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= EDUCATION

Sun Yat-sen University, Guangzhou, China 2022 — 2025 (expected)
Master student in Computer Science (CS)

Xidian University, Shaanxi, China 2018 - 2022
B.S. in Computer Science (CS)

% EXPERIENCE AND PROJECTS

Fine-grained cache Management in GPU 2023

To achieve accurate/fast objection recognition and detection, various machine learning models arise. After
characterizing those models, we achieve fine-grained cache management to speed up the inference procedure
through modifying cache control bits in the binary level before the launch of each kernel.

Shared Memory Expansion to Improve GPU TLP 2023

GPU thread level parallelism tends to be bounded by shared memory or registers. To expose the potential
performance restricted by hardware resources, We purpose to harness the abundant last level cache(LLC) to be
shared memory extension. Experiments in Accel-Sim shows that it can greatly improve TLP and reduce the
execution time.

Optimize GEMM step by step 2023

“GEMM MMA" first implementates a naive kernel of GEMM by CUDA mma.sync and then optimize it step by
step(using vectorization, asynchronous copy, conflict-free shared memory access, consolidated memory access
and so on), which achieves above 70% of peak performance relative to CUTLASS in the final version.

Teaching Assistant of “SYSU-DCS3013 : Computer Architecture” 2022
Release "SYSU-ARCH LAB" which focuses on simulators(gem5, GPGPU-Sim and Accel-Sim).

Design PTX-EMU 2022

“PTX-EMU" is an simulator for NVIDIA’s virtual instruction set PTX.
You can use it to generate image by simulating rendering program.

Design CNN framework on CPU and GPU 2022

“CovNN" is a CNN framework support on CPU and GPU(built on CUDNN).
To validate its availability, CNNs are built to solve MNIST or CIFAR-10 training on GPU and achieve 98% or
70% accuracy respectively.
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bj;ﬁﬂﬁz Softmax&EF (90. 9543)

for (int i = @; i < height * width; i++) {

N . input[i] = expf(input[i]);
Softmax® T8 AT y o o

Xj int k;
for (k = 9; k + 32 <= height * width; k += 32) {
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C

1 __s20v_exp_f32__ (reinterpret_cast<v16f32 *>(&input[k])[@]);
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for (; k < height * width; k++) {
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UWEEZ Maxpool ing2d (99. 7643")
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B Sort®F (51.534)
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[1] Bramas, B. (2017). A Novel Hybrid Quicksort Algorithm Vectorized using AVX-512 on Intel Skylake. International Journal of
Advanced Computer Science and Applications, 8(10). https://doi.org/10.14569/ijacsa.2017.081044

[2] Blacher, M., Giesen, J., & Kiihne, L. (2021). Fast and Robust Vectorized In-Place Sorting of Primitive Types. In D. Coudert &
E. Natale (Eds.), 19th International Symposium on Experimental Algorithms (SEA 2021) (Vol. 190, p. 3:1-3:16). Schloss
Dagstuhl — Leibniz-Zentrum fir Informatik. https://doi.org/10.4230/LIPlcs.SEA.2021.3
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