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Abstract

Modern foundation models and generative Al applications require multiple input
modalities (both vision and language), which increases the demand for flexible accel-
erator architecture.

Existing frameworks suffer from the trade-off between design flexibility and pro-
ductivity of RTL generation: either limited to very few hand-written templates or
cannot automatically generate the RTL.

To address this challenge, we propose the LEGO framework, which automatically
generates and optimizes spatial architecture design in the front end and outputs syn-
thesizable RTL code in the back end without RTL templates. LEGO front end finds
all possible interconnections between function units and determines the memory sys-
tem shape by solving the integer linear equations, and establishes the connections by
a minimum-spanning-tree-based algorithm and a breadth-first-search-based heuristic
algorithm for merging different spatial dataflow designs. LEGO back end then trans-
lates the hardware in a primitive-level graph to perform lower-level optimizations, and
applies a set of linear-programming algorithms to optimally insert pipeline registers
and reduce the overhead of unused logic when switching spatial dataflows.

Our evaluation demonstrates that LEGO can achieve 3.2x speedup and 2.4x
energy efficiency compared to previous work Gemmini, and can generate one archi-
tecture for diverse modern foundation models in generative Al applications.

Thesis Supervisor: Song Han
Title: Associate Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

1.1 Background and Motivation

The proliferation of tensor applications, particularly deep neural networks, has led
to an unprecedented demand for efficient and high-performing solutions. Especially
in the era of multi-modal large foundation models, a single accelerator needs to pro-
cess/generate both language and vision inputs/outputs [8,22,32], such as GPT-4 [23]
and stable diffusion [11]. Many spatial hardware architectures have been proposed
to accelerate common operations, such as TPU [13] for general matrix multiplication
(GEMM), Eyeriss [1]| for convolutional neural networks, and A3 [9], SpAtten [35],
and Sanger [20] for attention operation in transformers [33], and PointAcc [18] for
sparse convolution in point cloud deep learning [2]. Although these architectures
have exhibited remarkable performance for the target operations, their development
cycle is frequently impeded by extensive human effort. This drawback puts them at
a disadvantage when handling emerging algorithms that require diverse new opera-
tions. Moreover, these human-designed accelerators cannot cover the entire design
space of architectures, making them sub-optimal for certain situations. Therefore, an
automatic hardware design methodology is urgently needed to reduce human effort
and shorten the development cycle for highly flexible architectures.

Another benefit of automatic hardware design tools is the fair and end-to-end

evaluation of emerging techniques. For example, with the rapid development of large
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language models, many techniques are proposed to reduce the memory bandwidth
bottleneck by using low-bitwidth quantization, like VS-Quant [3] and microexpo-
nent [5]. However, it is difficult to directly compare the results of these works due to
the differences in experiment settings. An automatic hardware design tool can work
as a platform to evaluate them by generating the end-to-end power/performance/area
results under the same setting with little extra human effort, which can further speed
up the development of new techniques.

In support of spatial architecture development for tensor applications, dataflow
analysis tools like Timeloop [24], MAESTRO [15], and TENET [19] have been pro-
posed to model the hardware behavior and predict their latency and energy. Recently,
design space exploration tools such as NAAS [17] and MAGNET [34] have leveraged
these tools to search for optimal architectures in the design space.

However, one major obstacle is the absence of powerful generation tools that
can effectively translate any hardware abstractions in the analysis tools into actual
RTL code. This is particularly challenging given the increasing diversity of tensor
operations in modern models, which require flexible dataflows in one accelerator to
achieve better performance. However, as shown in Table 1.1, current generation
tools |[7,28,34,40| heavily rely on pre-defined handwritten templates, which can be
too rigid and severely limit the hardware design space, ultimately impeding their
practical usefulness.

Another major obstacle is the lack of a comprehensive representation of the hard-
ware. Current solutions [7,17,34,39] typically use template hyperparameter vectors
to describe the hardware design. However, such abstraction does not capture the in-
tricate connectivity of different hardware components, resulting in limited hardware

design space and little assistance in automatic hardware generation.

1.2 Framework Overview

To address these challenges, we propose a novel end-to-end framework, LEGO, as

shown in Figure 1-1. Unlike traditional methods that rely on handwritten RTL/HLS
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Table 1.1: Comparison between Different Spatial Accelerator Generators and Analysis
Frameworks

Work ‘ RTL Generation Design Space
Timeloop  [24], .
MAESTRO [15] X unlimited

TENET [19] X unlimited
Gemmini [7], -

DNNWeaver [2§] v (Template-based) limited to 2 templates
MAGNET |[34] v (Template-based) limited to 1 template
DNA [40] v (Template-based) limited to 3 dataflows
AutoSA [36] v (HLS for FPGA) limited to 2D systolic array
Lego (ours) v unlimited

templates, LEGO directly generates spatial architecture design (via front end) and
outputs synthesizable RTL code (via back end) without sacrificing flexibility from a

comprehensive high-level hardware abstraction, as shown in Figure 1-2.

Specifically, to enable full design freedom on interconnections topology, LEGO
builds hardware based on a hierarchical spatial architecture paradigm that separates
computation logic, data path topology, and memory system for each parallelism level.
LEGO also adopts relation-centric high-level representation that focuses on the map-

pings between the iteration domain and (par)for-loop instances in the workload.

LEGO front end captures the data behavior in the target workload and determines
the connectivity between different functional units (FUs) and memory allocation by
directly solving the linear equations. The front end formulates the connectivity deci-
sion into a graph optimization problem, exploits a Minimum Spanning Tree (MST)
based algorithm to maximize the data reuse, and employs a Breath First Search (BFS)
based heuristic algorithm that merges connections for various dataflows to minimize
the data path overhead. The front end then generates an FU-level architecture de-
scription graph.

LEGO back end further translates the graph into a primitive-level detailed archi-
tecture graph (DAG), of which the basic components are hardware primitives such as

multipliers, adders, and buffers. To help the design meet the timing requirement, the
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Figure 1-1: Instead of configuring the sizing parameters in the hardware template,
LEGO directly generates spatial architecture design and outputs RTL code from high-
level hardware description.

back end applies a set of linear-programming algorithms to optimally insert pipeline
registers with minimum cost. To further reduce area and power overhead, The back
end performs a pin-reusing algorithm to eliminate the overhead of unused computa-
tion logic and deploys a power-gating logic for unused connections when switching

different dataflows in the hardware.

1.3 Thesis Overview and Contributions

This thesis introduces the whole LEGO framework following Figure 1-2.

