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GPU microarchitecture simulation

Cycle-level simulations enable fast validation of new (micro)architecture designs.

Cycle-level GPU Simulator

>
Architectural »
design changes

» IPC
Cache Hit Rate
Num of Instrs
Power usage

Problem: Cycle-level simulators are too slow!

v A 1-second workload on a real GPU can take several days on a simulator.
 For trace-based simulators, trace size grows along with workload size.
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Kernel-level sampling for GPU workloads

« Kernel-level sampling: reducing workload size by sampling important kernels.

* ldea: Instead of running the full workload, skip the repeating kernels.
 Pros: Simulation acceleration, reduced trace size / Cons: Simulation accuracy

50 ms 100 ms 48 ms 102 ms 53 ms 94 ms 51 ms
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50 ms 100 ms 48 ms 102 ms 53 ms 94 ms 51 ms

r A 1 Sampled runtime = 203 ms

Full workload Total runtime =498 ms
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Kernel-level sampling for GPU workloads

 Kernel-level sampling: reducing workload size by sampling important kernels.

* ldea: Instead of running the full workload, skip the repeating kernels.
 Pros: Simulation acceleration, reduced trace size / Cons: Simulation accuracy

50 ms 100 ms 48 ms 102 ms 53 ms 94 ms 51 ms

Full workload n “ Total runtime =498 ms

50 ms 100 ms 48 ms 102 ms 53 ms 94 ms 51 ms

A L | I===-=n- ==

A n B 1 B 1, A 1 Sampled runtime = 203 ms

Sampled workload

Tradeoff on speedup and accuracy:

More kernel samples make the sampled simulation longer but accurate.




GPU Kernels' execution time distributions

Observation: |dentical GPU kernels show huge variation across invocations.
Idea: Leverage kernel exe. time distributions as a key signature to sample kernels.
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GPU Kernels' execution time distributions

Observation: |dentical GPU kernels show huge variation across invocations.
Idea: Leverage kernel exe. time distributions as a key signature to sample kernels.
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* Narrow: constant exe. time - less samples
» Wide: variable performance - more samples
 Multiple: kernel in multiple contexts - separate peaks into clusters then sample



GPU Kernels’ execution time distributions

Observation: |dentical GPU kernels show huge variation across invocations.
Idea: Leverage kernel exe. time distributions as a key signature to sample kernels.
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Question 1: Based on their distribution, how many kernels to sample?

Question 2: How to maximize the speedup while the error is minimal?




Determining the sample size

Question 1: Based on their distribution, how many kernels to sample?
Solution: Statistical approach based on kernel profiles.

Proﬁler]ﬁ R Sample size
) A — Small
¢ ﬂ "

\

'J AN
Kernel A| —» j\ (j_\> —> Moderate
———
NN T G big

Exe. Time Histogram ~ EASN

# Kernel Calls

Adaptive sample size - speedup is maximized while sampling error is minimal.
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Applying the Central Limit Theorem (CLT)

Central Limit Theorem: The mean of samples will always follow a Gaussian distribution
as the sample size m - .

Resnet50: max pool m kernel Samples

400 1

300 1

1001
0

Average kernel execution time follows a
Gaussian distribution X~N(u, 6% /m).

# Kernel Calls
[n%]
=
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Applying the Central Limit Theorem (CLT)

Central Limit Theorem: The mean of samples will always follow a Gaussian distribution
as the sample size m - .

Resnet50: max pool m kernel Samples

400 1

Average kernel execution time follows a
Gaussian distribution X~N(u, 6% /m).

300 1
200 1
1001

# Kernel Calls

18.0 18.5 19.0 19.5 20.0

We analytically calculate the relationship between the sample size (m) and the error (e).
« The minimum number of samples to ensure the error bound e:

Z1-a/20

FE—m —H
H

_Ziapo _ Error bound (e.g. 5%)

= S €
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T

Assuming Gaussian distribution
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# kernel calls

STEM: Statistical Error Model for kernel sampling

Optimizing for Multiple Kernels: minimize sim. time while the total error is bounded.

Kernel A
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# kernel calls

STEM: Statistical Error Model for kernel sampling

Optimizing for Multiple Kernels: minimize sim. time while the total error is bounded.
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STEM: Statistical Error Model for kernel sampling

Optimizing for Multiple Kernels: minimize sim. time while the total error is bounded.

