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Abstract

As the protein amino-acid sequences length grows, the computational and memory requirements for predicting 3D structures also increase kernel calling, result in low speed of inference.

The key difference between PPMs and standard Transformers is that PPMs maintain a “pair representation” which describes the relationships This project will investigate memory-efficient execution strategies for long-sequence PPMs. The initial step will profile Pair Representation
between every pair of amino acids, this tensor shape is about (Ns,Ns,Hz). Therefore the increasing of memory consumption generally follows operations and characterize their memory behavior under different sequence lengths. Based on this analysis, the project will evaluate chunking,
the sequence length N grows quadratically. Some attention score related computations can even increase cubically. reduced-precision activation storage, and tiled dataflows to reduce peak memory usage and off-chip memory traffic. Promising designs may
The key bottleneck in PPMs is not primarily the model weights, but the intermediate activation. For a protein sequence of length 2034, later be prototyped on an available FPGA or high-bandwidth-memory platform. The goal is to identify a scalable hardware-software co-design
activation memory is already 24.15 times larger than weight memory, require about 144GB, beyond the capacity of a single high-end GPU. direction for long-sequence protein structure prediction.

Traditional chunking can reduce peak memory usage, but it just separate a big problem into small pieces, increase the data movement and

c Introduction: Characterization & Bottleneck e Design Changes I: Dataflow

ESMFold’s [2] (an AlphaFold2-style [3] model) 48 folding blocks repeatedly update an L x L x 128 pair TriMul’s new dataflow (A, B) is our design; TriAttn uses PyTorch’s existing kernel (E) as a control. The math is unchanged.
representation. We timed the full pipeline on a CPU server (FP32, L = 76-1,024) and one block up to L
=4,096.
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a Design Changes II: Why Hardware

Our software experiments show that TriMul’s cost 1s data movement and that changing the dataflow pays off. Yet on a general-purpose CPU, even after A + B + E, TriMul still takes about a third of the run time (measured:
33-34% at L = 256—1,024). We therefore propose two hardware directions (arrived at independently, and consistent with LightNobel’s [1] design):

______________________________________________________________________________________________________________
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