Chapter 2 provides a general overview of the spatial architecture generated by
LEGO and introduces the basic modules and the memory hierarchy in the hardware.

Chapter 3 introduces the high-level representation used in LEGO framework,
which describes mappings between iteration, temporal for-loop instances, spatial FU
arrays, and operand tensor data. LEGO front end will take advantage of these map-
pings to analyze data reuse and build interconnections.

Chapter 4 describes the design of LEGO front end. LEGO front end builds the
architecture description graph and applies multiple algorithms, including MST and a

20
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Figure 1-2: Overview of LEGO Spatial Accelerator Generator and Optimization

Framework: from high-level description to hardware RTL.

BFS-based heuristic algorithm to optimize the overhead of the data path.
Chapter 5 describes the design of LEGO back end, including a detailed archi-

tecture graph to efficiently model the low-level hardware components, and multiple
transformation passes to reduce the register cost and energy consumption.

Chapter 6 evaluates the LEGO framework using various benchmarks from single
operations like GEMM, to complex tasks like neural networks, and further extends to
diverse generative Al applications including the LLaMA foundation model and stable
diffusion model. The evaluation results show that LEGO outperforms Gemmini |7|
with 3.2x speedup and 2.4x energy efficiency. We also provided an example of using

LEGO as an end-to-end evaluation tool for emerging quantization techniques.

1.4 Related Work

DSAGen |[37] is a CGRA-based architecture that targets at high reconfiguability.
Compared to DSAGen, our proposed LEGO framework puts more effort into perfor-
mance of real-world applications. LEGO emphasizes data reuse (e.g. reuse analysis
on relation-centric representation) and distribution (e.g. MST optimizer) and min-

imizes the cost of the data path, while DSAGen uses flexible switches to distribute

data. LEGO uses human-designed transformation passes which can get near-optimal
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hardware cost with polynomial time complexity based on the presumptions, while
DSAGen relies on random search which is more suitable for unpredictable situations.
LEGO has comparable efficiency as human designs (Table 6.2) while DSAGen has
>2x area and power overhead (compared to DianNao). However, DSAGen natively

supports sparse operation but LEGO needs special design.

Polyhedral Model is a loop-analyzing model similar to our relation-centric rep-
resentation. However, there are still some differences between them. The polyhedral
model targets loop optimization, while our representation aims more at hardware
generation. We separate the spatial/temporal dataflows, and introduce control flow
to constrain data dependency among FUs. Contrary to the polyhedral model’s re-
lation direction, we map from dataflow to the iteration domain to eliminate modulo
operations in the representation. All relations are represented through affine trans-

formation, simplifying interconnection analysis as solving integer equations.

Design Space Exploration Tools While not targeting generating actual hard-
ware, there are many design space exploration tools proposed to estimate and op-
timize the cost of neural network accelerators. Examples include compute-centric
Timeloop [24], data-centric MAESTRO |[15], relation-centric TENET [19], and op-
timization tools like NAAS [17]. These tools tend to do some simplification to the
hardware (for example, by ignoring the bank of buffers and detailed FU connec-
tions) and perform the first-order estimation of the hardware performance. On the
contrary, LEGO accurately models the hardware to achieve end-to-end RTL genera-
tion. However, these tools can provide good feedback when choosing the high-level
parameters for LEGO and can work together to create an end-to-end solution of

software-hardware co-design.

22



Chapter 2

LEGO Spatial Architecture Overview

As shown in Figure 2-1, LEGO spatial architecture provides flexibility and high
expressiveness by decoupling computation units, data paths, and memory systems
(Figure 2-1(a)) on a hierarchical design (Figure 2-1(b)). The architecture consists of

several basic modules, including:

Functional Units (FUs) are the smallest indecomposable building blocks of com-
putation. It executes the computation defined in the loop body. For example, the
FU of GEMM and convolution workload is multiplication-add (MAC): Y+ = A - B;
the FU of the mixed-precision GEMM workload using BitFusion [29] architecture is
the 2-bit multiplication-and-shift-add unit: Y =Y + (A B) << C. LEGO does not
generate the FU microarchitecture but rather employs a user-defined FU design to

offer customization.

FU Interconnections specify the direct communication between functional units.
There are two types of FU interconnections: direct and delay interconnection. De-
lay interconnections are essentially FIFOs parameterized by their depth. A deeper
FIFO implies more area but allows larger loop tiling sizes. The depth of FIFO is
programmable during runtime, offering a configurable delay when sharing the data.
Different tensors have their own set of FU interconnections. The interconnections

allow arbitrary but pre-defined data transfer between FUs. While there might be
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Figure 2-1: LEGO Spatial Architecture decouples computation logic, data path topol-
ogy, and memory system in a hierarchical design.

multiple paths between two FUs, in each valid data flow configuration, the intercon-
nection will form a directed forest and result in a fixed direction of data transfer. The
allows a simple design of software (no complex scheduling required) and prevents any

potential deadlock (since the forest must be acyclic).

Data Distribution Switches route the data between on-chip memories and func-
tional units. For example, it can be a chubby tree in MAERI [16] and multi-cast in
Eyeriss [1]. As the data reuse between FUs is handled by FU interconnections, data
distribution switches resolve the memory access conflicts arising from the tensor data

layout in on-chip memories.

Memories are parameterized by their capacity and width. L1 memories are as-
signed to different tensors. Each L1 memory space has only one address generator
and controller. L2 and higher-level memories are shared by all tensors and use a

Buffet-based interface to buffer the transmitted data.

Network-on-Chip (NoC) connects different memories at the same level and in-
teracts with the memories at the higher level. Since data layout in L1 memories
is determined by the data access pattern in FU array while data layout in higher-
level memories is in line with the layout in off-chip memories, L1 NoC supports
strided memory access and tensor transpose in addition to communication. We used

a wormhole-based structure for the L2 NoC, and the deadlock is prevented using a
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classical X-Y routing method.

Post-processing units (PPUs) process the layers that cannot trivially map to
the FU array in neural network workloads. These layers include activation functions
like ReLLU, sigmoid, softmax, and GELU, and normalization layers like LayerNorm
and GroupNorm. Each post-processing unit consists of a lookup table to calculate the
activation function and a reduction unit to summarize the mean/variance during the
normalization or sum of exponents during softmax. The post-processing units share
the output buffers with the FU array to support in-place activation calculations and

minimize hardware overhead during normalization.
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Chapter 3

LEGO High-Level Representation

Relation-centric high-level representation in LEGO essentially describes mappings
among different domains, including iteration domain, temporal for-loop instances,
spatial FU arrays, and operand tensor data domains. By analyzing these mappings,
we can derive the patterns of when a tensor element is accessed in the FU and how
it is reused across FUs, and finally, determine the interconnections between FUs and

the allocation of tensor data on memories.

