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IBIS – AMI Model
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Limitations of the Conventional IBIS-AMI & NN-based
Models
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Objective

5Sathvika Bandi, Missouri S&T

● 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
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< Proposal of NN-enabled IBIS-AMI modeling framework >



Chunk-based Transformer for Voltage Sequence Prediction
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< Conceptual image of chunk-based voltage sequence prediction using transformer model >



Limitation of Chunk-based Transformer
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< Limitation 1 : Lack of global information > < Limitation 2 : Chunk discontinuity >
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Proposed Transformer Model Architecture
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< Proposed transformer model architecture considering global and chunk information >



Training & Inference Process
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How IBIS-AMI Processes Waveforms
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TX AMI_Init
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Transformer-based IBIS-AMI Simulation [1/2]
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Transformer-based IBIS-AMI Simulation [2/2]
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Simulation Setup for Validation
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Validation – 28 Gbps / 1V / MIN
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Original Extracted IR Transformer

28 Gbps / 1V / MIN Time

Cost

[sec]
EH [V] EW [psec]

Original 0.114 35.64 -

Transformer 0.116 1.75% 34.98 -1.85% 33.12

Extracted 

IR (LTI)
0.113 -0.88% 35.47 -0.48% 29.14

* Training time : 7 h 32 m 



Validation – 56 Gbps / 2V / TYP
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EH [V] EW [psec]

Original 0.447 16.95 -

Transformer 0.445 -0.45% 16.81 -0.83% 33.59
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IR (LTI)
0.412 -7.83% 16.46 -2.89% 28.29

< Original > < Extracted IR >< Transformer >

* Training time : 7 h 32 m 



Validation – 84 Gbps / 3V / MAX
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EH [V] EW [psec]

Original 0.283 7.70 -

Transformer 0.301 6.36% 7.91 2.73% 31.02

Extracted 

IR (LTI)
0.235 -17.0% 7.30 -5.19% 29.80

< Original > < Extracted IR >< Transformer >

*All waveform extracted by simulator

* Training time : 7 h 32 m 



Validation – Un-trained Data : PRBS11 - 31
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Deploying Transformer in C++
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Conclusions
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● 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

Encoder

Input dim dx 320

Embed dim dh 128

Head, key, value dim 

M, dk, dv

4, 32, 32

FF dim dff 512

Global info. dim 3

Decoder

Input dim dx 96

Embed dim dh 128

Head, key, value dim 

M, dk, dv

4, 32, 32

FF dim dff 512

Chunk info. dim 8

Parameter Value

Training 

Train epoch # 400

Step per epoch 2048

Training epoch size 22400

Validation size 3200

Initial learning rate 2e-4

Loss function Adam



Chunk Information Effect
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< Original > < Baseline > < Proposed >
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