "input_40", "input_24"}},
{ "Conv_13", {"input_40", "Conv_13_weight", "Conv_13_bias", "onnx::Conv_143"}},
{ "Conv_15", {"onnx::Conv_143", "Conv_15_weight", "Conv_15_bias", "onnx::Add_210"}},
{ "Conv_16", {"input_40", "Conv_16_weight", "Conv_16_bias", "input_60", "onnx::Add_210"}},
{ "Conv_19", {"input_60", "Conv_19_weight", "Conv_19_bias", "onnx::Conv_152"}},
{ "Conv_21", {"onnx::Conv_152", "Conv_21_weight", "Conv_21_bias", "input_76", "input_60"}},
{ "Conv_24", {"input_76", "Conv_24_weight", "Conv_24_bias", "onnx::Conv_159"}},
{ "Conv_26", {"onnx::Conv_159", "Conv_26_weight", "Conv_26_bias", "onnx::Add_225"}},
{ "Conv_27", {"input_76", "Conv_27_weight", "Conv_27_bias", "input_96", "onnx::Add_225"}},
{ "Conv_30", {"input_96", "Conv_30_weight", "Conv_30_bias", "onnx::Conv_168"}},
{ "Conv_32", {"onnx::Conv_168", "Conv_32_weight", "Conv_32_bias", "input_112", "input_96"}},
{ "Conv_35", {"input_112", "Conv_35_weight", "Conv_35_bias", "onnx::Conv_175"}},
{ "Conv_37", {"onnx::Conv_175", "Conv_37_weight", "Conv_37_bias", "onnx::Add_240"}},
{ "Conv_38", {"input_112", "Conv_38_weight", "Conv_38_bias", "input_132", "onnx::Add_240"}},
{ "Conv_41", {"input_132", "Conv_41_weight", "Conv_41_bias", "onnx::Conv_184"}},
{ "Conv_43", {"onnx::Conv_184", "Conv_43_weight", "Conv_43_bias", "onnx::Gemm_190", "input_132"}},
{ "Gemm_48", {"onnx::Gemm_190", "Gemm_48_weight", "Gemm_48_bias", "output"}},

};

const std::vector<std :: string> orderCodeGen{
"Conv_0",
"Conv_3",
"Conv_5",
"Conv_8",
"Conv_10",
"Conv_13",
"Conv_15",
"Conv_16",
"Conv_19",
"Conv_21",
"Conv_24",
"Conv_26",
"Conv_27",
"Conv_30",
"Conv_32",
"Conv_35",
"Conv_37",
"Conv_38",
"Conv_41",
"Conv_43",
"Gemm_48",

};

Listing C.2: Subset of Generated ResNet18 Artifacts.
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