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Background and Objective Simple Convolution NN Modified Model Based on Previous Work

* Aredistribution layer (RDL) in integrated circuit (IC) fabrication is a packaging layer that allows * Simple convolutional neural network model with a single filter and bias to the output (fig. 8) * Previous statistical and physically based NN architecture (fig. 16).
multiple different IC chips or die to be integrated together (fig. 1).  The model was able to get the average height of the interconnects but was unable to predict much * Explicit feature maps: Density and Pitch filters.
* Within RDL, the copper interconnects are fabricated with an electrochemical plating (ECP), a of the corner variations (fig. 9-11). * Non-linear function (NLF): Ratio of Polynomials. Conv.i
process in which one metal is plated onto another (fig. 2). * With multiple images, this model ignored the large corner variations in height and just retained == :.‘“\igsx
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* Prone to pattern dependent variations in height (fig. 3), ECP must be planarized using chemical the average height. Layout (Densitl;l, biteh, etc)  Non-Linear Func, Filter Predicted Heights mmm ’
mechanical polishing (CMP) in order to prevent subsequent lithography issues. e Both with a single image and multiple image training, the model did poorly on new layouts. | ‘ ‘ hnmrmnmrmlmmmlmmmﬂh Com. 2 \::1::\:'-“-‘0 Output
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L ' 5 __ * Current work changes the previous model by estimating the feature maps and estimating the NLF
RDL { - 7 e - |1||1 AT AL A LY S .H (Opt.) Non-Linear Unit using a NN estimator (fig. 17).
] | | | 3" e s e s e S Pass-through  New model fitted the macro heights but failed to estimate the inner corner variations (fig. 18-20).
|nterzzﬁsrects Dielectric Spacing gt diffs due to feature | _ Figure 8: Simple Convolution NN Model « Additional neurons added to the estimated function resulted in a better training fit but more
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Figure 1: IC Packaging Figure 2: Electroplating Process (ECP) Figure 3: Height variation in copper interconnects Layouts Iteration Count Training RMSE (llm) * Similar to previous models, the fit of the test IaVOUtS was Iarge in error due to Overflttmg'
Filter and Bias Single Layout 10,000 ~0.392 Model Type Iteration Count Training RMSE (um) Testing RMSE (pum)
h . Filter and Bias 24 Layouts 10,000 ~0.501 2 Filters, 10 Neurons 250,000 ~0.33 ~0.791
Research Overview Filterand Biaswith | o ) o out 10,000 ~0.388 2 Filters, 20 Neurons 320,000 ~0.275 ~1.013
* Creating and optimizing neural networks (NN), emerging machine learning models, to predict ECP Non-Linear Unit 2 Filters, 40 Neurons 225,000 ~0.388 ~0.784
RDL variation Figure 9: Model Results
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* Create NN structure based on a previous statistical and physically-motivated model and explore

similar model structures.
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* Models were trained by reducing the root mean squared error (RMSE) between predictions with Figure 10: Single Image Actual Height Figure 11: Single Image Test Fit i‘ L | I | T | |
the training data and experimental rESUItS. 0 5000 10000 15I:‘;°sm200‘;00 25000 30000 35000 40000 0 5000 10000 15000 20000 25000 30000 35000 40000
. . o (um) Position (um)
* Performance was measured by testing the error on differing (or similar) layouts after training. Ca SCa d ed N N WIT h N OoN- |_| nNnear U NItS Figure 19: Single Image Actual Height Figure 20: 40 Neuron NLF Model Training Fit
» (Cascaded model structure of decreasing size filters. After each layer there was softplus non-linear CO N Cl us | on
unit (fig. 12).
Top-Down V'eW Cross-Sectional View « Is a commonly used neural network structure used for image recognition. * Explored the use of neural networks to predict ECP variations using multiple model structures.
. ° Able to account for the corner Variations and general Shape Of the input |ay0ut but was unable to ¢ |n|t|a| f||ter |ayerS are Only able tO take |nt0 account the macro Var|at|0ns present N the mOdEI
“H > : get the feature scale variations present in the output (fig. 13-15). Thus add.lng more depth to the model, res:ults ina better training fit. Additionally, inputting non-
I 0 * Had “flat” property in training fit due to the non-linearity units present in the model. linear units at each stage results in capturing a wider range of phenomenon.
” \ X 1 « Test layout resulted in larger errors due to overfitting, where the model is fitting the noise rather * The non-linear function estimator model based on previous statistical and physical based work was
‘ = _ than the underlying relationship. much more effective in reducing the “flat” property found in previous models.
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Figure 13: Single Image RMSE ) . .
Cross-Sectional View Figure 12: Single Image RMSE * Much of the current work was not run until the model converged since runtimes were too long.
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