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ABSTRACT
Nowadays, DRAM subsystem configuration includes a large number
of parameters, resulting in an extensive design space. Setting these
parameters is a challenging step in system design as the parameter-
workload interactions are complex. Since design space exploration
by exhaustive simulation is infeasible due to limited computing
resources and development time, semi-automatic configuration
involving both manual as well as simulation-based decisions is
state-of-the-art. However, it requires a lot of expertise in the DRAM
domain as well as application knowledge, and there is no guarantee
for a good performance of the resulting subsystem. In this paper,
we present a new framework that fully automatizes the DRAM
subsystem configuration for a given parameter space and set of tar-
get applications. It is based on irace, a software package originally
developed for automatic configuration of optimization algorithms.
We show that the framework finds nearly-optimal configurations,
while only a fraction of all application-configuration combinations
has to be evaluated. In addition, all returned configurations per-
form better than a predefined standard configuration. Thus, our
framework enables designers to automatically determine a suitable
DRAM subsystem for their platform.

CCS CONCEPTS
• Hardware→ Software tools for EDA; Dynamic memory.
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1 INTRODUCTION 
The recent increase in memory-intensive applications (e.g., machine 
learning) has brought the DRAM subsystem more into the design fo-
cus [12]. To fulfill the high bandwidth and low latency requirements
of these applications, dedicated memory subsystems either have
to be newly designed or, more commonly, assembled from off-the-
shelf DRAM devices and memory controller IP. Both approaches
are challenging as they involve the specification of a large number
of parameters to create a configuration that meets all requirements.
As shown in Figure 1, this includes different channel organizations
like the number of ranks, device characteristics like the DRAM
standard or storage density, and controller characteristics like the
scheduling policy. Therefore, it is important to efficiently explore
the available design space in order to find an appropriate subsys-
tem configuration for a given set of applications. Virtual prototypes
have proven to be a useful aid in this context, since they allow to
compare different parameter settings in a short time and without
the need for real hardware, which is particularly helpful in early
design phases [25]. However, the number of possible configurations
grows exponentially with the number of parameters, so the point
at which exhaustive simulation becomes infeasible for determining
an optimal configuration is quickly reached. As an example, with
only two settings for each of the parameters shown in Figure 1, 
the number of possible configurations is already 215 = 32768. Com- 
bined with different example workloads, the required simulations
for an exhaustive search quickly ends up in the hundred thousands
or millions. For this reason the configuration process usually relies
at least partially on manual decisions taken by designers in order
to restrict the considered design space. The problem with manual
decisions is that nowadays the combined DRAM–workload behav-
ior is difficult to intuitively determine [9], so a lot of expertise in
the DRAM domain as well as application knowledge is required. 
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Especially when the DRAM subsystem is only purchased as one
component of a larger platform, designers often lack this expertise.
A fully automatic parameter configuration process would prove
helpful in these cases.

In the field of optimization there exists a related problem called
Algorithm Configuration Problem (ACP) [8]: given a parameterized
algorithm, find the setting of its input parameters to optimize its per-
formance for a set of possible problem instances to be solved while
meeting several constraints [3, 16]. Since manual parameter tuning
has the already mentioned disadvantages, it is increasingly replaced
by so-called automatic algorithm configuration. This approach is
divided into two phases. In a primary tuning phase a configuration
is automatically chosen based on a training set representative for
the particular problem to be solved by the parameterized algorithm,
and in a secondary production phase the chosen configuration is
applied to unseen instances of the same problem. Manual influence
is completely eliminated in the search process. The open-source
software package irace [16] implements iterated racing procedures,
which have proved particularly successful in automatic algorithm
configuration [15, 20, 23]. The main advantage of irace over an
exhaustive search is that the minimum number of required config-
uration evaluations only depends logarithmically on the number
of parameters, which allows to handle large parameter spaces as
well. In this paper, we show that the DRAM subsystem config-
uration problem can be mapped to an instance of the ACP. This
enables us to use irace for a completely automatic DRAM subsystem
configuration, given a parameter space and a set of target applica-
tions. To evaluate different parameter configurations on training
instances, we couple irace with the open-source DRAM simulator
DRAMSys [26]. This simulator supports a very large DRAM con-
figuration space, offers a high modelling accuracy, and achieves
high simulation speeds. We demonstrate the efficiency of our new
approach by an exemplary application.

