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Abstract. Efficient execution of software on modern, heterogeneous
hardware is becoming more and more challenging. In addition to vari-
ability within software product lines (i.e., compile- and runtime config-
uration options), there is also a growing amount of variability in how
this software is executed. Modern servers provide a plethora of differ-
ent compute and memory components, and the placement of individual
compute kernels and data objects on those can have drastic influence
on application latency and throughput. Yet, there is no simple rule for
optimal placement of application tasks and data objects — it depends
on current system utilization, application characteristics, and charac-
teristics of the underlying hardware. Simply treating those aspects as
additional sources of variability within application-specific performance
models does not scale. The SMAUG (“System-Level Modelling and Op-
timized Use of Disruptive Memory Technologies”) project aims to tackle
this challenge by providing a holistic view on the entire system, and dis-
entangling configuration-dependent software behaviour from placement-
dependent software and hardware performance. So far, it has refuted sev-
eral common placement heuristics, provided detailed performance models
for high-bandwidth memory and near-memory computing devices, and
utilized those to improve application performance. At present, we are
working to combine application-independent performance models with
hardware-independent software behaviour models for accurate, efficient,
and scalable performance modelling of software on modern servers.
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1 Introduction

Modelling runtime performance attributes of software product lines (and config-
urable software in general) is far from trivial, as it depends on much more than
just static product line configuration. For instance, it is also affected by the
workload (e.g., database query sequence), which must be either representative
or treated as an explicit source of variability [4,19,21]. Additionally, performance
depends not just on the underlying hardware, but also on the placement of indi-
vidual application tasks and data objects on hardware components [10,12]. This
is typically not modelled as an explicit source of variability [14,23,24,35].
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Two different communities deal with aspects of this challenge: the software
product line engineering community considers high-level static and run-time vari-
ability, and does not take hardware or placement variations into account. The
performance engineering community, on the other hand, aims to optimize the
placement of tasks and data objects without a variability or performance mod-
elling approach, typically resorting to hand-crafted heuristics instead.

While those heuristics are often based on benchmarks and architectural con-
siderations, they may exhibit bad performance due to bugs or pathological corner
cases [28]. For instance, some applications benefit from counter-intuitive setups
such as placing input data on remote rather than local memory, or using con-
ventional (low-bandwidth) DDR, memory rather than high-bandwidth memory
(HBM) [12]. Heuristics would prefer local input data and HBM.

This is where the SMAUG (“System-Level Modelling and Optimized Use of
Disruptive Memory Technologies”) project comes into play. Its key goals are effi-
cient methods for performance modelling of arbitrary server hardware and of con-
figurable applications on top of that, and then using those within model-guided
task and data placement algorithms, thus improving application performance.
In doing so, it aims to bridge the gap between the product line engineering and
performance engineering communities, and combine approaches from both.

SMAUG is a project within the DFG’s (Deutsche Forschungsgemeinschaft /
German Research Council) priority programme 2377 “Disruptive Memory Tech-
nologies™ . It has been funded from 2023 to 2026, and has recently been extended
for a second (final) three-year funding period until 2029.

In the first funding period, it focused on building performance models both
on the platform (i.e., server components and topology) and on the application
level. Now, in the second funding period, the main goal is to use those models
for efficient, model-guided resource management strategies. As such, SMAUG is
a prime example of applying variability and performance modelling techniques
in a real-world context, namely, for improving system performance.

The next section describes the challenges on the way towards model-guided
optimized use of memory technologies from a variability and performance mod-
elling perspective. Section 3 follows up with details on the goals of the two
funding periods, including how those address the aforementioned challenges. We
present insights and impact in Section 4, and conclude in Section 5.

2 Challenges

From a scheduling and placement perspective, each application consists of a
set of compute kernels (each of which is represented by a group of tasks) and
corresponding data objects [33]. The goal is to place each task and data object in
a way that reduces total application latency (makespan), energy, cost, or similar
[22,25,36,37]. As this is an NP-complete problem even in simplified scenarios,
optimal solutions are generally out of the question [34].
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From a variability modelling perspective, we could define the configuration
and placement variability of each task, perform benchmarks, and use the result-
ing performance model for task and data placement decisions. After all, we al-
ready know how to build performance models for software product lines, and can
apply most of those algorithms to any kind of configurable software system [32].
However, building and using those models would be anything but practical.

