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• If 120km/h (75 mile/h, 33.3 m/s)
• Gap : 30 𝑚𝑠
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Background: Layerwise Scheduling and Execution Pattern

• Profile a MLP model on GPU using Pytorch
• Recording trace using Nvidia nsight system

• GPU schedule and execute the layers one-by-one in the form of kernels
• DNN models are composed of DNN layers (CNN, MM, non-linear,…)

Execution in ‘blocks’

Linear layer (MM)Non-linear layers
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Background: Layerwise Scheduling and Execution Pattern

• W/t CPU scheduler, can preempt between two layers

• the overhead in preemption could also be an issue

HtoD memcpy

20.4 ms

Other overhead

31.3 ms 27.8 ms

• If cannot preempt within a layer → long block time

Can we schedule on accelerator
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Background: Layerwise Scheduling and Execution Pattern

• W/t changing low-level Software/hardware, may preempt within a layer

• Not Native support --> may lack flexibility 

• Low-level control API not provided

• Large programming effort
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• Reduce scheduling overhead

• Preempt within a layer

• Hardware supportFPGA platform:
Bit-level reconfiguration
Low level hardware control

• Hardware-implemented EDF 
scheduler on FPGA chip 

• Intra-layer preemptive 
flexible dataflow
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DERCA: On-chip EDF Scheduler
Core: hardware-implemented heap
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Instructions

Task Release

CPU, I/O, …

1

Accelerator
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Preemption

Update the queue when:
• New job release
• Finish a segment
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Small # tiles accumulated:
Store + Load > Recompute(1)
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schedulability
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• Compare on synthetic workloads

• Task1: (1k x 8k x 1k), (1k x 8k x 1k)
• Task2: (1k x 8k x 1k), (1k x 8k x 1k)

• PP placement optimization →
further reduce overhead



DERCA: Evaluation

• Success rates on other workloads

• Task1: (2k x 128 x 2k), (2k x 128 x 2k)
• Task2: (2k x 128 x 2k), (2k x 128 x 2k)

Persist-
only

Recompute
-only

• Small reduced dimension (K) →
Recompute is better
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DERCA: Evaluation

• Success rates on other workloads

• Realistic workloads:  DeiT-T, BERT-tiny,BERT-mini, PointNet, and MLP-Mixer

• More layers → layerwise gets 
better than synthetic workloads

• Still, DERCA flexible dataflow has 
a better success rate, especially 
in high utilizations
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DERCA: Evaluation

• Prototype on AMD 
VCK190 platform

• CHARM as baseline 
accelerator for PE array

• DERCA is lightweight:  
<5% additional resource 
usage
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