Kernel A Kernel B
) 400 | 40/ i )
c_cg 7/
200 - i
o KKT Solver < 20
mmr}]:}uze f=Zm;pf c
i , il‘) 950 175 200 225 250 ° 80 60 70 80
2 : # . e . q R .
subject to ZN,?;—f < (Z ‘ Zng) minimize m: + Kernel execution time (us)
i f l—ﬂfz i *' L
and m; > 0 for Vi€ {0....k—1}. VL(m*;\) =0

STEM's output:
- Kernel A: 10 samples
- Kernel B: 50 samples
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Optimizing STEM for runtime-heterogeneous kernels

Problem: Some kernels favor splitting before sampling with STEM.
Goal: Distinguish each peak into separate clusters before sampling.
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Optimizing STEM for runtime-heterogeneous kernels

Problem: Some kernels favor splitting before sampling with STEM.
Goal: Distinguish each peak into separate clusters before sampling.
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15 > 35 kernels in total! Gr grggffia



Optimizing STEM for runtime-heterogeneous kernels

Problem: Some kernels favor splitting before sampling with STEM.
Goal: Distinguish each peak into separate clusters before sampling.

# kernel calls
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Question 1: The optimal number of subclusters is unknown.

Question 2: How to optimize clustering for sampling?
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ROOT: Fine-grained hierarchical kernel clustering

ROOT

Kernel A
(" oo -
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Execution Time
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Hierarchical clustering of ROOT

ROOT

(> Kernel A -
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At every step: Check whether the splitting helps reducing sim. time
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Hierarchical clustering of ROOT

ROOT O - :

Kernel A oo : Move on to Sampling
(» D D ee e ]D[ [ ] ][ . " Phase (Sec. 3.4)
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Deriving the ROOT

ROOT leverages STEM to estimate whether splitting will help on kernel sampling.

New Subclusters

Old Cluster
! .
l Sample Size m ' Sample Size m;, m,, m;
-{21EML > Sample Mean X *1STEM|> Sample Mean X;, X;, X;

Compare the simulation time (t)*: 7o1a = mX
-> If Told > Thnew:

_ we can save simulation time.
> mik
1

Thew

20

* We use kernel latency as a heuristic for estimating the simulation time.



Summary of STEM + ROOT

Timet=0

T Full GPU Workload |
l |
/| N cn A ey e o

Execution Time
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Summary of STEM + ROOT

Timet=0 Full GPU Workload

Y I N I i N s M

heationTine l 1. Group by kernel names
. D D oos . eoe
1. Group kernels by kernel names.
Y s P y
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Summary of STEM + ROOT

Mt:o Full GPU Workload

Al 8 ] e ] & J[allal[c ] a0 & |[a]--

|—|
Execution Time l 1. Group by kernel names

@ 0 O- @

) I— | —— . .
5 ROOT: N . 2. ROOT additionally separates runtime-
. : Novel fine-grained ) .
Y " hierarchical clustering heterogenous kernels into different groups.
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Summary of STEM + ROOT

’Iﬂgﬁ‘:o Full GPU Workload :
| 1
2] <] = < e Al a0 & [a] -

Execution Time

l 1. Group by kernel names

® [0 O- @

[ — | — 3. STEM selects the optimal sample size

3. STEM: Sample representative kernels  Of each group for the best speedup and
v based on exe. time distributions accuracy.

®00: - @ :;;;...: :
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Evaluation of STEM+ROOT

Evaluated GPU workloads:
 Rodinia* (GPGPU workloads)
 Casio** (ML workloads)
« Huggingface (Large-scale LLM/ML workloads)

Baseline methods:
« Random sampling
« PKA [MICRO ‘20]
* Sieve [ISPASS 23]
« Photon [MICRO ‘23]

*S. Che et al., Rodinia: A benchmark suite for het ting, 2009 Georgia
25 eeta odinia encnmark surte ror neterogeneous computing Gr Tech’

** M. Davies et al., A Journey of a 1,000 Kernels Begins with a Single Step: A Retrospective of Deep Learning on
GPUs, ASPLOS 2024



Speedup & Error validation on real HWs

Sampling Error (%) Speedup (log scale)

40 100000
35 :
30 10000 &
25 1000
20
15 100 E
5 _—
0 21 X m X 1 I X o X m
Random* Sieve Photon Random* PKA Sieve Photon
®m Rodinia (GPGPU) CASIO (ML) = Huggingface (LLM) ® Rodinia (GPGPU) CASIO (ML) = Huggingface (LLM)