First, applications contain anything from dozens to thousands of compute
kernels and data objects, each of which would need to be benchmarked and
modelled separately. Second, such models would have to be adjusted whenever
the application or the underlying system (hardware, drivers, or similar) changes.

For instance, Fig. 1 shows a feature model excerpt for a single kernel in such
an application. It can be run with a variable number of threads, and its input and
output data can be placed on different types of memory. Memory is either on the
same node as the kernel itself (Local), on the same socket (SameSocket), or on
a different one (CrossSocket). Thus, each kernel increases the size of the feature
model by a factor of more than 3*. With dozens of kernels, and conventional
static and runtime variability on top, this leads to complex variability models
and infeasibly large configuration spaces for performance modelling — and we are
not even considering shared data between kernels (i.e., feature dependencies) yet.

HBM-RAM
CXL-RAM

Fig. 1. Feature model excerpt for the runtime variability of a single compute kernel.
Output sub-tree (same as Input) and cross-tree constraints left out for brevity.

At the same time, all variability and performance models used in this context
should not just be accurate, but also interpretable: they should allow engineers to
understand how their hardware behaves and why a specific task or data object
should be placed on a specific compute or memory node. Furthermore, if the
models are to be used at runtime, they must also be fast: deciding where to
place a task or data object should not take more than a few microseconds, and
especially not longer than the latency improvement that can be gained from such
a model-guided placement decision. Otherwise, it would be a net loss.

Altogether, while existing variability and performance modelling techniques
offer many useful building blocks for this endeavour, they are not capable of solv-
ing it on their own. We now outline how the SMAUG project intends to achieve
model-guided optimized use of complex compute and memory hierarchies.



4 Birte Friesel, Marcel Liitke Dreimann, and Olaf Spinczyk

3 Goals

The key idea is to disentangle runtime application behaviour from raw system
performance, and use operating system or hardware-level API functions as in-
terface between the two. Application behaviour (e.g., function calls and function
call arguments) depends on configuration and runtime variability, but is inde-
pendent of the underlying hardware. Meanwhile, raw system performance (i.e.,
the latency and throughput of hardware / system API functions) is independent
of which application (or kernel) is using these functions.

Hence, SMAUG’s variability and performance modelling approach consists of
two layers: a platform model that only describes the raw hardware capabilities
of the system, and application models that describe application-specific run-
time behaviour and interaction with hardware components. The platform model
is further subdivided into component models that describe variability and per-
formance attributes of individual hardware components, and a system topology
model that takes care of links between those. See Fig. 2 for an overview.

Application Models Application-specific

‘APP A‘ ‘APP B‘ ‘APP C‘ ‘APP D‘ e performance attributes

1 API Functions J /

Platform Model
System Topology

Model
_— I T
Component Model Component Model Component Model
(DDR RAM) (High-Bandwidth Memory) (Near-Memory Computing)

Fig. 2. Variability models used within the SMAUG project: component models exclu-
sively deal with hardware performance, whereas application models exclusively deal
with runtime behaviour. They are subject to different sources of variability.

As one of the ideas behind SMAUG is to apply methods from variability and
performance modelling research to the systems domain in order to improve re-
source management decisions within operating systems, we devised our approach
so that is compatible with prior work in compute and data placement research,
including associated tooling [29].

Ultimately, we want to use these models to train machine learning-based
placement predictors. Given a feature vector  that provides information about
application configuration and runtime behaviour (e.g., data object size and type
of memory access pattern) as well as system status (e.g., current utilization
of each available compute and memory unit), their output (prediction) should
indicate where a given task should be scheduled or where a given data object
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should be placed. However, we must first devise the underlying models, including
fully-automated benchmarking and learning algorithms.

3.1 Platform Model

Component models rely on a conventional variability and performance modelling
approach. We build a variability model for each component and API function,
combine it with benchmark applications and/or code generation for data ac-
quisition, and then train latency and throughput prediction models. In order
to maintain interpretability, we build upon regression model trees, which have
already been used for both software and hardware product line analyses [14,15].