3.1 Workload Representation

A tensor workload is essentially the mappings between its iteration domain and tensor
domains.
Definition 1: Data Mapping. Given a n;-dimensional iteration domain I and a

np-dimensional tensor domain D, a data mapping relation is defined as,
d=M;j pi+ b;_p, (3.1)

where d is a np-d vector indicating a tensor D element, ¢ is a n;-d vector indicating
a iteration instance in I, and Mj_,p is a affine transformation matrix with a size of
np Xny, b[_>D is a nD—d bias.

In the example of Figure 3-2 (the 2D-Conv workload Y, oc.on,00 = Conv (X, ic.iniws Woc,ickhjw))s
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Figure 3-1: GEMM workload example of relation-centric notation and interconnection

analysis

Workload: CONV-2D
Systolic Axis: None

for t_n in range(0, R n):
for t_ow in range(0, R_ow):
for t_oh in range(0, R oh):
for t_oc in range(0, R_oc):
for t_ic in range(0, R_ic):
for t_kw in range(0, R _kw):
for t_kh in range(0, R _kh):
par-for s_ow in range(0, P_ow):
par-for s_oh in range(0, P_oh):
oh = tioh * P_oh + s_oh

F=M_,i=

Timestamp
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Figure 3-2: 2D convolution example of relation-centric notation and interconnection

analysis

the data mapping of input tensor X can be represented as,

81
I
o O O =

o o © O
o O = O
o = O O
- O O O
o = O O
= O © ©

where the iteration domain of 2D-Conv has 7 dimensions: N (batch size), OC/IC (out-

put/input channels), OH/OW (output height /width), and KH/KW (kernel height /width).

3.2 Dataflow Representation

Dataflow representation contains temporal dataflow and spatial dataflow.

Definition 2: Dataflow Mapping. Given a n;-dimensional iteration domain I, np-

level for-loop nests T, ng-level parfor-loop nests S, the dataflow mapping is defined
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as,

—

is - MS—>I§> (3.2)

il — MT_mf_; (3.3)
B 7 i

1 =17 + iS = MT,S—>I . = MT—>I MS—>I o (34)
S S

§is a ng-d vector indicating the FU coordinates where the loop instance is executed.
t'is a np-d vector indicating the coordinates of the for-loop state. The lexicographical
order of ¢ indicates the for-loop execution order. That is, the first dimension of ¢ is the
outermost for-loop and the last dimension of 7 is the innermost for-loop. Therefore,

given the for-loop sizes R}, we can convert ¢ into a scalar integer t as follows,

t = [O {T] 1T = ((tO’RTl +t1) 'RT2+t2>"' (35)

where t = [to,t1,---]7 and Ry = [Ry,, Ry, Ry, -+ |7 Mgy with size of ny x np
and Mg_,; with size of n; X ng are both non-negative affine transformation matrices.
They can all be inferred from the for-loop sizes Ry and parfor-loop sizes Ry (i.e.,
the FU array sizes), and guarantee that all relations in Equations 3.2,3.3, 3.4 are
bijective. Note that for both My_,; and Mg_,;, there is only one nonzero element

per column; that is, Mr_,; only has ny nonzeros and Mg_,; only has ng nonzeros.

By manipulating the transformation matrix Mg_,; and My_,;, our representation
is able to describe diverse dataflows and support arbitrary loop tiling and loop re-
ordering. Tiling a level of for-loop is equivalent to adding another dimension in 7,
i.e., np is increased by 1. Note that ny should be no larger than the number of loop
counters in hardware, and no smaller than min(n; —ng, 0) to cover the whole iteration

space 1.

Figure 3-1(purple region) demonstrates an example of translating loop nests of
GEMM into relation-centric dataflow mapping representation. The transformation

matrix Mg_,; and Mry_,; only contain zeros and values from the loop sizes (e.g.,
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RO _i, P_j). Furthermore, even though the iteration domain of GEMM has only
n; = 3 dimensions (I, J, K), the number of dimensions of timestamp tis np =
4 > ny. Figure 3-2(purple region) shows another example of using relation-centric

representation to express 2D convolution dataflow used in ShiDianNao architecture.

3.3 Control Flow and Systolic Array.

The control flow is denoted by a ng-d ternary vector ¢. Value one (or negative
one) indicates the control signals flow in the forward (or backward) systolic manner
along the corresponding dimension, while value zero means control signals are directly
shared among the FUs in that dimension. As shown in the example in Figure 3-1,
since control signals are forwarded along both spatial dimensions, the control flow
is represented as ¢ = [1,1]. While in the example in Figure 3-2, all FUs share the

control signals at the same time and thus ¢ = [0, 0].

Since the delay of control signals results in the delay of timestamp ¢, a timestamp
bias ;45 can be assigned to each FU to represent such delay. t3,s can be calculated
as,

tbias,é‘ = §T -C (36)

and the difference in timestamp £ of any two FUs (5] and &) can be calculated as,

— - \T — - =
Atbias,§1—>§2 - tbias,é’z - tbias,§1 = <S2 - 31) -C=A§-¢ (37>

Unlike TENET where systolic data sharing is represented using a relation from [/
to T' (the reverse of our mapping), we treat the systolic manner of sharing tensor data
as a natural result of the systolic manner of sharing control signals. As in the example
of Figure 3-1, since control flow is ¢ = [1, 1], multicast/reduction-tree is converted to
systolic forward/reduction by adding a delay of At,s = 1 on corresponding FU

interconnections.
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3.4 Interconnection Representation

Given a FU array, the FU Interconnections can be represented as a set of directed
graphs, where each directed graph G (V, Ep) corresponds to a certain tensor operand /result
D (e.g., input activation tensor, weight tensor). Each node in the graph is a FU,
that is V. = {§| 0 < § < Rg}. Each edge is an interconnection represented with
a tuple € = (s1, $3, Atpias + w), which indicating the data are transferred from FU
51 to 5 with a delay of Aty.s + w cycles. Usually, € is further constrained by
|51 — 83|, < dg,0 <w < dp. That is, ds constrains the maximum spatial distance of
‘adjacent’ FUs who can reuse their data without extra access from/to the scratchpad.
dr constrains the maximum depth of FIFOs that are inserted in interconnection € to
hold the data for temporal reuse between FUs (i.e., w is the programmable depth of
the FIFO).