In summary, the paper makes the following new contributions:
• We present a framework for automatic DRAM subsystem
configuration that couples the irace package with DRAMSys.

• We use the framework to search an appropriate memory con-
troller configuration for a given set of application instances.

• We show that already a small subset of training instances
representative for the target applications is sufficient to find
nearly-optimal configurations.

• We show that even with the smallest possible evaluation
budget all configurations found by our framework perform
better than a typical standard configuration.

The remaining paper is structured as follows. Section 2 discusses
related work. Section 3 introduces relevant background informa-
tion. In Section 4 the developed framework is presented. After an
explanation of the experimental setup in Section 5 the correspond-
ing results are shown in Section 6. Section 7 concludes the paper
and provides an outlook on future work.

2 RELATEDWORK
DRAM design space exploration is a very challenging topic and an
active research field. The authors of [27] have reviewed 3D-stacked
DRAMs with respect to performance, energy and area efficiency to
find the optimal device architecture for various DRAM technology

nodes. [7] explores 3D-stacked memories, but the focus is on dif-
ferent in-memory accelerator implementations and their trade-offs
with respect to area and power; similar research is conducted in [24]
with respect to frequency and cache sizes of the accelerators. [9]
presents an experimental study of the interaction between different
DRAM types and workloads. From the experiments, several key
observations are drawn, which can aid designers to choose the right
DRAM standard for their platform. [21] focuses on the memory con-
troller’s address mapping and proposes a methodology to find an
optimal mapping for a single fixed memory access pattern, which
maximizes energy efficiency as well as sustainable bandwidth. Since
the number of possible mappings is too large to try out all of them,
the problem is solved efficiently with a branch and bound algo-
rithm. [10] introduces a selection and configuration methodology
for DRAM system-level parameters in real-time mobile systems. In
the work, three different low-power DRAM standards are analyzed
considering worst-case bandwidth requirements and power con-
sumption requirements. The methodology defines distinct steps,
which are executed manually to find the final configuration. The
authors of [2] have examined hybrid main memory solutions for
high-capacity and low-power Pareto optimization targets. All of the
presented works only consider a small subset of the DRAM design
space (e.g., DRAM standard or address mapping) and, thus, allow
for exhaustive simulations or manual analysis of results. In [1] auto-
matic design generation techniques are used to find Pareto-optimal
hardware implementations of DRAM-optimized FFT algorithms.
However, in this case the DRAM parameters are fixed and only the
remaining hardware is generated automatically. There exist some
automatic design space exploration approaches for processors and
complete systems. [14] proposes a methodology to automatically
tune processor design parameters to application-specific require-
ments. SystemCoDesigner [11] automatically generates hardware
accelerators from behavioral SystemC models and performs an
automatic design space exploration, in which the accelerators are
assembled to an overall system. Both [18] and [22] focus on system-
level design space exploration, but perform this step on a much
higher abstraction level.

3 BACKGROUND
In this section, we give an overview of the DRAM design space and
present an informal discussion of the ACP, iterated racing and irace.
For a more formal and complete treatment, please refer to [4, 16].

3.1 DRAM Design Space
As indicated in the introduction, the DRAM design space comprises
a very large number of configuration parameters. It can be split
up into the organization part, which specifies the composition of
the DRAM subsystem from channels, devices and ranks, the de-
vice characteristics like DRAM standard or storage density, and the
controller configuration, e.g., scheduling policy or refresh mode.
An overview of the most common DRAM subsystem parameters is
provided in Figure 1. Each one of these parameters influences the
behavior of the DRAM subsystem and, thus, the performance of an
application that is accessing the memory. The goal of design space
exploration is to tailor the DRAM subsystem to specific platform
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Figure 1: Overview of DRAM Parameter Configuration Space

and application requirements and find a nearly-optimal parame-
ter configuration with respect to a target metric, e.g., application
runtime, bandwidth utilization or power consumption. The design
space exploration can also be divided into multiple consecutive
phases, where each phase only considers a subset of the available
parameters. Early phases focus more on the organization part, while
in later phases the selected hardware is configured appropriately.
DRAMSys [26] is an open-source DRAM subsystem simulator that
supports a very large number of different configuration parameters
from the space shown in Figure 1 and achieves both a high result
accuracy as well as high simulation speeds, making it ideal for
design space exploration.

