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Microarchitecture Design Space exploration:

e The design of Microarchitecture could be considered as setting the
configurable parameters

e Find configurations that meet the desired performance, power, and

area(PPA)
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Problem 'c()

Two major challenges: . A
Q
qv)
Q
e Design space exponentially explode. e
20
e VLSI integration flow is time-consuming. A 2z =

Number of Parameters




Previous Solutions 'c()

® Design parameters are manually configured by computer
architects

e Limitation: extensive domain expertise and significant amount
of human effort

e Machine learning-based process simulation models or
surrogate models
e Limitation: black-box process and lacks effective guidance




Limit ati O nS 20246 ONNTFEERRNEANTC%NC%G')

High-dimensional Problems
The high-dimensional design parameters and huge design space,

which normally occur in the complicated SoCs for Large Language
Model (LLM) tasks, pose a great challenge to existing techniques.

For example, an SoC could have 65 parameters and O(103°) design space

Limitations of Previous Methods

Poor fitting effect for high-dimensional problem
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e Some important parameters affect the PPA values more while others
contribute less to PPA values
e Those important parameters could be explored by Monte-Carlo Tree

Search(MCTS)
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Problem Definition

Pareto Optimality:

Let functions {f;(x)}™ , i.e., f; = power, f, = area, f5 = cycles, denote the
m-dimension metrics to be minimized and X denotes the parameter space. x;
is said to (Pareto) dominate x, (x; = X5) if

f;(x;) <f;(x2),Vi € {1,...,m},
fi(Xl) < fi(Xg), di € {1, ,m}

Pareto-optimal set X*: The collection of parameter vectors that are not

dominated by others.

Design Space Exploration:

Cycles

i
2024 INTERNATIONALGB
CONFERENCE ON A
COMPUTER-AIDED
DESIGN n

A
\
\

X Pareto Optimal Set
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Given a search space X, each microarchitecture design inside X is regarded
as a feature vector x. Metric spaceis Y = {y|y = f(x),x € X}. The objective is

to find the subset X* C X forming the Pareto-optimal set.
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Figure 1: Overview of our MCT-Explorer.

12

y y




NNNNNNNNNNNN

Custom Monte Carlo Tree Search e g
Varlants(l) SR g,

Node: represent a set of parameter index

Selection: choose the next node
Node split: split the parameter indexes [V1, V3, Vg, Vg, V10]
Analysis: acquire new candidates points

and update parameter score e
indexes into child nodes [v3, vg] [V1, V4, V10]

Back-propagation: divide parameter




NNNNNNNNNNNNNNNNN

Custom Monte Carlo Tree Search Ieg
Variants(2) A

Upper Confidence Bound(UCB): determine which branch to choose

UCB(X) = oy + ZCP\/Z(Iog n,)/nx.

e First term: evaluates the average importance score of
parameters in the node
e Second term: encourages exploration of less visited nodes

The first term is computed according to the global importance score s
ox =s-g(Ax)/|Ax],

where Ay is the set of parameter indexes in node X




Global Importance Score 'G.)

Importance score s:
a vector with length equal to the total number of variables

Y @ eT Dyem HV(F y) - g(I)
S =
2am)er M| - g(I)

element-wise division

e Numerator : the sum of contributions of each parameter

e Denominator : the frequency of each parameter participates
in obtaining new candidates
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Step 1: Selection

Prior-optimization |
Parameter Importance : i Node l
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_________________________________________________________________

Step 1: Selection : S
P Prior-optimization . ¢ Root Node A represents all
Parameter Importance i

{1,2,3,..., 10} 0~ | parameter indexes {1,2,3,..., 10}

/ N N |

e UCB(B) < UCB(C) (e) s :

@/ \e w | ¢ e Node C is chosen at this
iteration

the chosen node




Node Split 'c()

The chosen node at selection step

e The chosen node C represents
parameter indexes {1, 3, 4, 8, 10}

. e The parameter indexes inside
""" 5 {1, 3, 4, 8, 10} are randomly

_____________________

_______________________ | split into several subsets

_____________

Further evaluation
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Reduced microarchitecture embedding: X] g g% ﬁ i igi

For example, given x = (2(1, 8,...,3,4,4)and I = {3,8}, xy is (&, 3) | : ~— -

‘ N |
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Surrogate model: Gaussian Process

RRH

Acquisition function: Joint entropy search
maximize [(x;|XyY) =MI(y; (X, Y")|x}, X1, Y)
=H|[p(ylx;, X1, Y)]
= BEp () 1%y [HIp(ylxp X, Y, X, Y]
~H|[p(ylx}, X5, Y)]

2
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S
Z Hp(ylx X, Y. Xp 0, Y. Monte Carlo Sampling

s=1

ol B
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Fill in Reduced Embedding )

CCCCCCCCC e 8
Complete embedding
Parameterindex 1 3 5 1 2 3 4 5
4158 4 2] 5[] s e The candidates acquired from
L2 norr distance Avkrage BO is not complete