For example, the interconnections of a widely used 2D-systolic array with a size

of 8 X 8 can be written as,

In the example of Figure 3-2 (ShiDianNao architecture), the interconnections of

input tensor X can be represented as,

EX:{<[i7j+1]v [ivj]7 w0)|0§1§770§j < 6, wo >O}

U{(li+1,4], [4,7], w1)|0<i<6,0<j<7w >0}
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Chapter 4

LEGO Front End

As shown in Figure 1-2, LEGO front end is designed to analyze the high-level rep-
resentation and generates the architecture description graph. The target of LEGO
front end is to build the interconnections between FUs with minimum cost. This is

achieved by data reuse analysis and data path optimizations described below.

4.1 Relation-based Interconnection Analysis

Based on relation-centric representation, we can determine all possible interconnec-
tions between FUs by analyzing the tensor data reuse between FUs. That is, if there
is a reuse of data between two FUs, there is a potential interconnection between these

two FUs.

Direct Interconnection From Equations 3.1, 3.2 and 3.4, we find A's that satisfies,

M, pMg_,;As =0

3 (4.1)
constraint : ‘As‘ < dg, Aty x5 =0
00 )
Each solution As can be converted into a set of interconnections as follows,
B = (5,54 85, Dy ) | 554 s € V) 42)
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Figure 4-1: Heuristic-based Direct Interconnections Planning: 1. build interconnec-
tions for shorter chain first; 2. select FUs with input delay interconnections as possible
root candidates of the chain; 3. select all FUs in the chain as possible root candidates
if step 2 fails; 4. select FU with least #input direct interconnections and data node
as final root; 5. extend the ongoing chain with a breadth-first search to connect the
longest-built chains.

In the GEMM example in Figure 3-1, we find a solution As = (1,0) for tensor
A. Therefore, FU(0,0) pushes tensor A data to FU(1,0)=(0,0)+(1,0) and similarly
FU(0,1) pushes A to FU(1,1). We also find a solution As = (0,1) for tensor Y.
Thus, FU(0,0) pushes tensor Y data to FU(0,1) = (0,0)+(0,1), and similarity FU(1,0)
pushes Y to FU(1,1). Note that, in this example, even though M; ,pMg_ ;As =0
for As = (—1,0), it is impossible to establish an interconnection from FU(1,0) to
FU(0,0)=(1,0)+(-1,0). This is because the difference of the temporal bias for this
connection is As ¢ = —1 < 0, which means the timestamp of FU(1,0) is always 1
cycle behind FU(0,0) and thus FU(1,0) cannot push tensor X data from future to
past.

Delay Interconnection From Equations 3.1, 3.3 and 3.4, we solve the following

equation,

MIHDMTHI{: _MIﬁDMSHIA_‘S #0

= 4.3
constraint : ‘As‘ <dg, Atbms,&s >0, H t; <drp (43)

t;7#0

If expected hardware supports more than one type of temporal dataflow for a certain
workload, we assume the for-loop nest domain is the same as the iteration domain

T = I. Equation 4.3 is a classic Diophantine equation where ¢ is the vector of
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unknowns, which can be solved in polynomial time complexity.
Each solution As can be converted into a set of interconnections as follows,

EdAfiay = {(5’, §+ As,w+ Atyisxs) | 55+ AseV,w> 0} (4.4)

If expected hardware only supports one type of temporal dataflow, we will set w to
the minimum value ¢ that satisfies Equation 4.3.

In the 2D convolution example in Figure 3-1, we get a solution pair As = (0,—1)
and t = (0,---,0,1) for tensor X. Therefore, FU(0,1) pushes tensor X data to
FU(0,0)=(0,1)4(0,-1) and similarily FU(1,1) pushes X to FU(1,0). We also get a
solution pair As = (=1,0) and £ = (0,--- ,1,0) for tensor X. Therefore, in addition
to FU(0,1), FU(1,0) also pushes tensor X data to FU(0,0)=(1,0)+(-1,0). Since both
solutions are delay connections, the tensor X data received from FU(0,1) will be valid
if and only if the timestamp of FU(0,0) is no smaller than (0,---,0,1), and data
received from FU(1,0) will be valid if and only if the timestamp of FU(0,0) is no
smaller than (0,---,1,0).

4.2 Minimum-Spanning Interconnections Generation

As depicted in the leftmost of Figure 4-1, FU interconnections found in the previous
step may be excessive. Therefore, after obtaining all possible FU interconnections,
we will search the minimum spanning trees on their union to get the minimum set of

necessary connections for tensor data reuse:

EMST — MinimumSpanningTrees( U Eaz) (4.5)

AF
Since the entire graph is directed, we use Tarjan’s Chu-Liu algorithm [31]. Note
that for output interconnections, the direction of the edge will be reversed during the
search since output buffers are data sinks instead of data sources. The root FU of
every tree will be labeled with a data node indicating it requires fetching/committing

the data from/to memories.
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4.3 Heuristic-based Direct Interconnections Planning

If the expected hardware supports multiple spatial dataflows, we have to combine in-

terconnections under different dataflows into one graph. However, directly merging all

MST )

the minimum-spanning interconnections obtained from the previous step (Uyy, , Enrs_,,

will not yield the optimal solution, especially for direct interconnections. Therefore,
we propose a breadth-first search (BFS) based heuristic algorithm to re-establish all

direct interconnections as illustrated in Figure 4-1.

First, we partition the FUs in the graph of each spatial dataflow (Mg_,;): all FUs
in the same subgraph can be connected to each other with direct interconnections.
We refer to such subgraph as a chain. The FU providing the shared data is referred
to as the root of the chain. The FUs receiving data with delay interconnections will
be recorded as the root candidates. Each chain will be labeled if it requires data from
memories. For example, in the spatial dataflow 1 of Figure 4-1, FU(2,0), FU(1,1)
and FU(0,2) share the data, and thus they form a chain. Since only FU(1,1) pulls
data through the delay interconnection, the root candidates of this chain only contain

FU(1,1).

