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Section 1 – Introduction

• Background

• Motivations

• Challenges

• Contributions



Fundamental Limitation of PTQ

• Post-training quantization (PTQ) has been widely used to accelerate Deep Neural Networks (DNNs) [1-6].

• However, PTQ faces fundamental limits, as the quantization resolution decreases exponentially with precision.
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Adaptive-Precision Quantization

• Key idea: encoding bit-width < quantization precision.

• Values with smaller magnitudes require less encoding bit-width.

• Adaptive-precision quantization (APQ) adjusts bit-width for localized data without sacrificing resolution [8-10].
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Motivations and Challenges

APQ is Better Suited for Activations than for Weights

• PTQ for activations is less robust [4-6].

• Activations exhibit more exploitable redundancy in 

their binary representations.

Challenges in Applying APQ to Activations

APQ is typically not applicable 

for asymmetric quantization 

(AQ) that is preferred by 

activations [11,12].

APQ leads to imbalanced

computational workloads 

in parallel architectures.

6



Contributions

HAP – A Quantization Algorithm and Accelerator Design to Harness Adaptive-Precision

a) Dynamic Asymmetric Re-Quantization

• General APQ for activations

• Flexible for workload balancing

• Lossless compression for 8-bit activations

b) Vulnerable Channel Protection

• Channel-level dual-precision (4/8-bit) 

weight quantization

• Accuracy – performance trade-off

c) Accelerator Design

• Fine-grained bit-serial arithmetic

• Outer-product reordering engine to 

match precision at run time

d) Experiments

• Diversified evaluations across CNN, ViT, 

and LLM models and benchmarks

• Superior accuracy and performance
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Section 2 – Quantization Solution

• Dynamic Asymmetric Quantization (DAR)

• Dataflow for DAR

• Vulnerable Channel Protection (VCP)



Dynamic Asymmetric Re-Quantization
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• Problem: data mapping is shifted by the 

zero-point 𝑍 in asymmetric quantization

• Solution: subtract each data group with its 

minimum to restore precision adaptability
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Dynamic Asymmetric Re-Quantization
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∆
+ 𝑍 − ෨𝑍; 0, 2 ෨𝐵 − 1)

• Dynamic Asymmetric Re-quantization (DAR) : 

additionally introduces a per-group dynamic 

zero-point ෨𝑍 = 𝑞𝑔𝑙𝑏

• Intra-Channel Grouping. Data within an input 

channel witness value locality [1, 2, 13] which 

results in lower average bit-width.
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• Avg. bit-width: 4.39 bits (GS=16)
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GEMM Decomposition Based on DAR
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Dataflow for DAR

Outer-Product Reordering Architecture Reuse for DZP-Term

• Bit-serial output-stationary dataflow

• Permute outer-product to match precision

• Partition each bit significance to expand 

the DZP vector as a bit matrix

• Aggregate partial results with logarithmic 

complexity
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Vulnerable Channel Protection

• Vulnerable channel protection (VCP): 

target 4-bit PTQ while upgrading vulnerable 

output-channels (VCs) to 8-bit PTQ

• Empirically identify VCs with a Pareto-

based multi-metric evaluation

• Cluster VCs and apply orthogonal 

permutation to ensure correct 

computations.
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Section 3 – Accelerator Design

• Overview

• Reorder Engine



Architecture Overview

• 16 × 32 processing engines (PEs).

• Multiplications are serialized as 4-bit additions.

• PE concurrency: 16 multiplications.

• Cache-like reorder engine to balance 

computational workloads.

• Pipeline: Precision Buffer -> Reorder Engine -> 

Activation/Weight Buffer -> Array -> Output Buffer
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Reorder Engine

16

Goal: matching the precisions of 

the 𝐿 activation groups through 

reordering the outer-products in 

GEMM

Key Idea: assuming an activation or 

a weight group are stored under the 

same address in buffers, the outer-

products are reordered via address 

permutations with cache-like register 

pages.

An example of reordering with 𝐿 = 2 and 

𝑅 = 4. Both 1-bit and 2-bit are matched 

across different register pages.

2-Bit
1-Bit



Reorder Engine
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Problem: exact matching becomes infeasible 

with more register pages but limited page sizes.
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Reorder Engine Datapath

• Relaxation: given a window 

size 𝑤𝑠, precision 𝑏′ is 

considered matched on 𝑏 if it 

satisfies 0 ≤ 𝑏 − 𝑏′ ≤ 𝑤𝑠

• Multiple levels of relaxation: 

implementing multiple window 

sizes, 1,⋯ ,𝑤𝑠𝑚𝑎𝑥; prioritizing 

lower window sizes.

• Exception is triggered if there is 

still no matched case
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Section 4 – Experiments

• Setup

• Accuracy

• Match Rate & Synthesis

• End-End Simulation



Experimental Setup

• DNNs and Datasets: CNNs (ResNet18, VGG19) and Vision Transformers (ViT-B, Deit-S) on 

ImageNet-1K, Language Models (OPT-1.3B and OPT-2.7B) on WikiText-2

• Quantization: SQuant [3], NoisyQuant [4], SmoothQuant [5], and OmniQuant [14]

• Accelerators: Stripes [7], ShapeShifter [8], and BitWave [9]

• End-End Simulation: cycle-accurate simulator + CACTI [15] energy simulator + ISO-compute 

comparison (512 8-bit multipliers)

• Synthesis: 65nm TSMC PDK + 500 MHz
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Accuracy

• Top-1 Accuracy for CNNs and ViTs; 

perplexity for LLMs. Empirically set 

VCP precision as 4.6 and 5.6 bits

• The PTQ for activations are less 

robust than the PTQ for weights

• The lossless adaptive-precision 

quantization preserves most accuracy

• VCP enhances pure 4-bit weight 

quantization. Worst Improved Accuracy

21



Match Rate & Synthesis Results

• Naïve PE utilization is 66.8%

• Larger 𝑅 and 𝑤𝑠𝑚𝑎𝑥 improves PE utilization

• Parameter selection: 𝑤𝑠𝑚𝑎𝑥 = 3; 𝑅 = 8

• Relaxation is more area- and energy efficient than 

naively increasing register size

• The total area and energy overhead of Reorder 

Engine are 4.83% and 6.05%
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End-End Speedup & Energy Breakdown

• Performance gain from DAR and RE: 1.63x (HAP_W8.0)

• Further improvement with VCP: 2.25x (HAP_W5.6) and 

2.65x (HAP_W4.6)

• Energy reduction: 32% (HAP_W8.0), 48% (HAP_W5.6), 

and 55% (HAP_W4.6)
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Section 5 – Conclusion

• Summary

• Reference



Contributions

HAP – A Quantization Algorithm and Accelerator Design to Harness Adaptive-Precision

a) Dynamic Asymmetric Re-Quantization

• General APQ for activations

• Flexible for workload balancing

• Lossless compression for 8-bit activations

b) Vulnerable Channel Protection

• Channel-level dual-precision (4/8-bit) 

weight quantization

• Accuracy – performance trade-off

c) Accelerator Design

• Fine-grained bit-serial arithmetic

• Outer-product reordering engine to 

match precision at run time

d) Experiments

• Diversified evaluations across CNN, ViT, 

and LLM models and benchmarks

• Superior accuracy and performance
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