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Use benchmarks to evaluate hardware and procure systems

Application Proxy
—  Generate L KernelA
—  Update
| I UpdateData
—  Solve
— KernelA
— KernelB
L KernelC
-— Sweep

Proxies enable running subsets of computational kernels from complex applications.
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Use hardware metrics to evaluate similarity (runtime sensitive to problem size)

Intel’s Top-down analysis [1] Roofline analysis [2]
Intel Sapphire Rapids CPU NVIDIA H100 GPU

A user-defined criteria for analyzing a hotspot:: CPU Bound = Analyze .
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' Instruction Intensity [Warp Instructions/transaction]
* Core bound — stalls from execution starvation - L1 TransactionRate = Llrcactionstotal / TiMEgpy
* Memory bound - stalls related to the memory subsystem « L2 TransactionRate = L2 . c.ctionstoral / TIMEgpu
* Fetch Latency — corresponds to instruction cache misses *  HBM Transaction Rate = HBMq,, c.ctions total /. TIMEgpy
* Fetch Bandwidth —inefficiency in the instruction decoders « Performance (IPS) = Instructions a;rp/TimeGPU
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Does the proxy represent computational kernels from the application?

4 )

Euclidean distance d®.q) =V (p1 - q1)? + (p2 — q2)* + - - + (pn — gn)?

d(pr q) = \/(pcorebound - qcorebound)2 + -

where p; is the value of the i-th metric in the
hardware metrics list for kernel p

1. Partitioning — are kernels in the “correct” cluster
— The average Euclidean distance of

each kernel to the cluster centroid
3. Separation — The average Euclidean distance

between cluster centroids

Quantify similarity using partitioning, compactness, and separation
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We use clustering to group kernels with similar performance

Agglomerative (ward linkage) K-means (Lloyd’s algorithm)
Create clusters “bottom-up” minimizing Create clusters iteratively updating centroids to
within-cluster variance minimize within-cluster variance
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Cluster centroid kernels

Distance at which “clusters” are merged. The first
merge level indicates the two most similar kernels.

Do different clustering algorithms group kernels the same way?
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Performance similarity on CPUs:

Apps_LTIMES_2
Apps_LTIMES_1

Apps_| LTIMES
Kripke_LTIMES_2
Kripke_LTIMES_1
Polybench_JACOBI_2D
Apps_DEL_DOT_VEC_2D
Polybench_2MM
Polybench_GEMM

G
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Memory bound vs. Compute (core) bound

Cluster 0 (Memory Bound)
n=28
0.34 compactness
2.68 separation

Cluster 1 (Compute Bound)
n=22
1.90 compactness
2.68 separation

Partitioning of kernels is different for

Polybench_3MM
Apps_VOL3D
Apps_CONVECTION3DPA
Apps_MATVEC_3D_STENCIL
Apps_FIR
Polybench_GEMVER
Apps_ZONAL_ACCUMULATION_3D
Basic_ARRAY_OF_PTRS
Apps_MASSVEC3DPA
Apps_DIFFUSION3DPA
Apps_MASS3DPA
Apps_MASS3DEA
Basic_MAT_MAT_SHARED

each cIusterlng method indicating

not be sufficient to categorize all the
kernels.

Lcals_HYDRO_2D
Lcals_EOS
Apps_ENERGY
Lcals_INT_PREDICT
Lcals_HYDRO_1D
Polybench_FDTD_2D
Lcals_PLANCKIAN
Lcals_FIRST_SUM
Basic_DAXPY
Basic_IF_QUAD
Apps_PRESSURE
Stream_TRIAD

Stream_ADD
Lcals_TRIDIAG_ELIM
Polybench_JACOBI_1D
Polybench_HEAT_3D
Lcals_FIRST_DIFF
Basic_INIT_VIEW1D_OFFSET
Lcals_GEN_LIN_RECUR
Stream_COPY
Basic_NESTED_INIT
Basic_INIT_VIEW1D
Basic_MULADDSUB
Algorithm_MEMCPY
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The compute bound cluster is not
compact, indicating the kernels in this
cluster are not as similar as the kernels in
the memory bound cluster.

Cluster 0 (Memory Bound)
n=31
0.45 compactness
2.82 separation

Cluster 1 (Compute Bound)
n=19
1.94 compactness
2.82 separation

Stream_MUL
Basic_INIT3
Basic_COPY8 T T T T .
Algorithm_MEMSET —4 - 3 —2 - 1 0 1
0 2 4 6 8 10
Ward linkage euclidean distance PCA1l
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Performance similarity on CPUs: Memory bound vs. Compute (core) bound

Cluster 0 (Memory Bound)

5 L 0.45 compactness .
2.82 separation

Cluster 1 (Compute Bound)
n=19

4 * 1.94 compactness
2.82 separation

PCA 2
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Performance similarity on GPU — memory (L2/HBM transaction
rate) bound kernels versus compute (IPS) bound