For instance, the memcpy function can transfer data between different mem-
ory nodes, i.e., different system components such as DDR RAM and HBM. Its
variability (feature vector x) consists of data size, number of concurrent data
transfer threads, source and destination memory type (DDR RAM, HBM, ...),
and the distance between transfer threads and input/output memory node (i.e.,
locality / system topology). For execution of tasks on GPU or near-memory
computing devices, we also consider functions for device management: alloca-
tion, de-allocation, and application upload.

We also model the raw read and write performance for each compute and
memory placement combination. Here, aspects such as the access pattern are an
additional source of variability: linear and certain strided read patterns benefit
from caching and prefetching, whereas random accesses expose the raw latency
of the underlying memory technology and interconnect.

The topology model defines links between different compute and memory
components [10]. For instance, CPU tasks can directly access data in HBM,
DDR, or CXL RAM, but not data on a GPU; tasks scheduled on a GPU face
the inverse challenge. Placement algorithms must account for this, initiate a data
transfer to a directly reachable memory if necessary, and consider the system and
runtime configuration-dependent latency penalty of doing so.

3.2 Application Models

Application models must predict how applications will interact with the available
hardware components. Here, we assign each application with a feature vector @
that we use to predict its runtime behaviour, and then predict the latency of the
resulting API function calls and primitive memory operations.

An application-specific feature vector includes compile- and runtime appli-
cation configuration (i.e., conventional product line features). However, it also
covers workload-specific features, such as the size and type of input data, and
how the application interacts with it — e.g., whether it utilizes a linear, strided,
or random access pattern. Still, engineers should not have to provide manual
access pattern annotations and the likes. Instead, we intend to devise these au-
tomatically, using a combination of static analysis and application profiling [30].

In order to predict feature-dependent application behaviour, including dif-
ferent paths through callsites, we can build upon labelled transition systems and
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their feature guards that link features with runtime behaviour [3,4]. In addition
to those, we must annotate each function call and hardware access primitive with
a fully-featured performance model for latency prediction. We intend to achieve
this by linking each of them with the corresponding component model.

3.3 Runtime Usage

SMAUG models are meant to be compatible with both offline and online com-
pute and data placement applications. In the former case, algorithms can com-
bine application and platform models to predict the latency of application com-
ponents for any valid compute/data placement, and choose a suitable one. For
the latter, this is not feasible: runtime placement decisions must be made within
a few microseconds, and selecting a suitable placement by predicting the latency
of all placements and choosing the best one would be far too slow.

So far, researchers have typically used hand-crafted heuristics [2,5,26,27]|. By
contrast, we envision a paradigm shift towards fully model-guided placement de-
cisions. Specifically, we want to use our models to train predictors that directly
decide on the placement of individual tasks and data objects. So, given an in-
put vector x that describes both system status / capabilities and application
configuration, workload, and characteristics, a predictor should indicate where
each task and data object should be placed. We intend to utilize platform and
application model-based simulations in order to provide training data for the
placement predictor (see Fig. 3), thus achieving manageable learning times.

Platform Learning Placement Placement
Model Algorithm Predictor Decision
Application Application System Application
Model Model Status Characteristics

Fig. 3. SMAUG approach for efficient runtime usage of performance models by em-
bedding them into a system management / task and data placement predictor.

While similar approaches have already been considered in the past [7], re-
search thus far has focused on which task to schedule next, and not where to
place it. We now move on to our variability and performance modelling insights.

4 Insights

At the time of writing, we have already completed the majority of work on plat-
form models, and are currently refining the application model concept. Runtime
usage of these models is still in an early stage, and thus not covered here.



SMAUG 7
4.1 Platform Models

So far, we have built, analyzed, and applied component models for DDR RAM,
HBM, RAM with near-memory computing (NMC) capabilities, and CXL mem-
ory extensions. We have also linked those by means of a topology model, and
used them within a scheduling simulator for heterogeneous hardware [29].

Near-Memory Computing Here, we examined UPMEM PIM, which was the
only (briefly) commercially available implementation of near-memory computing
at the time of writing. It builds upon 8 GiB DDR4 memory modules, each of
which consists of two 4 GiB ranks and provides a total of 128 DRAM Processing
Units (DPUs). Each DPU has exclusive access to a 64 MiB segment of RAM;
there is no shared memory or inter-DPU communication.