Then, we build direct interconnections for each chain one by one, following the
order of the chain length. The root of the ongoing chain is selected from its root can-
didates: the FU having the least number of possible input direct interconnections will
be selected. Starting from the root, we extend the ongoing chain with a breadth-first
search to connect the longest-built chains. For example, when working on the longest
chain in Figure 4-1, all FUs are in the root candidates. FU(2,2), FU(2,0), FU(0,2) and
FU(0,0) only have 3 input direct interconnections (see the leftmost bottom graph).
Furthermore, FU(2,2) is labeled with a data node in the previous shorter chains (the
chain with black circled 2). Therefore, FU(2,2) will be selected as the final root of
this longest chain. Among all neighbors of root FU(2,2), both FU(1,1) and FU(2,1)
are the roots of the chain. Since the chain with FU(1,1) as root is longer, FU(2,2)
will be first connected to FU(1,1) (red circled 2 in the figure) and then connected
to FU(1,0). Moving from the root FU(2,2), we will then check the connectivity of
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FU(1,1) and FU(2,1) similarly (red circled 4 and 5 in the figure).
After determining the direct interconnections in the previous step, we will add

delay interconnections for the root FU in each direct interconnection chain.
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Chapter 5

LEGO Back End

The architecture description graph (ADG) generated by LEGO front end provides
the most important information about the hardware - the connections and memories.
However, there is still a gap between the ADG and the actual RTL code: ADG
describes the hardware at a relatively high level, of which the basic components
are FUs, data nodes, and connections between them. However, they are not the
elementary components in the hardware - a FU may perform different operations in
different dataflows; a connection need to be implemented in FIFOs, wires, broadcast,
or reduction tree; multiple connections to a single FU need to be merged by MUXes
or reduction logic. ADG ignores the data types and bitwidths of signals, and uses
an ideal hardware model: it assumes all of the computations are implemented in
combinational logic and the result is ready immediately when data are read from

buffers. This simplifies the front-end analysis but it is almost not realistic.

To get a more detailed view of the hardware, LEGO back end introduces a lower-
level representation - detailed architecture graph (DAG). As illustrated in Figure 5-1,
unlike ADG, which defines the connections between FUs, the DAG describes the
hardware at the primitive level. Like any other compiler design, LEGO back-end
first performs a translation pass (codegen) on ADG to build the DAG and then uses

multiple transformation passes on the DAG to optimize and elaborate the hardware.
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Figure 5-1: An example of an architecture description graph (ADG) (a) and its
corresponding detailed architecture graph (DAG) (b). ADG describes the hardware
at the FU level and defines the connections between FUs, while DAG opens the
black boxes of FUs and describes the hardware using basic primitives like multipliers,
adders, and buffers. The boundaries of FUs are also eliminated in DAG. This gives
us more flexibility and provides more opportunities for further optimizations.

5.1 Detailed Architecture Graph

The detailed architecture graph (DAG) offers a more detailed view and more fine-
grained control over the hardware design. DAG is also a directed acyclic graph in any
valid dataflow, but unlike ADG, which adopts FUs as its nodes, DAG selects more
low-level hardware primitives as its node. In practice, DAG uses a tree to keep the
hierarchy of components for easier hardware floorplan.

Figure 5-2 illustrates the basic primitives of DAG. The primitives include arith-
metic logic components like multipliers, adders, logical gates, and comparators, which
perform arithmetic operations over two inputs; the data node, which is separated into
read and write parts to make sure the graph is acyclic; the multiplexer used to select
data from multiple connections; the counter group that generates a series of indexes

within the configurable upper and lower bounds, which is used to drive the address
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Figure 5-2: Some examples of basic primitives in DAG. The functional units are
represented in basic operations like adders and multipliers. Each buffer is split into
a read operation and a write operation to prevent cycles in the DAG. The reducer
is an intermediate representation of the reduction logic for easier analysis and will
be converted to adders later. The counter group provides a series of counters for
address generation. The delay block acts like a shift register that delays the input
data for a fixed or configurable number of cycles, which is converted from the delayed
connection. The connection between components may contain some properties: a
non-zero latency L indicates a delayed connection, which is calculated in the delay
matching pass; the data range R is used in the width inference pass to derive the
bit-width of the signal.

generation logic. We also have data sources representing the control signals decoded
from the instructions, and a dummy node, which does not have any logic but a pin
to connect multiple wires. The edges between components describe the properties of
connections, including bit-width, data range, and data delay (in cycles). In the later
passes of LEGO back end, additional components are introduced to DAG: the re-
duction unit performs arithmetic operations over multiple inputs, which is converted
from a chain of associative operations like add, and it will be further transformed to
a balanced reduction tree; the delay block delays the input data for a configurable
number of cycles, which is converted from the edges with delays.

The translation from ADG to DAG is a rule-based process. The translator reads
the computation definition of the FU to first build the arithmetic component, keeps
track of the incoming and outgoing connection of the FU, and generates the necessary

MUZXes or adder in case of multiple connections at the same time. It also reads the
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Figure 5-3: Delay matching. The actual implementation of DAG primitives may have
some latency L, leading to mismatched delay when two paths to a single component
have different latencies (a). This can be solved by inserting extra latency EL into
the connections. A greedy algorithm is always inserting the latency to the nearest
connection of an unmatched component, which may lead to a higher cost of registers
(b). Alternatively, we use a linear program to find the global optimal solution to
minimize the register cost (c). In this example, the extra register is moved to the
connection with a lower bitwidth on the path, which reduces the cost from 32 to 4.

definition of global computations like address generators, builds the corresponding

components, and connects them to the FUs.

5.2 Delay Matching on DAG

One of the major challenges when generating the hardware from the directly trans-
lated DAG is that it still represents all computation in combinational logic, which
is hard to meet the timing requirement. To relax the timing, an obvious solution is
to add pipeline registers to the components according to the complexity. However,
simply doing so will lead to incorrect results, since there could be multiple paths from
the data source to a given component, and if different delays are introduced on these
paths when adding pipeline registers, the component will get mismatched input data
and generate incorrect output. Figure 5-3 (a) shows an example of mismatched input.

To address this problem, a delay matching pass is performed to match the delays

of multiple paths. Thanks to the acyclic property of DAG, the pass can be in the
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topological order. When processing a node v, we could assume all of its preceding
nodes u have matched delay D, due to the topological order, thus we only need to
adjust the delay on edge E,, so that all D, + E,, are equal. After this step, we
could guarantee node v has matched delay D, = D, + E,, + L,, where L, is the
number of pipeline registers within node v, which is a constant determined by the
implementation of hardware primitive. Figure 5-3 (b) shows the results of this greedy
algorithm.

