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Control parameters

- CTLE : pole/zero value
- FFE : tap coefficient

- DFE : tap coefficient
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Limitations of the Conventional IBIS-AMI & NN-based

Models
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Transistor-level
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Closed-form modeling requiring

detailed domain knowledge

e

High modeling effort
to build nonlinear models

Conventional IBIS-AMI model
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Objective .
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e Objective:
— Accurate nonlinear buffer modeling without domain-knowledge based manual equation.
— Direct compatibility with the standard IBIS-AMI flow by implementing the NN model into AMI.
— Reduced modeling effort via supervised training on simulated waveform datasets.

— A single model covering all PVT corners through operating-condition embedding

Input waveform Proposed Transformer-IBIS model Predicted waveform
=N IBIS Transformer- =y
%ﬁ ] model based AMI model %” ]
> [iduury i >
Time [s] Time [s]
NG J

< Proposal of NN-enabled IBIS-AMI modeling framework >
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Chunk-based Transtformer for Voltage Sequence Prediction 5730
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< Conceptual image of chunk-based voltage sequence prediction using transformer model >
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Limitation of Chunk-based Transformer

< Limitation 1 : Lack of global information >
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< Limitation 2 : Chunk discontinuity >
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A Eye diagram

Discontinuities at chunk boundary
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Proposed Transformer Model Architecture

Non-Autoregressive (NAR)
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< Proposed transformer model architecture considering global and chunk information >
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Training & Inference Process
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Total input X(t) Total output Y(t)
Input data [ Transformer Output_data : - D TL .
[Xchunk]9 [g] model Y chunk ¢ > [Xchunk]9 [g] Transformer ¥ chunk
D i — model
""" ]""" [Xchunk]a [g]‘ Transformer | ¥Ychunk

2026.EMCSIPL.ORG

#IEEE _ESP26

Sathvika Bandi, Missouri S&T

model




How IBIS-AMI Processes Waveforms EMOT
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hyc(t): Impulse response of analog channel (Driver + channel)
b(t): Bit stream

. hac(t), b(t) - Statistical Time domain waveform tx.dll
Simulator >
Y Y tx.ami * TX AMI Init » TX AMI_ Getwave <*vlz,g?e
(Corner value, python ! !
) code path, etc.) .
.1bs Imp_proc hry(t) Sig_proc grx|[t]
TX/RX model grx[b(t)]
v hpc(t) —
range
hrx(£)®hyc(t) grx[b(£)]|®h, (1)
* : rx.dll
rx.ami » RX AMI Init » RX AMI_Getwave .
(Corner value, python ! }
code path, etc.) ] ‘
Imp_proc hpx (¢) Sig_proc grx[t]
h(t) or b(t)
hyc(£)®hrx(t) ®hgx(t) Irx[grx[b()]®hyc ()]  *wave
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Transformer-based 1BIS-AMI Simulation [1/2] NG

OlLF
[DaLLAS TEXRS 2
N 4 IBIS-AMI model ) 1. Get input waveform from AMI_Getwave()
e-generated pattern ~
— ] Meas. 2]
=y Transformer E
g -based AMI g e il s et R R M et
S edho il el Time [s]
e (L It
,,,,,,,,,, *wave l T*wave 2. Call inference code with pre-trained model
Custom .dll l I Custom .dll || Inferpy |— pe rained
|9 Call infer — Chunk <«—— TF model
AMI Getwave() Py processing
Python code | *wave
< Write input waveform
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Transformer-based 1BIS-AMI Simulation [2/2] A
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EDA Tool

Predicted waveform

Re-generated waveform

>
2|
S
: IBIS-AMI
Time [ns] model
Should be same as train data : .ami should includes
v Time step : At = % v Corner : global information
v" Inference code : TF implementation

v" Rising/falling ti i '
1sthg/talling time v’ Executable python : TF implementation

.dll and inference code should be in same location
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Simulation Setup for Validation T
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<56 Gbps /2 V/MAX case >
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Validation — 28 Gbps / 1V / MIN
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28 Gbps / 1V / MIN Time
Cost
EH [V] EW [psec] [sec]
Original 0.114 35.64 -
Transformer | 0.116 | 1.75% | 34.98 |-1.85%| 33.12
Extracted 0 0
IR (LTI) 0.113 |-0.88% | 35.47 |-0.48%| 29.14
* Training time : 7 h 32 m
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Validation — 56 Gbps / 2V / TYP
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56 Gbps / 2V / TYP Time
Cost
EH [V] EW [psec] 52
Original 0.447 16.95 -
Transformer | 0.445 [-0.45%| 16.81 |-0.83%| 33.59
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* Training time : 7 h 32 m
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Validation — 84 Gbps / 3V / MAX
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Validation — Un-trained Data : PRBS11 - 31
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< PRBSI11 — Un-train data > < PRBS15 — Train data > < PRBS31 — Un-train data >
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Deploying Transformer in C++ s e
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Procedure | 1 Train model in Python
Runtime architecture = >
5 ‘” \ ’ N “ Train . M
S Transformer >
IBIS-AMI Simulator Time [s] Time [s]

‘! 1 vV 1 <z
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1 y OHT i (C++) model model
PyTorch E w
Python dependency I Standalone C++ 3. Deploy in C++ DLL
> =
o ”HI l“ l C++ DLL 2 M
% —_— + —>§
Time [s] Libtorch Time [s]
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Conclusions s e
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e Proposed a transformer-based IBIS-AMI simulation method
— Nonlinear characteristic of driver was modeled using transformer network
— A transformer model was implemented in IBIS-AMI simulation
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Hyperparameter Set-up
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Parameter Value Parameter Value
Input dim d, 320 Train epoch # 400
Embed dim d, 128 Step per epoch 2048
Encoder Head, ;(;ygivague dim 4,32, 32 T Training epoch size 22400
» Pl Py Validation size 3200
FF dim dj; >12 Initial learning rate 2e-4
Global info. dim 3 Loss function Adam
Input dim d, 96
Embed dim d, 128
Head, key, value dim
Decoder M.d,d 4,32,32
FF dim dj; 512
Chunk info. dim 8




Chunk Information Effect
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