This setup can speed up application kernels by up to three orders of magni-
tude thanks to its massive parallelism [20]: a fully-equipped system with 160 GiB
of NMC RAM provides 2,560 DPUs, all of which can work in parallel. However,
these findings neglect a significant source of variability (and, thus, latency) by
assuming that all input data is already present in NMC RAM. In practice, data
in NMC RAM cannot be seamlessly accessed from main memory, and instead
has to be moved (and converted) between DDR RAM and NMC RAM [11].

So, in order to decide whether NMC execution is beneficial, variability mod-
els, performance models, and placement algorithms must also consider whether
data has already been transferred to NMC RAM, how many consecutive op-
erations will be performed on a certain data set, its size, and the number of
available NMC ranks (i.e., DPUs). This is further complicated by the fact that
NMC resource allocation itself is also not trivial: simply allocating all available
NMC ranks may be slower than only using a limited amount.

COUNT Query — NMC vs. 4 CPU Threads
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Fig. 4. The minimum amount of consecutive SQL COUNT operations required for
an NMC-offloaded query to be faster than quad-core CPU execution, depending on
number of allocated NMC ranks and column size.
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For instance, we found that offloading an SQL COUNT query to NMC mem-
ory only pays off when at least two consecutive queries operate on the same data
set [13]. As Fig. 4 shows, the optimal amount of NMC ranks also depends on
column size, making proper performance models all the more important.

Note that we started our NMC analysis with a conventional variability and
performance modelling approach that did not yet disentangle application be-
haviour from hardware performance. While this worked [11,12], it did not scale
well to more complex applications, and the resulting models were not inter-
pretable. By combining behaviour models and platform models, we were able to
understand bottlenecks in NMC applications, and identify how updates of the
UPMEM SDK changed those [16,18].

NUMA-Aware Data Placement The Linux kernel assumes that, ideally,
a thread should only access local data objects. As such, for a thread that is
scheduled on NUMA node n, it attempts to allocate all data on NUMA node n,
and may even migrate threads or data objects from other NUMA nodes. With
this in mind, performance models for runtime attributes of software systems
typically do not consider NUMA as a source of variability: the kernel will do its
best to achieve optimal latency and throughput anyway.

Intuitively, this makes sense: as our models confirm, in isolation, accessing
remote NUMA nodes comes with both higher latency and lower bandwidth.
However, this does not hold for all access patterns. For instance, the performance
of DDR RAM suffers whenever applications frequently alternate between read
and write commands, as is the case in memory-bound workloads such as multi-
threaded vector addition. We found that this operation is, in fact, faster when
its input data is placed on a remote NUMA node and only output data is stored
locally [12]. This is relevant in practice, as the Linux kernel provides APIs that
allow applications to override its placement heuristics.

This finding underlines the importance of considering the underlying hard-
ware topology when building variability and performance models for software
product lines: compute and data placement is a source of variability, and should
be used as input to performance prediction models. It also shows that established
heuristics are not ideal in general.

High-Bandwidth Memory Our next target was high-bandwidth memory
(HBM), as provided by, e.g., certain Intel server CPUs and certain FPGAs.

Here, we found that, while it does indeed provide much higher bandwidth
than conventional DDR RAM, this comes at the cost of significantly higher ran-
dom access latency. Depending on application-specific memory access patterns,
this may slow down applications when data is placed on high-bandwidth mem-
ory. One such instance was a common matrix-vector multiplication kernel [12].

Again, this underlines the importance of proper variability modelling, and
helped refute an established heuristic. In this case, the prevalent assumption was
that HBM is always a better option than DDR RAM, and should be used, e.g.,
as a cache in front of it [5,6].
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4.2 Application Models

The goal of our application models is to predict configuration- and workload-
dependent runtime behaviour. To this end, we have taken inspiration from state
machine-based behaviour models that are already being used in the variabil-
ity modelling domain: labelled transition systems, weighted featured transition
systems, and featured weighted automata [3,4,8,31]. These annotate transitions
with configuration-dependent feature guards and constant annotations for, e.g.,
latency prediction. We extended them with support for numeric product line
features, arbitrary performance models, and the ability to deal with finite loops.

We first examined a straightforward approach, where a single, application-
and workload-specific feature vector « is used both within feature guards (i.e.,
to determine runtime behaviour) and as input to transition-specific performance
models (i.e., to determine application latency) [17]. While this worked well with
manually-designed behaviour models, it lacked a learning algorithm.