3.2 The Algorithm Configuration Problem
Let 𝐴 be a configurable algorithm with parameters 𝑝1, 𝑝2, . . . , 𝑝𝑛 .
Each parameter 𝑝𝑖 can take different values from a given domain. An
assignment of values to each parameter 𝑝𝑖 is called a configuration,
and is denoted by 𝜃 . The set of all possible configurations of 𝐴 is
denoted byΘ and is called the parameter or configuration space of𝐴.
The purpose of an algorithm is to solve a problem, and a problem is
usually represented by an instance. Let 𝐼 be a finite set of instances
for algorithm 𝐴, and 𝑐 : 𝐼 × Θ → R be a performance function
that, given an instance 𝑖 ∈ 𝐼 and a configuration 𝜃 ∈ Θ, returns the
performance of algorithm 𝐴 parameterized by 𝜃 on instance 𝑖 . We
call an optimization scenario (or just scenario, when it is clear by
the context) the tuple (𝐴,Θ, 𝑐, 𝐼 ), where 𝐴 is our algorithm, Θ is its
configuration space, 𝑐 is the performance function and 𝐼 is a set of
instances.

Given an optimization scenario 𝑆 = (𝐴,Θ, 𝑐, 𝐼 ), the Algorithm
Configuration Problem (ACP) can be stated as: find a configuration
𝜃∗ ∈ Θ such that

𝜃∗ = argmin
𝜃 ∈Θ

𝐹 (𝜃 ) (1)

where 𝐹 is a function that measures the aggregated performance of
any configuration 𝜃 ∈ Θ on the set of instances 𝐼 . As an example, 𝐹
could measure the worst performance obtained by a configuration,
i.e., 𝐹 (𝜃 ) =𝑚𝑎𝑥 {𝑐 (𝑖, 𝜃 ), 𝑖 ∈ 𝐼 }, or the average performance, that is,
𝐹 (𝜃 ) = (1/|𝐼 |)∑

𝑖∈𝐼 𝑐 (𝑖, 𝜃 ).

3.3 Iterated Racing and irace
At first glance, it might seem that the ACP could be solved by
running all configurations on all instances and then selecting the

optimal one. In practice, however, this is usually infeasible due to the
size of the parameter space and the time taken to run the algorithm.
This motivates the use of search procedures that explore only some
parts of the parameter space. Although these procedures are usually
not guaranteed to find the optimal configuration, they tend to
yield configurations that are much closer to the optimum than a
randomly selected one. In this context, iterated racing [3, 16] is a
method to tackle the ACP. Iterated racing can be viewed as a three-
step process: (1) sampling new configurations from a sampling
distribution, (2) selecting a set of configurations by racing [5], and
(3) biasing the sampling distribution towards the best configurations
found in step (2). The precise form of the sampling process, the
racing procedure, and the biasing of the sampling distribution are
not specified and depend on the implementation. The irace package
is an implementation of iterated racing and will be used in this work.
In the next paragraphs, we give more details about how racing and
the sampling process are implemented in irace. For a complete
description of the functionality, please refer to [16].

Let us start by describing the general racing process. Suppose
we have a set 𝐶 = {𝜃1, 𝜃2, . . . , 𝜃𝑛} of candidate configurations and
let 𝐼 be the set of instances. At each step of the race, we execute
all candidate configurations 𝐶 , possibly in parallel, over a single
instance 𝑖 ∈ 𝐼 . After a predetermined number of iterations, we
apply a statistical test (e.g., Friedman test [6]) to check if any con-
figuration in the race performed statistically worse than any other
configuration on the instances seen so far. If that is the case, then
the configuration is eliminated from the race. The race continues
until the number of surviving configurations is less than or equal
to a predetermined constant, the instance set is exhausted, or the
maximum number of algorithm evaluations is exceeded.