1v I3ls018] --— 151 141 |

5x  l2lsl7] e We fill in the missing part using
v Lalel8l ---~ [ Ta] ToT ] data from current Pareto Sets

AT e Search for the.closegt possible
s Ul 7] alternative within design space

Current Pareto Sets




Step 4: Split and

' Back-Propagation | Prior-optimization
| . Parameter Importance

N e Parameter importance scores are
updated according to newly
o acquired points

1 23 4 5 6 7 8 910

e Parameter indexes inside node C

'Update Importance Score are split into two child nodes

{1,3, 4,810}

-’ S A I higher
o‘, \\/’ - i % 0.6
{3, 8} {1,410} | °

1 23 45 6 7 8 910




The Complete Algorithm

Algorithm 3 MCT-Explorer(N,, N, k, T,2, D)

Input: Nj, is the batch size of parameter index subsets, N is the

sample batch size, k is the number of Pareto configurations to
fill in the absent part, T is the total time budget for EDA_flow,
X is the design space, D is the index set of SoC parameters.

Output: X*: Pareto-optimal designs.

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

1
2
3:
4

R AL

fori=1:N, do
[; = sampled index subset from D
I; =D\ I;
Xi= {xj}iisl sampled from X ¥;= {x; }jv:sl sampled from
X
M= EDA_ﬂOW(XI‘); Eg’f[lf EDA_ﬂOW(Xf);
T = T— runtime overhead of EDA_ flow ;
end for
T = {(T;, M), (I, M) 12
3*= Current Pareto Set:

Calculate the parameter score s using T by Equation (5);
Initialize the Monte Carlo Tree;
while T > 0 do
X = the leaf node selected by UCB;
Tx, T = Node-Analysis(X, T, X*, Ny, Ng, k); » Algorithm 2
T=T-Ty;
X* = Updated Pareto Set;
Back-propagate to update the UCB value of ancestor node;
end while
return Pareto-optimal designs 3;
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Initialization (lines 1-11)
e Initialize global score s

e Initialize the Monte Carlo Tree

Iteration of MCTS (lines 13-17)

e Selection
e Node-Analysis
e Update Pareto Set

e Back-propagation 93
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Experiment Setting

Binarized Gemmini Accelerator

Queue Scratchpad Systolic Array
|£d_queue_iength | | sp_capacity | | mesh_Rows/Columns |
|st_queue_.!ength | W | tile_Rows /Columns |
|ex_queue_length| | dataflow |

........... Tile|—|Tile|------ —|Tile
! | ]
Controller _.. ------ -
| dma | | tlb_size | ¥ i +
...... Tile|—™| Tile|~~~~-~ —™|Tile
$ $
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| decode_width |
- 4} I
AY4 A ¥4
Controller Systolic Array
| ma | | "1b size | | mesh_Rows /Columns |
_Siz
______ tile_Rows/Columns
| |
dataflow |

Queue Scratchpad |
lld_queue_length | [ sp_capacity | _' _______ @
|st_queue_£ength | m M M ****** —'
|ex_queue_£eng th |

........... .

FP Gemmini Accelerator

[A. Amid, Micro, 2021], [H. Genc, DAC, 2021]

Three dataset

parameters)
parameters)

parameters)
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e Single-Gemmini SoC dataset 1124 designs (19
e Dual-Gemmini SoC dataset 1035 designs (65

e In-house dataset contains 1300 designs (270

Each dataset consumed 3000 to 5000 CPU
hours to run syntheses and simulations to obtain
power, performance, and area (PPA) values.

Chipyard, Cadence Genus and PrimeTime

were used to get PPA reports




Evaluation Metrics e
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Hypervolume (HV):

Ay (f“-‘f, x) ~ A

g [fl (x),f{ﬂ XX [fm (x),f,ﬁff‘),

XEX

Average distance to reference set (ADRS):

w € Q)

1
ADRS(T, Q) = ﬁ Z min dist(y, w),
yerl

26
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Comgarison on Hypervolume and e
ADR

[ ] [ ]
Dual-Gemmini SoC dataset In-house dataset
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] ]
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o ASPDAC20 8 041 =
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0-151 ISCA23 g —— HPCA'07 ISCA'23
AAAI24 o 0.2
o Z —— DAC'16 AAAI24
0.00( : ; ; ; 0.0L . i . ; ASPDAC20 —— Qurs
0 30 60 90 120 150 0 30 60 90 120 150 0.0, . . . .
Runtime (hours) Runtime (hours) 0 60 120 180 240 300
[terations

Outperform 30.9% with only 33.3%
runtime overhead in ADRS metric
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Learned-Pareto Sets

Normalized Power
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Nearly outmost Pareto Sets
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Relative Cycles of LLM Tasks on the . L
Found Pareto-optimal Sets FETE o

O I Single-Gemmini M Dual-Gemmini
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Achieve less cycles on LLM tasks.




The Importance Score of Parameters L Mg
A
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®,
Z 20 60 100 140 180 220 260
Parameter index of our in-house design
Among 270 parameters, 32 score higher than others
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