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INTRODUCTION FURTHER EXPLORATION

Estimating power supply noise in contemporary
semiconductor chips, particularly with respect to IR
drop, presents a formidable computational challenge.
Modified Nodal Analysis (MNA) leverages Kirchhoff's
Current Law to address this but often results in
systems with millions of voltage nodes and
interconnect segments.

To expedite IR drop analysis, we introduce MAUnet,
an innovative machine-learning model for full-chip
static IR drop prediction. MAUnet integrates multi-

scale convolutional blocks, attention mechanisms, EXPERIMENTAL RESULTS

and U-Net architecture to optimize accuracy. It also

Deep Features Extraction for PDN

To streamline the extraction process for vias, resistances, and pitches, we propose:

« Vias: Components characterized as resistors with connections spanning multiple layers undergo a coor-
dinate transformation.After transformation, vias are precisely mapped to pixels on feature maps.

« Resistance(R): For resistors connected within the same layer, a coordinate transformation maps them
onto the feature maps. The pixel value is then set equal to the corresponding resistance.

 Pitch: Utilizing the connection of resistors, we ascertain coordinates of these connecting points. Points
sharing the same x/y are deemed into same pitch, enabling us to derive pitch data layer-by-layer.
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downsampling to enhance the feature extracting,
each block consists of two convolution kernels with
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We introduce a SSF-ADA following each convolution block

o

U-Net is inherently a fully convolutional network, in upsampling. When transferring, we unfreeze parameters
which means it can accept input images of associated with SSF-ADA within the downsampling path.
varying sizes, its U shape and skip connection Simultaneously, we maintain the trainability of parameters
make it a powerful choice for image tasks. in the deep layers within upsampling layer.
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