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Background & Motivations

HAP Methodologies

Post-Training Quantization (PTQ) & Limitation HAP: A Quantization and Accelerator Design to Accelerate DNN Inference
« PTQ has been widely used to accelerate Deep Neural Networks (DNNs) [1-6]. « PTQ for activations: 8-bit AQ + APQ
« However, PTQ faces fundamental limits in low-precision domain, as the quantization « PTQ for weights: channel-level dual-precision (4-/8-bit) quantization
resolution (i.e., quantizer capacity) decrease exponentially as precision reduces. « Accelerator: bit-serial computing + dynamic precision matching
Precision: 8 bits Precision: 5 bits Precision: 4 bits Precision: 3 bits

Dynamic Asymmetric Re-Quantization (DAR)
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Introducing a dynamic zero-point to generalize APQ in the scenario of AQ
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« APQ adjusts bit-width for localized data without sacrificing resolution [8-10]. g
Dataflow for DAR
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« Interms of accuracy, the PTQ for activations is less robust than for weights [4-6]. -
« From an information theory perspective, activations exhibit more exploitable redundancy Dual-Precision Vulnerable Channel Protection for Weights
in their binary representations. « Targeting 4-bit PTQ while remaining a fraction of channels in 8-bits
8_
; _————_WJ—W'%‘___" Permutation [ Output-Channel
M) Layer [ < > , Evaluation and Ranking
E E'__"_"_"-—..__
O s et Tt T SO X Compile-time Vulnerable
o " — "~
s N, TN .
g4 N P I\ ? 5 channel channel ranking
R -l L Py Layer [ +1 N permutation I + 1 . "
c ‘%{\ permutation | . clustering & 2 based on Pareto
G o - - ")
= . = R 0 i
D] ResNet18 Weight —— ViT-B Weight —— Bert-MNLI Weight \ % . 2 orthogonal evaluation of MSE
0- ResNetl8 Acftwatlnn — VlIT—B Activation —I - Bert-MNLI Aﬂtwaltmn — %,_ transformation & KL divergence
0.0 0.2 0.4 0.6 0.8 1.0 . ~
Normalized Layer Index (Ordered by Activation Entropy) v

Challenges in Applying APQ to Activations
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Performance comparisons (normalized to Stripes [7]).
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