Following these findings and feedback from the product line engineering com-
munity, we split the variability model into two parts. Each application is asso-
ciated with a feature vector & that we use to predict its runtime behaviour
(i.e., API calls), and each callsite is associated with a separate feature vector
x’ that serves as input to its performance model. Now, the behaviour model
incorporates not just configuration-dependent feature guards, but also models
that predict the feature vectors @’ of each callsite from x [18].

At this point, we had successfully disentangled application behaviour from
hardware performance, and were able to use a single behaviour model and
application-independent platform models to understand and accurately predict
workload-dependent application latency even after hardware changes [18]. How-
ever, learning the behaviour model proved challenging. While FL* offers an adap-
tation of L* for automated learning of featured automata, we were unable to
apply it in this context, partially due to its limitation to boolean features [1,9].

N call_PTTWAC_soa_asta call_BS_marshal cudaMemcpyHostToDevice
@ main.cpp:206 @ main.cpp:215 @ main.cpp:219

17
cudaMemcpyDeviceToHost| |call_PTTWAC_soa_asta e cudaMemcpyHostToDevice
€1

@ main.cpp:239 @ main.cpp:225 @ main.cpp:220
) Q
(# = 128 A outer__cols < 128) (# = 128 A outer__cols > 128)
V(# = 256 A outer_cols <256) V...  v(# = 256 A outer_cols > 256) V...

V# € {1,...,127,129,...,255,257,...}

Fig. 5. Excerpt from a featured control flow graph (FCFG) for GPU-accelerated matrix
transposition. Feature guards determine how often call_PTTWAC_soa_asta is called.

Ultimately, we decided to take inspiration from control flow graphs, and move
function calls (and corresponding performance models) from transitions into
states. Fig. 5 shows an example for such a featured control flow graph (FCFG).



10 Birte Friesel, Marcel Liitke Dreimann, and Olaf Spinczyk

In addition to the feature vector x, feature guards may reference the special “#”
variable, which counts how often each transition has already been passed. This
allows us to deal with loops and predict their iteration counts.

Thanks to this change, we could devise a trace-based learning algorithm,
which we have already successfully applied to performance modelling for CPU
and NMC execution of database workloads [16], and are now extending to further
domains. The algorithm learns all parts of the model from these traces: state
machine structure, transition guards (including iteration counts), models for pre-
diction of API function arguments, and performance models to transform those
into function call latencies. We are currently revising and further improving the
learning algorithm, and seeking feedback on it (and on FCFGs in general) from
the software product line engineering and performance modelling communities.

5 Conclusion

We have presented SMAUG (“System-Level Modelling and Optimized Use of Dis-
ruptive Memory Technologies”), a project within DFG’s (Deutsche Forschungs-
gemeinschaft / German Research Council) priority programme 2377 “Disruptive
Memory Technologies”. It has been funded from 2023 on, and will run until 2029.

SMAUG addresses the challenge that runtime performance attributes of soft-
ware product lines (and software in general) are subject to far more variability
than just compile-time configuration options and runtime command line flags,
especially on servers with multiple NUMA regions and heterogeneous compute
and memory technologies. Specifically, hardware topology and the placement
of individual application tasks and data objects have a significant influence on
the throughput and latency of software systems, and should be treated as ex-
plicit sources of variability if accurate performance prediction is desired. While
established heuristics often help, they can also be detrimental.

The SMAUG project splits runtime performance models into configuration-
dependent, hardware-independent behaviour models and placement-dependent,
software-independent platform models. The former focus on software, the latter
on hardware. In doing so, it disentangles two sources of variability, and shrinks
the configuration space of both models. Its behaviour models build upon featured
transition systems, and have already explored several ways of extending their
feature guards and performance annotations, dealing with loops, and learning
them from application traces.

Although the project itself is rooted within the systems community, its goals
overlap with two research domains, and it aims to combine approaches from both:
product line engineering and variability modelling on one hand, and performance
modelling on the other. SMAUG is currently in the second of its two three-year
funding periods, and we expect many more interesting results to come from
this cross-disciplinary approach towards improving application performance on
servers with heterogeneous, disruptive memory technologies.

Acknowledgments. This work has been funded by the Deutsche Forschungsgemein-
schaft (DFG, German Research Foundation) — 502565817.
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