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Background: Chiplets and Package Interconnects

o Chiplet: a small chip that contains a well-defined subset of functionality

o Vertical interconnects (VIC):
« Micro-bumps (ubumps), C4 bumps and solder balls

* Through-silicon vias (TSV), through-package vias (TPV) Die 1
and vias in redistribution layer (RDL) et
Die 1 Die 2 Pig2
. L g g gg gt
o Planar interconnects (PIC): Siheen N el pase die
. . _ erposer TSV —h
* Wires in RDL on interposer TR
* Planes in RDL on substrate  substuate = " —
«~BGA &5
(a) 2.5D Packaging (b) 3D Packaging

Figure 1: Structure of (a) 2.5D packaging (b) 3D packaging. Some VICs are aligned
only for illustration; they can be unaligned when manufacturing. 3
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Motivation: Interconnects Influence PI, Sl and TI

o Die to die Sl: Large number of parallel transmission lines -> add
ground guarded tracks

o DC PI: Interconnects are considered as a resistive network
-> determined by their density and geometric shape

o TI: Vertical interconnects form heat transfer channels and become hot
spots
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Figure 2: Examples of effects on (a) SI (b) PI and (c¢) TI
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MIP-SPT: Challenges in interconnect planning

o The design space of interconnects in interposer and substrate is too large.

« 15 dimensions in total, 25 billion combinations -> 25 billion physical
simulations

* Distinct design rules in interposer and substrate

o The multiphysics criterions (Sl, Pl, Tl) and routability requirements are
coupled.

* Nonlinearities are introduced in the planning/optimization
 Lack of quantitative SI/PI/TIl analysis in previous works
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MIP-SPT: Framework Overview

o We propose MIP-SPT, a multi-phase Bayesian optimization (MPBO)
framework for multiphysics and route-driven interconnect planning

= *
Die placement T FitGP(Z, 7, ¢;)

Pin map Tsmp T - o~
S a:’ y’ cl
Design space switch | TmproveCheck() /-

Eval. (Z)
l l conftinue
Objtective:

VarSchedule(X) | Xs| CandSelect (X5)
— Cost
Phase-I: X, [ Down selection ]
l Elite-based J Constraints:
Phase-II: X ,» sampling SI[P1[TI
l Xsel T
Phase-III: X 2 Routability
Acq. (X, GP) |—

Figure 3. Overview of MIP-SPT framework. "Acq." denotes acquisition
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MIP-SPT: Multi-phase Bayesian Optimization

o Objective and constraints o Obijective: interconnect cost

*

D oo ¥ MR @5S] 5 Constraints
Pin map stop 12 LG . . .
Design space | M| ImproveCheck() |«f——=— e Sl: Insertion loss of inter-die
| f— it | Er— connection below threshold
VarSchedule(X) | A5) CandSelect(X.) Cost * PI: Maximum IR drop at die ports
Phase-I: X, [Down Seleaion] — below threshold
Elite-based ORI, . -
Phase L. X, [ sampling J =TT . 'I;]I Msxllcrjnum temperature below
| X — thresho
Phase-III: X = Routabil - .
e toq. (X 6P | 4] 5 — « Routability: the chiplets are
Figure 5. Overview of MIP-SPT framework rOUtable glven the Optlmlzed deSIQn
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MIP-SPT: Framework Overview

o Hierarchical Variable Scheduling Strategy

Die placement z* FitGP(Z, ¥, ¢;)
Pin map Tsmp Ti 66
. b] y*“1
Design space switch | TmproveCheck() |«
Eval. (Z)
| l continue
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VarSchedule (X) s| CandSelect (X;)
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Phase-I: X,; [ Down selection ]
t Elite-based J Constraints:
Phase-II: X, sampling SIEIE
¢ X sel o
Phase-III: X 2 Routability
Acq. (X, GP) |—

Figure 3. Overview of MIP-SPT framework
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MIP-SPT: Hierarchical Variable Scheduling Strategy

o We decouple the design variables across the interposer/substrate based
on their physical correlations -> optimize them in separate phases

Phase III (all variables) * Phase I: interposer and C4

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

Phase I TSV solder bump Phase I1 bump
interposer RDL diar-neter
(" via diameter | Pt | Fswswaeror |2 | Phase II: C4 bump and
via pitch via diameter Substrate

§ toumy : | TPV via density

wire width

shicld line density : ;|| diameter plane area

il I'| « Phase lll: all variables,

: ' : optimized based on the
information from phase | and
phase Il

L T Ty

------------------------------------------------------------------------

Figure 4: Variables scheduled in different phases
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MIP-SPT: Hierarchical Variable Scheduling Strategy

o Physical logics behind the hierarchical scheduling

» Sl: die-to-die signal connections are routed on the interposer and are
irrelevant to the substrate.

* PIl: the package PDN can be decomposed into to cascaded
sub-networks. The total IR drop is roughly the summation of that in the
interposer and substrate.

