HyPIM: Accelerating Hyperbolic Machine Learning via Processing-In-Memory
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* Hyperbolic space has exponentially expanding volume.
e It naturally matches the exponential growth of tree-like structures, allowing  Compute-dense operators remain on the GPU, while memory-bound PIM_GU mPIM_TU = PIM_DRAM ® COMM
nodes at deeper hierarchy levels to be represented with lower distortion hyperbolic operations execute inside HBM based PIM. 5 03
introduced by crowding.  GEMYV Units (GUs) locate at each bank or bank-group level for elementwise 2 025
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separation, and multi-level hierarchy structure with fewer dimensions. data movement in T 01
* Transcendental Units (TUs) process scalar operators like exp and div at S 0.05
Researches like Hypformer (KDD’24) and HCNN (|C|_R’24) have explored channel level, reaChing a balance between operator density and hardware %}E 0 ) )
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spent on these operations.

* An optimized hyperbolic-friendly data layout and an in-flight wave-front
scheduler.

Hyperbolic Operators

These hyperbolic ML models follow a common computational pattern: . : - . :
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and memory-bound hyperbolic operations. Jrap J
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