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Ø Huge gap between SW and HW

Ø C1: Efficient Tunstall Decoder for Deep Network Compression
Memory-Oriented (MO) Method

• High efficiency
• Parallel decoding

Logic-Oriented (LO) Method
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DNNs are both data-intensive and
compute-intensive

• Hugemodels: trillions of params.
• AI Models size: 240×  every 2 years
• AI HW Memory: 2× every 2 years

• Lack special function accelerators
• # OPs: 2%
• Execution time: 73%

• Lack system-level hardware solutions
Solutions:
1. Models compression
2. Special function acceleration hardware
3. DNN hardware acceleration systems

Experimental Results

Ø C2: Scalable Hardware Acceleration of Non-Maximum Suppression 
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F2V Encoding: Slow Sequential Decoding

Solution:
• V2F - Tunstall parallel decoding

• Pipelined architecture 
• Parallel decoding
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Experimental Results

Reduce the time complexity to𝑶(𝒏)
• Parallelizable
• No loops

• Utilize the sparsity in the
score map

• 2.41× speedup
• 1.05× area overhead

• NMS: from 2.76× to 0.076% of the inference time
• 1204× to 6666× speedup than GreedyNMS
• 3× to 19.71× speedup than SOTA
• 2.58× less chip area than SOTA

Ø C3: Chiplet-based Scalable ResNet Accelerating System 
Res-DLA Chiplet Accelerating System Cross Layer Optimization Dataflow Experimental Results

Ø C4: ViTA: A Highly Efficient Dataflow and Architecture for Vision Transformers 

With fused MHA: Mem. for VGA: 22.66 → 5.28 MB
• 4.3× less memory for MHA (VGA img) 
• 9.4× smaller bandwidth requirement (VGA img)

Experimental ResultsViTA Top Arch and GEMM Mapping ViTA Fused-MHA Dataflow

ResNet Bottleneck: 262.97 MB Mem

GreedyNMS:𝑶 𝒏 𝐥𝐨𝐠 𝒏 + 𝑶(𝒏𝒎)

Solution:
• Optimize the computational dataflow
• System-level hardware accelerations

One Chiplet

Top Half Stage 1: do the first 
1x1 conv
Stage 2: do the 3x3, 
1x1 and shortcut by 
partitions

• 1080p ResNet-152: 68 FPS
• 27.01 mm2

• 6.6× less memory for features
• 6.2× less memory for weights

ViT MHA: 22.66 MB Mem

Solution:
• Optimize the computational dataflow
• System-level hardware accelerations

• Memory-centric, scalable ViTA architecture
• A new module for non-linear functions

Better

Better

• 16.384 TOPS @ 1 GHz
• 2.13 TOPS/mm2, 1.57 TOPS/W
• Surpassing SOTA by 27.85× and 1.40×