 TI: similar to PI, the overall thermal resistance can be approximated as
a series combination of the interposer and substrate components.
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MIP-SPT: Multi-phase Bayesian Optimization

o Candidate selection

*

Acq. (X, GP)

Die placement & FitGP(Z, 7, ;)
Pin map Tsmp 5 0.
. itch J y Yy Ci
Design space | "o | ImproveCheck ()
Eval. (%)
l | continue
- Objtective:
VarSchedule (X) i CandSelect (X;)
Cost
Phase-I: X,; [Down selection ]
l Elite-based J Constraints:
Phase-II: X, sampling SIEIE
i X sel T
Phase-III: X % Routability
—

Figure 3. Overview of MIP-SPT framework

o Too many points in design space ->
select most promising candidates
for acquisition

o Techniques in different phases
 Phase | and Il: multi-score
down selection
 Phase Ill: down selection +
elite-based sampling

11
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MIP-SPT: MPBO - Multi-Score Down-Selection

o Multi-score down-selection:
« Exploitation score: exploits the feasible regions for high objective value

g - Cj( )
SE(X) = ,Uo(x) Pfeas(x)’ PfeaS(x) - l_[ (I)( o'il_(x); )

: It :
- Exploration score: explores uncertain yet promising regions

Sa(x) = po(x) + f 0o(x)

« Boundary-learning score: selects points near the boundary of feasible

region e (x
g o) == 255

1=1,23

* Random selection as fallback _ | o
Ho (), 05(x) , pe; (x), 0c; (x) : Objective and constraint posterior predictions

®(-) : cumulative distribution function (CDF) of the standard normal 12
distribution
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MIP-SPT: MPBO - Elite-based sampling

o Still too many points in Phase Il (the entire design space)!
Fortunately, we have historically good feasible points (elites) from Phase |

and Il, so we concentrate around the elites and sparsely sample the rest of
the space.

o Elite-based sampling:

 The distance to the elite srbE'(“x') _ E‘éﬁ”x —eill.

e For each point’ the nrahahilitv nf hainn calartad ie-
qg(x) =(1-a) exp(~Dg(x)/7) +a/N,
2.x;ex €xp(—De(xi)/7)

/ N\

near elites uniform 3
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Figure 6: Ablation study of down-selection and elite-based sampling on execution
time breakdown of MPBO phases. ""Can." denotes candidate selection; "Acq."
denotes acquisition.

Multi-score down selection:
38x speedup on average in
Phase | and I

Elite-based sampling:
additional 7.8x speedup In
Phase Il
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MIP-SPT: Multi-phase Bayesian Optimization

o Acquisition function (abbreviated as Acq.)

o At the beginning with few feasible points:
PR « S T( 2 « probability of feasibility LogPoF
= : ,7, C; 3
Design space ?vld' ImproveChec.k() /- N LogPoF(x) = log Peas(x) = ijl log @( - pe; (x)/o¢; (x))
l l SR Objtective:
VarSchedule(X) | Xs| CandSelect (X) — o Normal cases:
Phase-I: X,,; [ Down selection e expected improvement LogE/
Elite based Constraints: .
Phase-IL: X5 l sampling J SIPL T logEI(m) = log [(u(m) — f e) @(z(m)) | 0’(:1:) ¢(z(:c))]
| plx) — f*—e - _ .
Phase-III: X — F Routability z(x) = o(z) / JEI]]:a‘th(mJ)
Acq. (Xge, GP)

Figure 3. Overview of MIP-SPT framework

&(-) : cumulative distribution function (CDF) of the standard normal
¢(-) distoibalbitity density function (PDF) of the standard normal distribution "



MIP-SPT: MPBO - Acquisition Function

o Tuning constraint stringency in acquisition function

* Constraints are considered as a multiplicative weight in acquisition function:
3

= pe; (x)
L l_[ CD( mlflc,-(x) )

J=1

n controls the softness
* 7 is determined by recent feasible rate r

large r -> too conservative -> increase 7n -> softer constraints
small r -> too adventurous -> decrease 7 -> harder constraints

16
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MIP-SPT: MPBP - Phase Switching and Termination

o Phase Switching and Termination Criteria

CTRCT— 2 reera.co] © Termination criteria for each phase:
Pamsp | — 5,7, G « Consecutive non-improvement trials
Mcsign.spase (—} Za Eo¥edieck) Eval. (2) > threshold
l *con s Objtective:
VarSchedule (X) )_(: CandSelect (X;) . .
— Cost o Phase switching:
Ph _I: X own selection
s > l Elite-ba_se a J Constraints: d Phasel -> Phase ”
Phase-II: X, sampling SI| PI[TI « Phasell -> Phase lll
Phase-III: X ¥ Koo # | | Routability ° Phase I“ -> S’[Op
Acq. (Xsel)GP) —_

Figure 3. Overview of MIP-SPT framework
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MIP-SPT: Experiment setup

O Experiment setup

Architecture: MCore-OPU!*]

Packaging: Two 2.5D cases + one 3D case

Fixed structural parameters: Listed below

SI constraints: Insertion loss < 10dB (S,4 > -10dB)

Pl constraints: Maximum IR drop < 3%, 5%, 8%, 10%
Tl constraints: Maximum temperature < 343K, 348K