After each race, we have a set of surviving configurations. We
call these configurations elite configurations and denote them by
Θelite. To generate a new configuration, an elite configuration is
first selected by sampling a discrete probability distribution that
assigns higher probabilities to better-ranked elites (according to
the previous race). In irace, each parameter of a configuration has
an associated probability distribution, hence the sampling of a new
configuration occurs in a parameter-wise manner. If the parameter
is numerical, the associated distribution is a normal distribution
centered at the parameter value and with a standard deviation that
decreases at each iteration to increase the bias towards similar
configurations. If the parameter is categorical, its associated distri-
bution is a discrete distribution that is also updated at each iteration
to increase the bias.

The procedures described in the last two paragraphs form the
core of the irace implementation of iterated racing and are repeated
until a predetermined number of calls of the target algorithm is
reached. This number is referred to as budget and is denoted by 𝐵.

4 AUTOMATIC DRAM SUBSYSTEM
CONFIGURATION

As explained in Section 3.1, the goal of DRAM design space explo-
ration is to find a subsystem configuration that optimizes a target
metric for a specific set of applications. From the definitions given
in Section 3.2, we see that this task can be mapped to an instance
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Figure 2: Overview of the Optimization Process

of the ACP. DRAMSys can be viewed as a parameterizable algo-
rithm, where configurations represent different design choices (e.g.,
number of channels, scheduling algorithm, etc.). Instances are repre-
sented by target applications that should be executed on the target
platform. They can be provided to DRAMSys by coupling the simu-
lator with a core model and running the applications on it or in the
form of prerecorded memory access traces. Given a configuration
and an application, one of the many statistics provided by DRAM-
Sys at the end of a simulation can be used as a performance function
(e.g., energy consumption, average response latency, simulation
time, etc.). Lastly, the aggregated performance function 𝐹 depends
on what we are optimizing for. As an example, if 𝑐 (𝑖, 𝜃 ) returns
the energy consumption and the goal is to minimize the average
energy consumption, 𝐹 (𝜃 ) could be equal to (1/|𝐼 |)∑𝑖∈𝐼 𝑐 (𝑖, 𝜃 ).

To apply this approach, we built a framework that couples irace
with DRAMSys. The framework allows the specification of a pa-
rameter space, a set of training instances and a tool setup, which
are then provided to irace. Every time irace needs to know the
performance of a configuration 𝜃 on an instance 𝑖 , a call is made
to an interface that is responsible for running DRAMSys parame-
terized by 𝜃 on instance 𝑖 . This interface also collects the statistics
that DRAMSys outputs and then returns the appropriate value, i.e.,
𝑐 (𝑖, 𝜃 ), to irace. When the specified budget is exhausted, the best
configuration found is returned. An overview of this workflow is
shown in Figure 2.

5 EXPERIMENTAL SETUP
To enable a comparison of results returned by irace to the optimal
configuration, we set up a scenario with a parameter space small
enough to be exhaustively searched. This also allows us in a first
step to rank each possible configuration according to the aggre-
gated performance function. In a second step, the scenario is then
fed into our optimization framework. To assess the robustness of
our method, we execute irace under several distinct conditions (e.g.,
different budgets and different seeds). Before a DRAM subsystem
can be optimized, the input parameters for our framework need to
be defined. This includes the instance set 𝐼 over which the optimiza-
tion will take place (target applications), the parameter space of our
DRAM subsystem, the performance function 𝑐 (𝑖, 𝜃 ) as well as the
aggregated performance function 𝐹 (𝜃 ), and the additional setup
parameters for irace. Besides that, we also define a typical standard
configuration that will be used as a baseline for our results.

5.1 Instance Set
In this work, we consider 𝐼 to be a set of 119 prerecorded dense
memory access traces representing computations of commonly
used image manipulations [13, 21]. We manually selected a subset
of instances 𝐼train composed of 26 instances (≈ 22% of |𝐼 |) that
represent the universe of 119 instances well. This subset is given to
irace during the optimization process.

