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Abstract
Traditional performance analysis tools, such as the Roofline model,
require visual interpretation to determine performance bounds.
For CPUs which have complex cache hierarchies and front-end
out-of-order capabilities—that is the CPUs we use for high perfor-
mance computing—accurately identifying the true performance
bound is challenging. This work is the first steps towards a data-
driven approach to performance modelling, leveraging Machine
Learning techniques. We build and evaluate a number of super-
vised and unsupervised models using a new curated data set of
performance counters collected from well-understood (i.e., easily
labeled) benchmark applications. We further analyse the data set
and highlight potential “performance fingerprints” obtainable using
this methodology.
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1 Data set construction
A new data set has been created for this preliminary study into this
methodology. It consists of performance counter data collected us-
ing the Linux perf tool whilst running benchmark applications. The
performance counters are listed in Table 1 and benchmark applica-
tions in Table 2. The applications were selected to capture different
Arithmetic Intensities (as defined by the Roofline Model [9]) and
where their performance limiting factor was already well known,
making labelling easy. We also confirmed the label through Roofline
analysis. One limitation is there are few examples of floating-point
bound applications; however, this is indicative of much current
high-performance software where the majority of codes are bound
by data throughput.

The data set was collected on the University of Bristol’s Blue-
Crystal Phase 4, which uses two 14-core Intel Xeon E5-2680 v4
(Broadwell). This is an out-of-date processor, however the interpre-
tation of performance counters is well understood, and more mod-
ern CPUs offer similar counters. Critically , the focus of this work is
to evaluate the methodology of the machine learning approach—the
choice of processor to collect the data set is arbitrary.

In order to collect all counters shown in Table 1, we run the ap-
plication three times, collecting a subset and collecting into a single
∗This poster follows his final-year thesis [3].
†Corresponding author.

record (similar to multiplexing). The applications are parallelised
with OpenMP, and executed with one thread pinned to each core.
We collected 100 records for each application, with a total data set
size of 1,200 records.1

Data preprocessing is a very important stage in the use of ma-
chine learning and can drastically affect the performance of a model
[5]. For this data set, pre-processing allows us to extract more mean-
ing in these values in order to characterise the performance limiting
factor. For example, the number of instructions and number of clock
cycles are not directly informative, but are useful in calculating
metrics which are such as instructions per cycle. We pre-process
the data and calculate: IPC (Instructions / cycles), Cache miss ratio
(cache misses / cache references), and ratio of vectorised floating
point instructions (packed instructions / instructions). Each record
in the data set therefore contains: GFLOPs, FLOPc, IPC, retiring %,
bad speculation %, frontend bound %, backend bound %, vectorised
SP instruction ratio, vectorised DP instruction ratio, cache miss
ratio, L1 cache miss ratio, L2 cache miss ratio and L3 cache miss
ratio.

2 Machine Learned Models
As a baseline, we implemented a uniform random classifier which
predicts “compute bound” or “bandwidth bound” with equal likeli-
hood, along with a proportional model with probabilities for classes
equal to the distribution in the data set, and a majority model which
always predicts “bandwidth bound”. The precision and recall are
shown in Table 3, which they are little better than random.

We trained the followingmodels: Decision Tree, k-Nearest Neigh-
bours, Logistic Regression, Random Forest, Support Vector Machine,
and a multi-layer perceptron.2 We used a stratified data splitting
to ensure that each set contains equal proportions of compute and
bandwidth bound data. The data was standardised to avoid side
effects of models which are sensitive to scale. Training these mod-
els with default parameters results in perfect accuracy, indicating
over-fitting, or else easily separable data (see t-SNE analysis below).
To mitigate over-fitting, we use leave-one-out cross-validation [10].
The accuracy of these models in Table 4 shows a clear improvement
over the random models in all cases.

To further analyse the data set to explore issues such as trivial
separability or low intraclass variance, we applied t-Distributed
Stochastic Neighbour Embedding (t-SNE). This reduced-order visu-
alisation of the data preserves all relationships between data (similar
to Principal Component Analysis). Figure 1 shows this, where each
cluster is one of the benchmark programs/problem sizes. This shows
that the classes are distinctly separable, confirming the high accu-
racy classification for these classes. It also highlights the promise

1The dataset is available on Zenodo [4].
2The MLP had one hidden layer of 50 neurons with the ReLU activation function and
trained with the Adam optimiser.
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Table 1: Performance counters used for data set collection

Performance counters Meaning

Instructions number of instructions executed (used for normalisation)
Cycles number of clock cycles during execution

Cache References number of L1/L2/LLC references
Cache Misses number of L1/L2/LLC misses

GFLOPs number of floating-point operations per second
FLOPc number of floating-point operations per clock cycle

Vectorised (packed) Instructions number of vectorised floating-point instructions executed
Retiring percentage of pipeline slots where useful instructions have been executed

Frontend bound pecentage of time stalled waiting for instructions
Bad speculation percentage of time wasted due to incorrect branch speculation
Backend bound percentage of time stalled waiting for data

Table 2: Benchmark applications used for data set collection

Code Category Problem sizes

SGEMM FP32 compute bound 15k-by-15k, 10k-by-10k matrix elements
DGEMM FP64 compute bound 15k-by-15k, 10k-by-10k matrix elements

miniBUDE [7] FP32 compute bound 128 poses per work-item, work-group size 1
STREAM [6] Main memory bandwidth bound 10M FP64 elements
LBM D2Q9 LLC cache or main memory bandwidth bound 256-by-256 grid, 1024-by-1024 grid

HPCCG (MiniFE) [2] Main memory bandwidth bound 50-by-50-by-50 grid
3D Heat stencil [8] LLC bandwidth bound 120-by-120-by-120 grid

LU solver (Intel MKL) LLC bandwidth bound 8192-by-8192, 16384-by-16384 matrix elements

Table 3: Baseline model results

Class Uniform Proportional Majority
Precision Recall F1 Precision Recall F1 Precision Recall F1

Bandwidth Bound 0.56 0.42 0.48 0.64 0.59 0.62 0.58 1.00 0.74
Compute Bound 0.40 0.54 0.46 0.49 0.54 0.51 0.00 0.00 0.00

Accuracy 0.47 0.57 0.58

Table 4: Machine Learned model results

Model Average Accuracy

Decision Tree 0.833
k-NN 0.917

Logistic Regression 0.917
Random Forest 0.833

SVM 0.917
MLP 0.917

of this approach, where we can get much information from a per-
formance counter data set to identify performance limiting factors,
and we plan to increase the categories to include other bounds in
future.

This analysis also highlights that these codes have some intrinsic
“performance fingerprint” which would allow for easy identification

by a model (perhaps explaining the findings of Antici, et al. [1]).
We are pursuing this in further study.
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Figure 1: t-SNE analysis for the data set, where Class 0 rep-
resents bandwidth bound and Class 1 represents compute
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