X : Infeasible due to significant profiling or sampling process overhead

« STEM+ROOT achieves significantly lower sampling error with comparable speedup.
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Speedup & Error validation on cycle-level simulators

30 Workloads used:
—~ - Rodinia (13 benchmarks)
X 25 - CASIO (11 benchmarks)
\: 20 - Huggingface (6 benchmarks)
@)
L]
o> 19 = PKA
C
?En_ 10 m Sieve
® 5
7p] m Photon

0 _ _ _ = STEM+
Baseline Double cache size Half cache size Double #SMs Half #SMs ROOT(ours)

s [l HCEE B EN KR
o 1 1 21 B T

« Kernel's exe. time distribution reveals useful information about its characteristics.
 Adaptive sample size stays robust under HW (compute/memory) changes.
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More details & evaluation results in our paper!

« Mathematical modeling and proofs on statistical sampling
 Sensitivity analysis on changing the error bound

 Evaluating STEM on a GPU with kernel profiles from a different GPU

« Evaluation on microarchitecture metrics (Cache hit rate, # instrs, etc.)
« Workload profiling overhead comparison for sampling

e and more.
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Conclusion

* Problem: Tradeoff between speedup and accuracy in sampling for simulations.
* Ildea: Leverage kernels exe. time distribution to select representative kernels.

Proﬁler]ﬁ . e Sample size
% A — Small

[}
pX|

Kernel A — ]\ (j_( —> Moderate
S
J \ A\ N

- - > = (o+4)—> Bi
Exe. Time Histogram A g

# Kernel Calls
—

« STEM: Optimal sample size selection with bounded sampling error.
« ROOT: Hierarchical clustering for distinguishing runtime-heterogeneous kernels.

* Result: Fast, accurate and scalable kernel sampling for large-scale GPU workloads
29 » Evaluated 30 GPU benchmarks, STEM+ROOT achieves <1% error with high speedup.



Questions?
- Presenter: Euijun Chung (euijun@gatech.edu)

Link to the paper
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Kernel-level sampling for GPU workloads

50 ms 100 ms 48 ms 102 ms 53 ms 94 ms 51 ms

Full workload “ n n Total runtime = 498 ms

50 ms 100 ms

Sampled workload “ ====) Total runtime estimation = 50ms *+ 100ms * 3|= 500 ms
4 1
Sampled runtime = 150 ms Sampled 1 out of 4 | 2| kernels

Sampled 1 out of 3 [ kernels

» Speedup over full simulation ~ ‘1}—:2 = 3.32

|500—498|

« Sampling error = X 100(%) = 0.4%

Can we make the kernel sampling fast and accurate by leveraging

the characteristics of large-scale GPU workloads?
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STEM: Statistical Error Model for kernel sampling

Question: What if we are sampling kernels from multiple clusters at the same time?

elementwise_grid_stride sgemm_128x64_nn sgemm_64x64_nn

40 ,
N ﬁ” sof u 5001 J ‘ Sample m1, m2, m3 kernels from each cluster
0- 0 l - 0 ’ ié

50 60 70 80 20 30 6

Optimization problem: Solution (Using KKT Conditions):

mlnlmlze T = Z mi ;i - , /ZJ a;b; fbi -
C ai;
Nip;
21 a2 Z ”) a; = i, bi = Njo}, and ¢ = (e X; Nipti/z1-a/2)*

m; =
subject to Z N 22 (

Gr Georgia
and m; >0 for Vie {0,...k—1}. Tech!

for Vi € {0,...,k — 1}




Deriving the ROOT

New Subclusters

Old Cluster

Sample Size m

5 Sample Size m;,, m,, m;
"® Sample Mean X

> Sample Mean X;, X;, X;

P -

STEM

STEM

Compare the speedup:  Totd = mX = [(z1-q/20/p€)*] - X

Tnew=ZmiX}=Z \/Zjajbj. bi . X;

C a;
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Kernel-level sampling of GPU workloads

Time t=0 Full GPU Workload

:@ G N RO S Y e e

Execution Time

l 1. Group by kernel names

® COoCcCco0-- @ -
(| — | — | —

2. ROOT: Novel fine-grained
‘L hierarchical clustering

. DDD eon . [ || | eoe -DD oo
@O0 @I T
@ o -
3. STEM: Sample representative kernels
l based on exe. time distributions
@O0 @i oo
o . @ -:. -
T emm-
l 4. Sampled simulation
Speedup
SRR BRI I Y B :

v Speedup =

[Ale <)o e e IRl I~ TR o ][] -
N IICT I (Y .-

v Sampling error is minimal (bounded).
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Baseline kernel sampling methods for GPU workloads

