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Motivation: Runtime Performance Prediction

• Common question: how does software
configuration affect latency / throughput?

• Accepted solution: feature model +
performance model

• But: models only consider software
variability

• Underlying hardware: affects performance, but not part of model [Jam+17]
• Even on same hardware, model may be incorrect:
runtime placement of compute and data affects performance
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Runtime Performance on Modern Hardware

CPUMCDDR

HBM

CPUMCDDR

HBM

CPU MC DDR

HBM

CPU MC DDR

HBM

NUMA: Non-Uniform Memory ArchitectureMC: Memory Controller

HBM: High-Bandwidth MemoryCXL: Compute eXpress Link
CXL CXL

Application Kernels

• Task and data placement are a source of variability
• Systems perspective: automatic placement by OS is not always optimal
→ Plug performance model into OS formodel-guided placement decisions
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Example: Vector Addition
Example (Vector Addition)
x⃗ = a⃗ + b⃗ =̂ for (i = 0; i < n; i++) { X[i] = A[i] + B[i] }

Heuristic: A, B, X and compute on same NUMA node (local data)

CPUMCDRAM

CPUMCDRAM

A, B, X
Heuristic

vs.
CPU MC DRAM

CPU MC DRAM

X

A, B

Optimal

0.1 1 10

Optimal Placement: 1.6× Speedup over Heuristic
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Observation
Variability in hardware and system topology must be considered
when deciding on compute and data placement.
Discussion / Community Perspective
How to describe variability in hardware configuration and/or
runtime placement? Explicit component of the feature model?
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Straightforward Approach

Kernel⋯
# Threads
Input

InputMemory
DDR-RAM
HBM-RAM
CXL-RAM

InputLocality
Local

SameSocket
CrossSocket

Output⋯

→ 3 ⋅ 3 ⋅ 3 ⋅ 3 = 34
= 81 configurations for each kernel (excl. # Threads)

– With m kernels: up to 81 ⋅m placement configurations
– With n non-placement software configurations: up to 81 ⋅m ⋅ n total
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Discussion / Community Perspective
Different approaches?
How to avoid configuration space explosion?
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SMAUG Approach: Disentangle Variability Sources

Platform Model

Component (HBM) Component (CXL) Component (NMC) . . .
System Topology

↕ API Functions ↕

Application Models
App A App B App C App D . . . Performance Prediction

• Application variability: independent of hardware; no performance models
• Platform variability and performance: independent of applications
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Discussion / Community Perspective
How should application variability / performance
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Application Behaviour Models

• Variability: configuration and runtime-dependent workload attributes
– E.g. size of input file or database

→ Use behaviour model to predict sequence of API calls
≈ featured transition systems / automata [Bou+08; Cla+13; FL17; Ola+16]

• But: we are dealing with control flows → featured control flow graphs
– Feature guards as-is; actions in states (not transitions)

ini
call_PTTWAC_soa_asta

@ main.cpp:225

cudaMemcpyDeviceToHost

@ main.cpp:239
end

(# = 128 ∧ outer_cols > 128)
∨(# = 256 ∧ outer_cols > 256) ∨ . . .

∨# ∈ {1, . . . , 127, 129, . . . , 255, 257, . . .}

(# = 128 ∧ outer_cols ≤ 128)
∨(# = 256 ∧ outer_cols ≤ 256) ∨ . . .
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Application Behaviour Models: Performance Prediction

ini
call_PTTWAC_soa_asta

@ main.cpp:225

cudaMemcpyDeviceToHost

@ main.cpp:239
end

(# = 128 ∧ outer_cols > 128)
∨(# = 256 ∧ outer_cols > 256) ∨ . . .

∨# ∈ {1, . . . , 127, 129, . . . , 255, 257, . . .}

(# = 128 ∧ outer_cols ≤ 128)
∨(# = 256 ∧ outer_cols ≤ 256) ∨ . . .

• Predict API call sequence (=̂ visited states) from software configuration
and workload attributes, while keeping track of loop iterations (#)

• Each state is annotated with an ML model → predict API call arguments
ML

Model
Config, Workload, #

x⃗ ∈ Zn
API Arguments
y ∈ Zm
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Application Behaviour Models: Learning

• L∗ / FL∗ not (easily) applicable [Ang87; For21; For23]
– Limited to boolean features, unclear support for dealing with loops

→ Trace-based learning approach
– Hence the switch to actions in states (not transitions)

Discussion / Varibility Modelling Perspective
Is this a sensible approach?
Are there better learning algorithms?
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Platform Model: Variability Example

Batch Read

Input
InputMemory

DDR-RAM
HBM-RAM
CXL-RAM

InputLocality
Local

SameSocket
CrossSocket# Threads

Access Pattern
Random

Linear / Strided Stride Size
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Platform Model: Performance Example

5 10 15
0

50

100

# threads

re
a
d
[G

iB
/s
]

HBM / DDR / CXL x16 / CXL x8
local / intra - / cross -package

• Conventional performance model: f (x⃗) = y

– Independent of application
– Learnt from microbenchmarks
– x⃗ : see previous slide
– y : throughput (GiB/s)

• Exception: non-generic, compute-boundapplication kernels
– Depend on application
– x⃗ : application config, # threads
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Discussion / Community Perspective
More elegant way of linking application and hardware variability /
performance w.r.t. application-specific compute kernels?
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Conclusion

• SMAUG aims to bridge perspectives from two communities:
– Systems: improve application performance on variable hardware
– Variability Modelling: formally express variability; learn appropriate models

• Interaction opportunities:
– Variability and performance modelling algorithms
– Behaviour models and behaviour model learning
– Comprehensive set of benchmark data; see references in paper

Mail: birte.friesel@uos.de Fedi: @derf@social.skyshaper.org
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