We employ the greedy algorithm to find an initial feasible solution to the delay
matching problem, and further add consideration to the bit-width of the connections
to minimize the number of extra registers added to the edges. From D, = D, +FE, , +
L,, we could derive that E,, = D, — D, — L, delay should be added to the edge of

(u,v), which is a non-negative number so the constraints are
Ey,=D,—D,—L,>0 (5.1)
and the optimization target is
min > By Wy = min > (Dy =Dy~ Ly,) x Wy, (5.2)
(u,v)EE (u,w)ER

where W, , is the bit-width of edge (u,v). This is a linear programming problem that
can be solved with any LP solver. Figure 5-3 (c) illustrates the optimal solution find
by the linear program. By moving extra latency to low bitwidth connections, the cost

can be greatly reduced.

5.3 Broadcast Pin Rewiring on DAG

On DAG, multiple signals can share the same data source, such as the control signals
and address signals, and may finally be connected to a reduction logic after several
computation logics. To ensure that the delay is consistent, extra latency needs to

be added to the path between the data source and the reduction logic, which can
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Figure 5-4: Pin rewiring. The pipeline registers (EL denotes the extra latency of
them) inserted during delay matching can be suboptimal when there are broadcast
pins, and the broadcast may not be directly transformed into a forwarding chain in
the case of (a). In (b), we modify the cost function of the linear program to a virtual
one that only counts the maximum cost for each broadcast pin. This encourages it
to put the pipeline register directly after the broadcast, which allows us to rewire the
broadcast connection in (c¢) using MST.

be optimized by rewiring the broadcast connection into a forward connection. For
example, if we insert one cycle latency between A—B and two cycle latency between
A—C, we could convert it into a forward chain of A—B—C, in which case only 2
pipeline registers are used instead of 3 in the broadcast case.

However, in practice, the situation can be different as the linear programming
solver may not explicitly incorporate the latency on the broadcasted signal. As shown
in Figure 5-4 (a), if there is a wire that has a lower bitwidth (8 bits) than the
broadcasted signal (10 bits), the solver will prefer it and we might not see any latency
on the broadcasted signal. To solve this problem, we propose a three-stage heuristic
algorithm for finding good rewiring.

In the first stage, the cost function of the linear program is modified to give
preference to the broadcasted signal when adding latency. We use an optimistic
estimation of the cost of a broadcasted signal, which is set to the maximum latency
between the source and its all destinations. If we could arbitrarily forward data
between the destinations, we could always first send the data to a destination with
delay D, broadcast it to all destinations with the same delay, and then forward it to
another one with delay D+ 1. The overall forward cost will be equal to the maximum

latency on the original graph. Figure 5-4 (b) shows the process of cost adjustment.
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Figure 5-5: Reduction tree extraction. The translation from ADG to DAG usually
creates a long chain of adders. To fulfill the requirement of delay matching, extra
registers will be inserted into the input connection of each adder, leading to significant
overhead (a). We use a reduction tree extraction pass to convert the adder chain to a
single reducer component (b). It can be later converted to a more efficient reduction
tree (c). The single-component representation in (b) also enables other optimizations
such as pin reusing.

The second stage uses a Minimum Spanning Tree (MST) solver for each broadcast
source s to perform the rewiring. First, an edge is created from the original source to
each destination u to represent the direct connection, of which the cost is the original
latency E,. Then edges are added between spatially adjacent destinations u, v to
represent the forwarding, of which the cost is the difference of the delay |E;, — E,|.
Figure 5-4 (c) shows a possible rewiring solution.

In the third stage, the linear program is re-run on the rewired DAG. This stage
is optional but it can ensure a correct and optimal solution after rewiring by redis-
tributing the extra latencies. Usually, a slight improvement in the overall cost can be

obtained.

5.4 Reduction Tree Extraction and Pin Reusing

Another transformation pass is the extraction of reduction logic. As shown in Fig-
ure 5-5, when translating from ADG, the reduction logic is represented by a long
forward chain without any delay, which results in a long chain of computation on
DAG and potentially unnecessary high latency. This pass identifies directly connected
adders (or any other similar/associative operation like AND/OR) and converts them

into a single reduction unit which will later become a balanced tree of reduction.
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Figure 5-6: Pin reusing can be done after reduction tree extraction. By applying a
liveness analysis for each dataflow, we could summarize a table listing the used pin
in each case. The number of inputs after remapping will be the maximum number
of the used pin in all situations. A pin mapping can be established by a 0-1 integer
program, which maps original pins (A, B, C) to the ports (a, b) of the reducer.

The extraction of reduction logic allows us to optimize it further by reusing the
pins. In scenarios with multiple dataflow designs, it is possible that not all of the
input pins of a reducer are used at the same time. The input pins can be remapped

to minimize the cost of the reducer.

The first step is to identify which input pins are used in each dataflow configu-
ration. This is achieved through a liveness analysis. Given a specific dataflow, some
input of a MUX component will become a false dependency. By traversing the DAG,
we can determine whether a pin contributes to any true dependency in the final out-
put (output buffer). The information is recorded in a pin usage table for deriving the

number of remapped pins, as shown in Figure 5-6.

The next step is to build a pin remapping. This is done by a 0-1 integer program.
We use 0-1 variables C'(i, j, k) to control if original pin ¢ should be mapped to physical
pin j in dataflow k, and set A(k) to represent the active pins in dataflow k. We need
to make sure each active pin must connect to one physical pin: >, C(s,5,k) = 1 (if
i € A(k)), and each physical pin only connects to at most one input: » . C(4, j, k) < 1.

The optimization objective is to minimize the connections »_, ., C(i,, k).

The DAG will then be built based on the pin mapping. If there are multiple input
maps to one pin of the reducer, a MUX will be used. Since a MUX is much more

lightweight than an adder on ASIC, the pin reusing could effectively reduce the area
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Figure 5-7: Power gating. When generating hardware with multiple spatial dataflows,
the connection between FUs might not always be used, leading to the redundant
power consumption of registers. The power gating pass identifies the potentially
unused connection and gates the clock signal of registers to improve energy efficiency.

and power.

5.5 Other Transformation and Elaboration Passes

on DAG

The design of DAG enables many useful elaboration and optimization passes.

For example, as shown in Figure 5-7, a power-gating pass can reduce the power
consumption of unused connections between FUs, which is a side effect of dataflow
switching. The power gating optimizer reuses the liveness analyzer in Section 5.4 to
find out unused pins. It adds clock-enable signals in front of each delay block, which
eliminates the unused data toggle.

Another example elaboration pass is automatic bit-width inference. When build-
ing the DAG, we did not specify the essential bit-width information on edges. This
pass can be used to automatically derive them from the data sources. We first define
a width inference function for each component, which could generate the output data
range from the input range (min, max), the width inference pass will go through all
components in topological order to annotate the data range to each edge, which can
be further converted to bit-width information.