Sampling Methods PKA [2] Sieve [24] Photon [21] STEM+ROOT (ours)
: : : Kernel name & : Kernel name &
Kernel signature 12 instr. level metrics Num. of instrs GPU Basic Block Vector (BBV) Exe. time distribution
Clustering k-means Hand-tuned, Find a kernel with Fine-grained hierarchical (ROOT)
based on CoV (o/u) .
. i similar BBV and #warps . . . —
Kernel sample size Single per cluster, Single per cluster, (95% threshold) Adaptive sampling with statistically
first chronological first chronological determined sample size (STEM)
. . Instr. count and ) . .
Profiling granularity statistics per warp Instr. count per warp Basic block count per warp Execution time per kernel
Scalability for :
large-scale workloads Very low Low Low High

Limitations on previous works:

« PKA, Sieve, and Photon all rely on static code-level analysis, which fail to
capture runtime heterogeneity of GPU kernels

« PKA and Sieve rely on heavy profiling of instr-level metrics

- Photon’s BBV comparions between kernels involve O(N?d) computations. |
* N = Number of kernels,d = BBV dimension Gl" ‘%i‘éi}"a



Speedup & Error validation

GPGPU Workload (Rodinia Suite) >50a4a.0 ML Workload (Casio Suite)

o L o
A ‘;,& CJ‘;& Y ‘:af}
|: PKA I Sieve [ Photon T STEM+ROOT {Durs}l
GPGPU Workload (Rodinia Suite) ML Workload (Casio Suite)
60 194.6 87.9

Error (%)
o B 3
¥
aE

ST S St S S S St ST
A S A P e & @ e & e & e L
\FQ Ej é—' E-' Q‘- ) ) # # #
2~ & 2> % \‘)b} N ,-5&/ %> ‘@,“\ & o & X ,.,)b-& ,,J'b'- L& & gf
0 ) AN Q P &é\ &ﬁp & t;\.;\ &{\ &© @.‘}
S ¢
|3 PKA HEE Sieve [ Photon [0 STEM+ROOT (Ours)
o ““L" Tech

Baseline methods: PKA [Micro 20], Sieve [ISPASS ‘23], Photon [MICRO ‘23]




Evaluations on Microarchitectural metrics

DRAM read/write access

%?8- 1 Sampled I Full
m“’ .
53 61 471 a71
of 4]
%, 1.82 1.82
QU
o
0
DRAM read DRAM write
Global LD/ST
80
1 Sampled I Full
th @ 60 1
=N 41.74 41.74
*Z a0
S 19.71 19.71
22201
0
Global LD Global ST
30 FP16/FP32/INT32 instrs

1 Sampled B Full

N
o

1 e
2PN Jehg et 25325

-
o

Avg. #instrs
per Kernel

FP16 FP32 INT32

Figure 14: Comparison of microarchitectural metrics be-
tween the full workload and the sampled workload. We used
the bert_infer workload of the CASIO benchmark suite.

Avg. #instrs
per Kernel
iy (3] [0}
o o o

o

3
(=R -

)]
o

Cache
Hit rate (%)
I
o

Efficiency
Rate (%)
== N
v o (%] o
o o o o o

Shared LD/ST

]
(=]

3 Sampled I Full
39.60 39.60
6.22 6.22
Shared LD Shared ST

L1/L2 Cache hit rate

[ Sampled B Full
36.50 36.56

1159 11.60

L1 hit rate L2 Read hit rate

Warp/Branch efficiency

1 Sampled BN Full

99.69 99.69

31.82 31.82

I

Warp execution Branch
efficiency efficiency
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Profiling overhead

Sampling Profiler used, Rodinia CASIO | Huggingface
methods metrics collected (GPGPU) (ML) (LLM & ML)
PKA [2] NCU, collecting 35.57% | 3704.23x N/A
12 metrics
Sieve [24] | VVBit collecting || 0| 29358 N/A
num. of instrs
NVBit, collecting
Photon [21] | processing BBVS 12.81X 38.58 N/A
STEM NSYS, collecting 1.54x | 5.53x 1.33x
(ours) kernel exe. time

Using execution time as a key parameter gives a huge improvement in scalability
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