The complete set of instances 𝐼 is as described below:
• 2D rotation: a total of 49 instances corresponding to 90°
rotation of 2D images with multiple image resolutions and
bit depths

• 3D rotation: 30 instances of 3D image rotation with multiple
image resolutions and bit depths

• 2D filter: a total of 40 instances of convolution operations
over 2D images with multiple image resolutions, kernel sizes
and bit depths

5.2 DRAM Subsystem Configuration Space
We consider the optimization of the memory controller configu-
ration of an HBM2 subsystem. It is inspired by the Xilinx Virtex
UltraScale+ HBM2 subsystem [19], but reduced to a single channel
to achieve a higher bandwidth utilization. The considered parame-
ters and their possible options are listed below:

• Page policy: open, open adaptive, closed, closed adaptive
• Refresh policy: all bank, per bank
• Address mapping: pseudo channel–row–bank group–bank–
column and the same one with an interleaved bank group
bit

• Scheduler: FIFO, FIFO within banks, FR-FCFS, FR-FCFS with
write watermark

In total, this set of parameters allows for 64 different configurations.
Thus, it is small enough to exhaustively search for the optimal one
considering the 119 DRAM traces introduced in Section 5.1.

5.3 Performance Functions
For our demonstration scenario, the selected performance function
is the total simulation time (not to be confused with the wall-clock
time), i.e., given an instance 𝑖 and a configuration 𝜃 , 𝑐 (𝑖, 𝜃 ) will
return the time taken to process all memory requests in 𝑖 when
the DRAM subsystem is parameterized by 𝜃 . Since our main goal
is to find a configuration that minimizes the total required time to
process a batch of related tasks, a natural choice for the aggregated
performance function is the sum of all performances across the
instance set, i.e., 𝐹 (𝜃 ) = ∑

𝑖∈𝐼 𝑐 (𝑖, 𝜃 ).

5.4 irace Setup
Concerning irace’s behavior, there are four main elements that need
to be considered. The first and most important one is the budget. We
define three budget values based on the 1664 algorithm executions
that would be required by a hypothetical exhaustive search executed
only on the set of training instances 𝐼train. This budget is called
𝐵exhaustive. 𝐵min is the minimum budget required by irace for the
parameter space defined in Section 5.2 (in our case 𝐵min = 180). We
consider three budget values: 𝐵min, 𝐵min + 0.15 · 𝐵exhaustive, and
𝐵min + 0.30 · 𝐵exhaustive.
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The second and third elements we have to consider deal with the
stochastic nature of irace. Given that the generation of new config-
urations is done by random sampling, we experiment with three
different seed values. Not only that, but the order in which instances
are presented to irace is also important, since different instances
may influence which configurations are discarded. To account for
that, we experiment with three different random orderings of the
instances in 𝐼train.

Finally, the last element is the statistical test that will be used
during the race. The irace package offers more than one option
for the statistical test, and the option that best fits our goal is the
Student’s t-test [17], which uses the mean performance over the
seen instances to compare two configurations. Any other hyperpa-
rameter not described here was set to the default value. In summary,
the complete evaluation of all the combinations of the four elements
described above required 27 executions of irace.

5.5 Standard Configuration
Table 1 shows the configuration we chose as our baseline. It is sim-
ilar to the default configuration described in [19] and optimized for
sequential memory accesses, which predominate in the examined
applications. In general, our approach is not limited to this applica-
tion type, but more randommemory accesses offer less optimization
potential.

Table 1: Standard Configuration

Parameter Value
Page Policy Open Adaptive

Refresh Policy All Bank
Address Mapping Interleaved

Scheduler FR-FCFS

6 RESULTS
All experiments were performed on an Intel Xeon Silver 4210R
CPU (10C/20T) and 32GB of DDR4 memory. The exhaustive search
evaluates a total of 7616 combinations of instance and configuration,
i.e., 64 possible configurations evaluated over the 119 instances.
Evaluations were distributed across all 20 threads, with a total
search wall-clock time of 10 hours and 38 minutes, which is in
average 5.0 seconds per single evaluation. We also allowed irace to
use all 20 threads in parallel.