We also add other elaboration passes in the later stage of LEGO back end, such

as delay block transformation, which converts the delay on edges to delay blocks, and
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cross hierarchy connection, which create extra pins to help connect components in
different hierarchy level.

LEGO back end can also be extended to better support specific hardware plat-
forms like FPGA. A pattern-matching-based transformation pass can be used to bet-
ter utilize the hardware resources, like MAC fusion pass, which fuse the adder to the
adjacent multiplier, forming a MAC component, and DSP fusion pass, which could

fuse two 8-bit multipliers into a larger DSP component.
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Chapter 6

Evaluation

6.1 Evaluation Methodology

We implemented the LEGO framework in C++ with HIGHS [12] as the linear pro-
gramming solver in the back end. We built all of the DAG primitives and NoC
components in SpinalHDL and use it to generate the synthesizable Verilog code from
the optimized DAG. We synthesize the generated hardware using Synopsys Design
Compiler with TSMC 28nm library and use CACTT [21]| to model SRAM. Figure 6-1
shows the breakdown of hardware. For latency estimation, we built a performance
simulator for the FU array and NoC in the front end to fastly predict the cycle num-
bers of computation and memory access, which are verified with the RTL simulation.
We evaluated LEGO with multiple popular neural network models including AlexNet [14],
MobileNetV2 [27], Resnet50 [10], EfficientNetV2 [30], BERT [6], GPT-2 [25], CoAt-
Net [4], and modern generative Al models including DDPM |[11], Stable Diffusion [26],
and LLaMA-7B [32]. We use a sentence length of 16 when evaluating BERT. For
GPT-2 and LLaMA-7B, we set the input length to 1000 and measure the latency
of generating one token. Large language models can be inferenced in batches on
cloud, so we set the batch size to 1 and 32 for LLaMA-7B. We also evaluated LEGO
with different tensor kernels, including 2D Conv, GEMM, and MTTKRP on multiple
dataflow settings.

The state-of-the-art open-source NN accelerator generator, Gemmini 7], is adopted
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Table 6.1: Performance and energy efficiency of large generative models running on
LEGO-ICOC-1K with 32*32=1024 FUs, 576 KB buffer, 32 post-processing units, and
32GB/s memory bandwidth. The on-chip area and power are 3.95 mm? and 601 mW.
LLaMA-7B is bounded by memory bandwidth.

Model DDPM DSiftf?Ein LLa}i\S/IAl-7B LLaMA 7B
Utilization | 929% | 802% | 31% | 42.9%
Perf. (GOP/s) | 1903 | 1642 | 63 | 878
Energy Eff. (GOPS/W) | 3165 | 2731 | 105 | 1461

as our baseline. For a fair comparison, we configured LEGO to use a similar hardware
resource to Gemmini. Both have 256 FUs, 256 KB of buffer, and a 128-bit memory
bus with 16GB/s bandwidth.

6.2 Experimental Results

Figure 6-2 and Figure 6-3 compare the performance and energy efficiency running
neural network models. LEGO achieves nearly theoretical maximum performance on
Resnetb0, EfficientNetV2, BERT, and CoAtNet models. Both Gemmini and LEGO
do not perform well on GPT-2 since generative models like GPT-2 are typically
bounded by memory bandwidth. On average, LEGO achieves 3.2x speedup and 2.4 x
energy saving over Gemmini. The speedup mainly comes from 2 parts: (i) LEGO
front end integrates a fast and accurate performance simulator, which could guide
the scheduler to find the optimal mapping policy to the hardware; (ii) the support of
flexible connection enables dynamic dataflow change, which extends the search space
for the scheduler. The speedup is significant on depthwise convolutional layers since

LEGO could switch to OH-OW dataflow on these layers.

For modern generative Al models, we use a larger and simpler architecture gener-
ated by LEGO, which has 1024 FUs. As shown in Table 6.1, LEGO achieves >90%
utilization on DDPM and >80% on Stable Diffusion. LLaMA-7B model has very

low operational intensity, especially in attention layers, of which the performance is
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Figure 6-1: Area (left, 1.76mm? in total) and on-chip power (right, 285mW in total)
breakdown of LEGO-MNICOC. The hardware is configured to match the resource of
Gemmini.
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Figure 6-2: Performance comparison between Gemmini and LEGO. The perfor-
mance numbers of LEGO are end-to-end results and include the post-processing units
(PPUs), which account for 0.5% to 7.2% of the latency. LEGO achieved an average
of 3.2x speedup over Gemmini. Both Gemmini and LEGO are bounded by memory
bandwidth on GPT2. LEGO performs much better on MobileNetV2 due to its effi-
cient support of depthwise convolution by dataflow switching.
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Figure 6-3: On-chip energy efficiency comparison between Gemmini and LEGO.
LEGO achieved an average of 2.4x energy savings.
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Figure 6-4: The area savings of LEGO optimizations on tensor kernels named as
Operation-Dataflow. M and N represent dynamically switchable dataflow. This
compares the baseline (delay matching only, which is mandatory for the timing re-
quirement) with the optimized architecture (with pin reusing, reduction tree opti-
mizations, and power gating). The improvement is significant for dynamic dataflows.
The average saving is 1.26x and can be up to 2.03x.
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Figure 6-5: The energy savings of LEGO optimizations on tensor kernels. The average
saving is 1.24x and can be up to 1.88x.
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heavily bounded by the DRAM bandwidth.

Figure 6-4 and Figure 6-5 compare the area and energy savings before and after
the optimization passes in LEGO on different tensor kernels. On average, LEGO
achieves 1.29x area savings and 1.26x energy savings. The improvement is especially
remarkable for tensor kernels with multiple dataflows since connection topology in

these architectures is more complex and provides more opportunities for optimization.

We evaluated the quality of the generated hardware by comparing LEGO against
human-expert-designed accelerators, including Eyeriss [1] and NVDLA [41], using
the same settings. The settings and synthesis results are listed in Table 6.2. When
scaled to the same technology node, the automatically generated implementation
achieves comparable area and power to human design. Additionally, compared to
Eyeriss, LEGO-generated architecture achieved lower power consumption due to the
reduction of power in scratchpads. This is because the data read from buffers are

shared between FUs by the inter-FU connections in LEGO.

