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OBSERVATIONS

EASIER DEVICE SATURATION
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Figure 1: Percent of peak performance of STREAM
kernel in with low occupancy (occupancy=256
threads, ILP=4, 8 Byte per memory access).

LARGER ON-CHIP RESOURCES
Scratchpad memory as an example:

K20: 1.0x
P100-PCIE : 5.0x

V100-SMX: 10.7x

A100-PCIE: 24.6x

H100-SMX: 41.8x 
(29MB)

MI100

MI250X

0

5

10

15

20

25

30

35

40

2012 2014 2016 2018 2020 2022 2024

Sc
ra

tc
hp

ad
 M

em
or

y 
Si

ze
 (M

B)

The size of shared memory has increased by 41.8x over a 
decade (peak performance has increased by ~22x)

2033: 1GB?
(42×29 = 1218𝑀𝐵) 

Figure 2: The capacity trend of scratchpad memory.

MATURE DEVICE SYNCHRONIZATION [3]
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Figure 3: The overhead of device-wide synchroniza-
tion (grid synchronization as explicit device-wide
synchronization; kernel launch as implicit device-
wide synchronization in the latest GPUs).

OVERVIEW

STRATEGIES (↓)

MOTIVATION

OBSERVATIONS (←)
Observing the GPU trends

EBISU: revisiting temporal blocking [2] (↘)

Microbenchmark [3]: 
Grid-level synchronization is practical

Device-level temporal blocking

Minimal Parallelism
(spare more resources)

Cache

Aggressive optimizations

Easier device 
saturation

Mature device 
synchronization

Larger on-chip 
resources

Combine Time Steps

• Compute is faster than memory
bandwidth. 

• The gap is still widening. 
• As GPU architecture evolves, 

can we leverage the new features to better overcome the gap?
• We showcase our methodology with memory-bound kernels (e.g., stencils).

PERKS [1] (→)

Balance 
Flops/Bytes

Compute  
(TFLOPS/s)

Memory 
(GB/s)

Launched
(Year)Platform

3.323.410242019Fujistu (A64FX)
5.341.094204.82021Intel (Platinum 8368)
112.253204.82022AMD (7773X)
6.249.715552020Nvidia (A100)
103030002022Nvidia (H100-SMX)
14.9747.932002021AMD (MI250X)

STRATEGIES

Minimal Parallelism
Orchestrating parallelism.

Little’s Law (Hardware)
C Concurrency;
L Latency;
THR Throughput;

Parallelisms (Software)
PAR Parallelism of a program;
ILP Instruction Level Parallelism;
TLP Thread Level Parallelism (thread per

Stream Multiprocessor);

minimize
TLP,ILP

PAR(TLP, ILP )

subject to PAR ≥ C
PAR = TLP × ILP

C = L× THR

(1)

Combine Time Steps
Reducing/Eliminating memory traffic.

Roofline
I Operation Intensity;
W Number of works;
Q Number of bytes of memory traffic;

Additional Parameters
t Combined time steps;
R Memory traffic reduced in between

time steps;

I = W×t
Q+(t−1)×(1−R)×Q

(2)

Increasing combined time steps t and per-
cent of memory traffic cached R to in-
crease Operation Intensity I . As such, the
memory-bound kernel becomes closer to
compute-bound.
The kernel becomes temporal blocking if
R = 1.

PERKS [1]

DEVICE

HOST

int main() {... 
for(i in step) { ...

Launch(Tradition,...);
... }... } 

Unused Register & 
Shared Memory

__global__ Tradition
void(...){ ... 

Compute(in, out,…); 
... } 

int main() { ... 
Launch(PERKS_Kernel,…

); ... }      

__global__ PERKS_Kernel
void(...){ …

for(i in step) { ... 
Compute(in, out…); 
... grid.sync();.. } …}

PERSISTENT
Register & Shared 

Memory

Compute(in_ptr, out_ptr…) :
A device function, that processes data in in_ptr, then stores 
results to out_ptr.

(2). Cache data per time step

Multiple Launches Single Launch

(1). Move time 
loop inside kernel
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Unused Registers
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Projected Performance (Utilizing Unused Resources for Caching)

1.96x

Iterative stencil 2d5pt (30722)

Stencil:
Machine Learning
PDE applications: 
• Weather modeling
• Fluid dynamics simulation

MOTIVATION OVERVIEW

Caching data at low parallelism can get a 1.96x speedup
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2d5pt stencil

𝐴! 𝑠 = 	 % 𝑤"×𝐴!#$(
"∈𝒩
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For each grid cell, until	𝑡 = 𝑇	:

		𝑠	 ∶ address, 					𝒩 ∶ concerned	neighbours
𝑤	 ∶ weight, 	𝑐		 ∶ constant
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N/A: The given stencil library did not provide the given type 
of stencil implementation 

(c) V100 Performance

(b) A100 Geomean Speedup

(d) V100 Geomean Speedup 
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Figure 4: Comparison of PERKS(SHM) over a wide range of stencil libraries.

EBISU [2]

Implementation

Minimal Parallelism 

Optimizations

Cicular Multi-Queue

Prefetch
Lazy 

Streaming
Redundant Register 

Streaming

Little’s Law

One Tile Per Device
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SOTAs are conservative in using 
scratchpad memory: 

SOTAs constrain resources for parallelisms

MOTIVATION OVERVIEW

Common wisdom: high occupancy 
leads to better performance

We constrain parallelism 

We scale the use of resources
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Figure 5: Speedup of EBISU over the state-of-the-art temporal blocking implementations.
We also plot the performance of EBISU (right Y-axis plotted as ’+’ ticks).