Table 2: Average irace Wall-Clock Execution Times

Budget Mean Std. Dev. Mean
ESWT

Mean
Budget

180 50min 22min 8% 16.7 s
430 81min 30min 13 % 11.3 s
680 100min 38min 16 % 8.8 s

Table 2 shows the average execution times and the corresponding
standard deviations of the irace executions per budget, as well as
their proportions to the exhaustive search wall-clock time (ESWT)
and the average execution time per single evaluation.We see that, as
one would expect, irace uses only a fraction of the ESWT. However,

180 430 680

Budget

9.0
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9.6

9.8

F
(θ

)
(i

n
s)
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Figure 3: irace Best Found Configurations Statistics

Table 3: Average Value of 𝐹 (𝜃 ) for each irace Trial

Budget Mean Std. Dev. Mean - OPT
OPT

Mean - BL
BL

180 8.96 s 0.13 s 1 % -9 %
430 8.97 s 0.13 s 1 % -8 %
680 8.93 s 0.11 s 1 % -9 %

when the execution times are set in relation to the number of
evaluations, irace requires much more time for a single evaluation
than the exhaustive search, especially for smaller budgets. The
reason for this behavior is that the degree of parallelism achieved
by irace is limited by the number of sampled configurations and
the application of the statistical test. Hence, unlike the exhaustive
search, irace cannot make use of all 20 threads during the entire
search. It should be noted that with a larger configuration space
irace would outperform an exhaustive search more significantly
in terms of execution time because it could achieve a better CPU
utilization, and the minimum required budget 𝐵min as well as the
minimum number of iterations only depend logarithmically on the
number of parameters.

As stated in Section 5, our goal is to find a DRAM subsystem
configuration that minimizes the total simulation time taken to
process a sequence of image manipulation tasks. Using the informa-
tion gathered by the exhaustive search, we computed 𝐹 (𝜃 ) for each
possible configuration 𝜃 (remember that in Section 5.3 we defined
𝐹 (𝜃 ) to be equal to

∑
𝑖∈𝐼 𝑐 (𝑖, 𝜃 ), the sum of the simulation times

obtained across all 119 instances). We can use this information to
find out which of the 64 possible configurations is the optimal one
for our metric and how the configurations found by irace compare
with the universe of all possible configurations.

Figure 3 shows the distribution of the value obtained for 𝐹 (𝜃 )
by the best configuration found in each irace trial. The green line
marks the value of 𝐹 (𝜃 ) obtained by the baseline configuration (BL)
introduced in the last section and the red line marks the best value
(OPT) of 𝐹 (𝜃 ) obtained by any of the 64 possible configurations.
From the figure, we see that all the configurations found by irace
perform better than our baseline, even when the budget is set to
the minimum required value. It is also worth mentioning that in 7
of the 29 irace trials the optimal configuration was found.
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Table 3 shows the average value of 𝐹 (𝜃 ) obtained by each irace
trial grouped by budget, the corresponding standard deviations and
the deviations from the optimal configuration as well as the baseline.
In our example scenario, the improvement for higher budget values
is only marginal (the medium budget performs even worse than the
smaller one), and in all three cases, we are on average just 1 % away
from the optimality. In principle, however, higher budget values
decrease the variance across all runs with different combinations
of seed value and instance ordering, achieving good results more
consistently. By looking at the fifth column, we can see that, on
average, we achieve an 8% to 9 % improvement over the baseline.

To assess how the space of best configurations found by irace
relates to the complete configuration space of all 64 configurations,
we present Figure 4. In this plot, each point corresponds to one
configuration. The x-axis represents the aggregated performance
function 𝐹 (𝜃 ) corresponding to the sum of total simulation times,
while the y-axis is only used to distribute the configurations. Con-
figurations that were the best-found configuration in one or more
of the 27 irace trials are painted in blue (several irace trials found
the same configuration, hence the number of blue dots is less than
27). The baseline configuration is painted in green. As we can see,
the baseline configuration is in the cluster of configurations that
are close to the optimal one, which means that it already is a top
performer. Nevertheless, as we have already seen in Figure 3, all
of the configurations found by irace still outperform the baseline,
which shows the robustness of our method.

7 CONCLUSION
In this work we showed that automatic algorithm configuration
techniques can be applied in DRAM design space exploration to
find an appropriate subsystem configuration for a given set of appli-
cations. For this purpose, we developed a framework that couples
irace with DRAMSys and used this framework to automatically
explore the parameter space of an exemplary HBM2 memory sub-
system. Using the framework we were able to automatically find
nearly-optimal results while only a small number of all possible
application-configuration combinations had to be evaluated. In
the future, we will extend our framework to the compute side to
automatically configure complete systems.
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