We also evaluated the running time performance of LEGO by measuring the time
spent by different stages of LEGO on our Intel i9-9900K desktop CPU. During the
generation of LEGO-MNICOC architecture, LEGO spent 4 seconds in frontend, 70
seconds in backend, and 68 seconds in SpinalHDL and Verilator compilation. This
result is comparable to Gemmini (235 seconds) and is negligible compared to the

synthesis tool (> 1 hour).

To better understand the contribution of the optimization techniques in LEGO,
we perform a breakdown analysis on a typical tensor kernel Attention. Figure 6-6
shows the area and energy efficiency breakdown of each step. Both reduction tree
extraction and broadcast can reduce the number of pipeline registers, resulting in 5%
and 6% area saving. The power gating technique significantly reduces the toggle rate
on unused paths, leading to 19% of power saving. The pin reusing applied to the
reduction tree significantly saves the cost of adders and the extra pipeline register for

them, achieving 22% area saving and 29% power saving.
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Table 6.2: Comparison between human-designed and LEGO-generated architectures.
We configure LEGO to use the identical dataflow as the baseline so the theoretical
performance is the same. The power numbers of LEGO are peak power, which means
the FU array is under nearly 100% utilization. The area and power of LEGO are
comparable to human-designed ones. The power of LEGO-KHOH is even lower than
Eyeriss due to the reuse of data read from buffers.

Architecture ‘ Eyeriss ‘ LEGO-KHOH ‘ NVDLA ‘ LEGO-ICOC

Dataflow ‘ KH-OH Parallel ‘ IC-OC Parallel
#FUs | 168 | 256
Frequency ‘ 200 MHz ‘ 1 GHz
Technology ‘ 60nm ‘ 65nm ‘ 16nm ‘ 16nm*
Area (mm?) | 9.6 | 7.4 | 10| 0.9
Power (mW) | 278 | 112 | 135 | 94

* projected from 28nm [3§]
6.3 Extensibility Study: Low-bitwidth Quantization
Support for LLM

Low-bitwidth quantization is a trending topic to reduce the size of neural network
models. In this work, we choose VS-Quant [3], Microexponent (MX) [5], and an FP4-
based groupwise quantization (FP4-INT4) to demonstrate the extensibility of LEGO
when dealing with these emerging techniques.

The flexibility of LEGO allows us to convert an existing INTS8 architecture into
FP4 architecture without much effort, thanks to the user-defined FU support in
LEGO. For example, in FP4-INT4, a basic functional unit performs the dot prod-
uct between a group of activations and weights, and it can be described using the

following pseudo-code:

output := scaleAct * scaleWgt * (
(act, wgt).zipped.map(_ * _).reduce(_ + _) +

zeropointAct * sumWgt)

Unlike human-designed architectures, where the engineer needs to specify the

bitwidth of each signal, carefully design the pipeline, and use a balanced tree or
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Figure 6-6: Performance breakdown of LEGO optimizations on attention tensor ker-
nel. Reduction tree extraction and broadcast pin rewiring optimize area by reducing
the number of pipeline registers. Power gating optimizes energy by gating the unused
connection. Pin reusing optimizes both by reducing the number of adders.

systolic array to expand the adder logic, LEGO backend could systemically analyze
the hardware and perform these optimizations automatically, which greatly reduce
the requirement of human effort.

Table 6.3 shows the comparison results of the FU array of multiple low-bitwidth
quantization architectures on LLaMA-7B(with batch size = 1 and 32 and memory
bandwidth = 32 GB/s). Compared to the INT8 baseline, 4-bit quantization could
reduce the complexity of multipliers, resulting in up to 2.2x area saving and 2.5x
power saving. 4-bit quantization also reduce the off-chip memory traffic, which is
the main bottleneck during the inference of LLMs, resulting in 1.4-2.0x speedup and

overall 3.5x-5.1x energy efficiency improvement.
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Table 6.3: Comparison of FU array of INT8 and multiple low-bitwidth architec-
tures generated by LEGO. The performance is evaluated on LLaMA-7B model. The
latency results are end-to-end and mainly bounded by the memory traffic of dense
layers. (The proportion of activation functions ranges from 0.06% to 0.2% when bs=1
and 0.8% to 2.3% when bs=32.) Low-bitwidth architecture could save area/power
by reducing computation complexity and improve performance by reducing memory
access. We also compared the accuracy (perplexity on Wikitext2, lower is better)
using the weights of Llama2. FP4-INT4 architecture has a much higher accuracy
than VSQ-INT4 and MX4 with a comparable hardware cost.

Architecture FP16 | INT8 5151%;1 Y;& MX4 | MX6 | MX9

FU Array Size ‘ 128*8
Group Size - - 64 | 16 | 16 16 16
Area (mm?) | 0.629 | 0.241 | 0.114 | 0.109 | 0.108 | 0.173 | 0.297
Power (mW) | 674 | 425 | 167 | 179 | 167 | 262 | 487
Perf. bs=1 (GOP/s) | 32 | 63 | 114 | 118 | 125 | 84 | 56
Eff. bs=1 (GOP/s/W) | 47 | 148 | 682 | 664 | 752 | 319 | 115
Perf. bs=32 (GOP/s) | 429 | 851 | 1194 | 1213 | 1239 | 1022 | 757
Eff. bs=32 (GOP/s/W) | 637 | 2002 | 7138 | 6796 | 7435 | 3899 | 1554
Perplexity (Lower is better) | 547 | 547 | 593 | 11.10 | 35.85 | 5.55 | 5.48
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Chapter 7

Conclusion

We provide an automatic design methodology, LEGO for highly flexible spatial accel-

erators without templates. In summary, the contributions of this work are as follows:

e Provides an end-to-end solution, LEGO framework, that streamlines the hard-
ware development process from tensor applications to RTL code based on hier-

archical LEGO spatial architecture.

e Introduces a high-level hardware representation based on the mappings between

the iteration domain and (par)for-loop instances.

e Builds an FU-level spatial architecture graph by solving integer linear equations
and optimizes the graph via an MST-based algorithm and a BFS-based heuristic

algorithm to minimize the data path overhead.

e Optimizes the primitive-level architecture graph via a set of linear-programming-

based algorithms to reduce register cost and unused connection overhead.

e LEGO outperforms Gemmini [7] with 3.2 speedup and 2.4x energy efficiency.
LEGO can generate one architecture for diverse generative Al applications in-

cluding the LLaMA foundation model and stable diffusion model.

In other words, LEGO enables a larger hardware design space, and more efficient
development of spatial accelerators, allowing for greater potential for customization

for diverse tensor applications.
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