Polybench_JACOBI_2D
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Algorithm_MEMSET
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Polybench_FDTD_2D
Apps_PRESSURE
Lcals_FIRST_SUM
Lcals_FIRST_DIFF
Lcals_HYDRO_1D
Basic_IF_QUAD
Stream_COPY
Algorithm_MEMCPY
Stream_MUL
Lcals_TRIDIAG_ELIM
Lcals_GEN_LIN_RECUR
Lcals_INT_PREDICT
Basic_INIT3
Basic_DAXPY
Apps_ENERGY
Stream_TRIAD
Stream_ADD
Basic_MULADDSUB
Basic_COPY8
Basic_ARRAY_OF_PTRS
Polybench_GEMVER
Apps_MASS3DPA
Apps_DIFFUSION3DPA
Basic_MAT_MAT_SHARED
Polybench_GEMM
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Apps_FIR
Apps_LTIMES_1
Apps_LTIMES
Kripke_LTIMES_1
Polybench_3MM
Polybench_2MM
Apps_MASSVEC3DPA
Apps_MASS3DEA

Cluster 0 (Memory Bound)
n=35
1.06 compactness
3.10 separation
Cluster 1 (Compute Bound)
n=13

1.68 compactness
3.10 separation

a‘@},‘ffév Cluster 0 (Memory Bound)
a® ® P n=35

1.06 compactness
3.10 separation
Cluster 1 (Compute Bound)
n=13
1.68 compactness
3.10 separation

Memory/compute clusters for GPU
data are more separated than CPU
and identically partitioned, but

0 2 4 6 8
Ward linkage euclidean distance

neither cluster is tightly compact. |
o
Non-compactness alone is not an indication that o
our metrics are not descriptive, as the kernels
that perform different computation are )
expected to be less similar.
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Performance similarity on GPU — memory (L2/HBM transaction
rate) bound kernels versus compute (IPS) bound

identical partitioning
implies identical
distributions
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@ H100 L1 Transaction Rate I H100 HBM Transaction Rate

Memory bound kernels characterized by high L2 and HBM transaction rates (2-3x), where the compute bound
kernels have high IPS and L1 transaction rates (2-5x).
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Multi-platform performance similarity — CPU and GPU patterns
align by memory bound and compute bound

S
I POlybEnCh_BMM . ‘

Polybench_2MM CLuEtBZr 0 (Memory Bound)
Polybench_GEMM Cluster 0 (Memory Bound) @ =

Apps_LTIMES_1 — [r=3s . 1.23 compactness

A _S LTIMES -31 compactness h o b d |' k I ) .

R There is one borderline kerne 4.23 separation
Kripke_LTIMES_1 Cluster 1 (Compute Bound) Cluster 1 (Compute Bound)
Apps_MASS3DPA n=13 p

Ast_DIFFUSLC;I‘;i?FPI: 233 separation (AppS_VO L3 D)’ ot herWise d ” o

2.86 compactness
Apps_CONVECTION3DPA

e e 4.23 ti
O e mksain kernels are partitioned the same separeren
e across the clustering methods.
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Polybench_FDTD_2D
Basic_IF_QUAD
Apps_PRESSURE
Polybench_JACOBI_1D
Lcals_EQS
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Basic_INIT3
Basic_MULADDSUB
Lcals_TRIDIAG_ELIM
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Apps_ENERGY
Stream_TRIAD
Stream_ADD
Basic_DAXPY
Stream_MUL
Algorithm_MEMCPY

Using a dataset with more
information, we see the
compactness value increase, which
s T VWD OFFSET is expected since most kernels are

Algorithm_MEMSET . . .
Bf;i'jﬁ:;;ﬁsgjm performing different computation.
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Multi-platform performance similarity — CPU and GPU patterns
align by memory bound and compute bound

Polybench_3MM
Potybench 2MM
Polybench GEMM.

The memory/compute bound patterns
matching on CPU and GPU indicates that a
kernel that is memory bound on CPU is likely
to be memory bound on GPU and vice-versa
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Memory bound kernels characterized by high memory bound, L2 and HBM transaction rates, where the compute
bound kernels have high core bound, IPS and L1 transaction rates.
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Similarity of multiple implementations of the LTIMES kernel

Calltrees

RAJAPerf
L Apps_LTIMES

Kripke

- Generate
- Solve

| Lsolve

| L LTIMES

- .

® Apps LTIMES O

C P U Apps_DEL_DOT_VEC_2D Basic_MAT_MAT_SHARED

Slmllarlty Qo () ) < All other kernels ... >—Q
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—
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Selecting the number of clusters
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Takeaways

= |t is possible to classify kernels into memory and compute bound categories across
multiple architectures with a handful of performance metrics.

= We can define performance similarity metrics to evaluate the similarity of many
kernels across different applications.

= We can leverage performance data to evaluate whether a given kernel in a
benchmark is representative of a kernel in an application.
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