Table 1. Fixed structural parameters of 2.5D/3D cases

B Die layer pBumps Interposer’ RDL TSVs C4 bumps Substrate RDL TPVs Solder Balls
height height  diameter #layers height height height #layers height | height height
Case-1 (2.5D) 200pm 40pm 45pm 6 layers 120pm 200m 100pm 4 layers 160pum 200pm 200pm
Case-2 (2.5D) 200pm 40pm 45um 6 layers 120pm 200pum 100pm 4 layers 160pum 200pm 200pm
Case-3 (3D) 200+720,umi 40pm 60pum 6 layers 120pm 200pum 120pm 4 layers 160pm 200pm 220pum

T Base-die in 3D integration shares the same parameters with interposer in 2.5D integration.
200pm for ASIC, 720um for HBM.
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MIP-SPT: Experiment — Comparison with BO baseline

o Comparison between our MPBO and baseline single-phase BO (SPBO)

Score (Y Axis) vs. MPBO Trials (X Axis)

Score (Y Axis) vs. MPBO Trials (X Axis)

Score (Y Axis) vs. MPBO Trials (X Axis)

Score (Y Axis) vs. MPBO Trials (X Axis)
5

-4.00

-4.50

-5.00

-5.50

-6.00

-3.00 ——— Baseline BO -1.50
-3.50 210 1.75
-4.00 2.20 -2.00
-4.50 -2.30 225
22.40 -2.50
—— Our MPBO | 500 — QOur MPBO P ~——— QOur MPBO
—— Baseline BO —— Baseline BO - g ’ 22.75 ——— Baseline BO
5.5 -
0 50 100 150 . 00 25 50 75 100 125 0 50 100 150 ) 50 100 150 200
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Score (Y Axis) vs. MPBO Trials (X Axis)

(b) IR drop = 5%, Trmax = 343K

Score (Y Axis) vs. MPBO Trials (X Axis)

(c) IR drop = 8%, Trmax = 343K

Score (Y Axis) vs. MPBO Trials (X Axis)

(d) IR drop = 10%, T,nax = 343K

Score (Y Axis) vs. MPBO Trials (X Axis)
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Figure 5. Comparison of Convergence between MIP-SPT and baseline BO on Case-1 (first row) and Case-3 (second row)
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MIP-SPT: Experiment — Comparison with BO baseline

o Quantitative Comparison between our MPBO and baseline SPBO

Table 2. Mean and standard deviation of the best scores across eight .
experimental settings for MPBO and the baseline o We O Utpe rfo rm th e base I INe on
both final converged value and

Best score statistics Case s A Im
St R3 R5 IR | IR10 Ve P: tandard deviati
N Ours -4.7442 | -2.7550 | -2.1227 | -2.0260 | -2.9120 | 24.12% S an ar eVIa |On

Baseline | -6.2621 | -3.8249 | -2.8581 | -2.4047 | -3.8375 -
Ours 0.2423 | 0.0450 | 0.0877 | 0.0620 | 0.1092 | 0.53X

Std. Dev. -

Baseline | 0.3272 | 0.3130 | 0.1441 | 0.0376 | 0.2055 -
_— Case-3
Best score statistics 3 R5 IR3 TR0 Avg. Imp.
N Ours -4.8816 | -2.7909 | -2.3065 | -2.0539 | -3.0082 | 20.57%

Baseline | -6.2311 | -3.9265 | -2.5932 | -2.3985 | -3.7873 -

Sid ev Ours 0.1435 | 0.1094 | 0.1478 | 0.0591 | 0.1149 | 0.69X
Baseline | 0.2151 | 0.3182 | 0.0742 | 0.0584 | 0.1665 -

TImp. (%) for improvement: cost reduction and ratio of standard deviation
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Works

o We reproduce and compare with the previous works/°l’]

o On average, we reduce the manufacturing cost by 23.1% and 18.1%
percent, respectively

o The advantage comes from the effective exploration of the design space
and careful treatment of physical constraints.

Table 3. Comparison of our interconnect planning against previous works

#RDL vias #TSVs Cost Reduction
[15] | [9] | Ours | [15] | [9] | Ours | v.s.[15] | v.s.[9]
Casel-2.5D | 6423 | 5945 | 5430 | 280 | 264 | 190 | -25.6% | -17.8%
Case2-2.5D | 9887 | 9694 | 8338 | 432 | 420 | 293 | -23.6% | -22.5%

Case3-3D | 6619 | 6209 | 5585 | 549 | 528 | 440 | -20.1% | -14.1%
Average - - - - - - -23.1% | -18.1%

Case

21
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Conclusions

o We proposed a hierarchical variable scheduling strategy that decoupled
iInterposer and substrate design variables and optimized them in
separate phases

o To improve the convergence and efficiency of our MPBO, we employed
score-based down-selection and elite-based sampling.

o Under the same SI/PI/TI constraints, our MPBO achieves a
manufacturing cost of 22.4% lower than the baseline SPBO. Compared
to two previous works, MIP-SPTreduces interconnect cost by 23.1%
and 18.1%, respectively.
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