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Abstract—The simulation of Dynamic Random Access Mem-
ories (DRAMs) in a system context requires highly accurate
models due to the complex timing and power behavior of
DRAMs. However, cycle accurate DRAM models often become
the bottleneck regarding the overall simulation time. Therefore,
fast but accurate DRAM simulation models are mandatory.
This paper proposes two new performance optimized DRAM
models that further accelerate the simulation speed with only a
negligible degradation in accuracy. The first model is an enhanced
Transaction Level Model (TLM), which uses a look-up table to
accelerate parts of the simulation that feature a high memory
access density for online scenarios. The second model is a neural
network based simulator for offline trace analysis. We show a
mathematical methodology to generate the inputs for the Look-
Up Table (LUT) and an optimized artificial training set for the
neural network. The enhanced TLM model is up to 5 times faster
compared to a state-of-the-art TLM DRAM simulator. The neural
network is able to speed up the simulation up to a factor of 10x,
while inferring on a GPU. Both solutions provide only a slight
decrease in accuracy of approximately 5%.

Index Terms—DRAM, Simulation Acceleration, Neural Net-
works

I. INTRODUCTION

Today’s applications are more and more data driven, which
puts the memories more into the focus. Therefore, Dynamic
Random Access Memories (DRAMs) are key components,
which have a large impact on the whole system’s timing and
power behavior. Thus, both fast and accurate DRAM simu-
lation models are needed to perform exhaustive and truthful
investigations. It is well known that there exists a challenging
trade-off between the simulation speed and accuracy. On the
one hand, there are cycle- and pin-accurate RTL models based
on a Discrete Event Simulation (DES). They provide the
highest temporal accuracy, but are inflexible with respect to
modifications and require very long simulation times since all
signals, processes and events have to be simulated.

On the other hand, many functional loosely-timed simula-
tors that are utilized for pre-silicon software development use a
simplistic DRAM model called Fixed Latency Model [1]. This
model is the fastest realizable DRAM model where all memory
requests experience the same constant amount of latency.
However, the properties of an access, like the addressed bank
and row, are not considered'. For design-space explorations

I'The fixed latency model of Figure 1 at least considers the additional latency
caused by refreshes
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Fig. 1. Speedups Normalized to RTL Model

or performance estimations, this approach is unrealistic since
the latency of a DRAM access varies between a dozen and
several hundred cycles [2].

In the literature, there are different ways to speed up the
DRAM simulations without losing accuracy. The standalone
trace-based, cycle- but not pin-accurate simulator DRAM-
Sim2 [4] is slightly faster than RTL models (c.f. Figure 1)
because it does not rely on a DES kernel and therefore avoids
the overhead of event sorting, delta cycles and signals. For
DES-based simulation models, the key for the transition from
slow RTL to fast system-level models is the reduction of
unnecessary simulation events. For example, an RTL simula-
tion can be accelerated by suppressing unnecessary events [6].
Similar to the idea of clock-gating in real circuits for power
saving, turning off the clock signal during an RTL simulation
saves a lot of simulation events, since clock signals have high
event generation rates. Thus, clock-gating can tremendously
speed up the simulation without decreasing the accuracy.

Another way to reduce the number of unnecessary simu-
lation events is to move up to a higher abstraction level by
using the idea of Transaction Level Modeling (TLM) [7]. The
authors of [8] present the SystemC/TLM2.0 compliant simula-
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tor DRAMSys, which features a customized TLM protocol for
modeling DRAM and its controller. This protocol only consists
of the minimal number of events that are required for full
accuracy. In their paper they made an important observation:
The speedup of the TLM model depends on the density of the

memory accesses
a

d= g ey
where « is the number of memory transactions and ¢ the length
of the simulation.

Figure 1 shows results of several simulations of random
traces with different densities performed on an Intel Core 19
with 5GHz. This graph compares the previously discussed
DRAM modeling techniques and one of the two models
presented later depending on the memory access density d.
The RTL model is the slowest model and is used as a baseline,
whereas the fixed latency model defines an upper bound for
the maximum achievable speedup. It can be observed that the
speedup of the fixed latency model decreases with increasing
memory access density, i.e., with an increasing number of
simulation events.

As depicted in the figure, if the trace density is low, the
TLM model achieves a high speedup compared to the RTL
model, since it can fast-forward during idle periods and thus
has to model much less events. For the same reason, the
performance speedup of the clock-gated RTL model can be
observed in the low-density region. On the other hand, if the
trace density is high, the TLM model’s performance converges
to the RTL implementation because only a small number
of unnecessary events can be skipped. Since clock-gating
introduces an additional overhead, the performance of the
clock-gated RTL model even becomes worse than the non-
clock-gated RTL model for high densities. In total, the TLM
model is always the superior solution with respect to both
speedup and accuracy.

As shown in the figure, the highest need for an acceleration
of DRAM models exists for memory traces that exhibit a high
density (> 1072). Therefore, the focus of this paper is to
further increase the speedup of the memory models especially
for this scenario. However, to the best of our knowledge,
further speedups without sacrificing accuracy are not possible.
This paper proposes two new performance optimized DRAM
models that further accelerate the simulation speed with only a
slight degradation in accuracy. The first model is an enhanced
TLM model which uses a Look-Up Table (LUT) to accelerate
simulation regions with high bandwidth usage for online
scenarios. The second is a neural network based simulator
for offline trace analysis. Since DES are dominated by con-
trol flow, they cannot profit from to heterogeneous hardware
architectures and accelerators like GPUs or TPUs [9], as they
are especially designed for the fast execution of data flow
applications. Neural networks are highly data flow driven.
Therefore, we will use a neural network that is trained on
the timing behavior of DRAM to convert the control flow of
the DES into data flow and thus to be able to use GPUs and
TPUs for a fast and highly parallel execution.
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In summary, this paper makes the following new contributions:

o We presented a detailed analysis of different DRAM
simulation approaches as a function of the memory access
density. Based on this we identified the potential of
further accelerations.

o We present a hybrid TLM-based simulator, shown in
Figure 3, which switches from the classical TLM imple-
mentation to a LUT, if the density during the simulation
increases, in order to speed up the simulation. If the
density decreases it switches back to the standard TLM
model.

o For the first time, we show how a trace based DRAM
simulation can be accelerated by a neural network, which
is inferred on a GPU, as shown in Figure 6.

« We present a mathematical methodology to efficiently
create the keys and values for a minimized LUT and an
optimized artificial training set for the neural network.

The paper is structured as follows: Section II discusses related
work, whereas Section III introduces the DRAM background.
In Section IV, two new accelerations of DRAM simulations
are presented. Section V shows the experimental results, and
Section VI concludes the paper.

II. RELATED WORK

In literature, several DRAM simulation models exist, among
them DRAMSim2 [4], Ramulator [10], DrSim [11] and
USIMM [12]. Each of them is focusing on different aspects
like, e.g., scheduling, subsystem architecture, etc., and each
has individual advantages and drawbacks. All of them are
cycle-accurate simulators that slow down event-driven full-
system simulations because every cycle has to be simulated.

There exist TLM-based DRAM simulators like DRAM-
Sys [3] that show an highly increased simulation speed
while providing the same accuracy of a cycle-accurate RTL
model by using a custom TLM protocol, called DRAM-AT.
gem5 [13], a full-system simulator, has integrated a realistic
DRAM controller model [14] which is very similar to the one
implemented in DRAMSys as it uses events similar to DRAM-
AT to trigger the simulation submodules and to execute the
active tasks. In contrast to the previous work, our approach
can achieve a further speedup of 5x to 10x (cf. Figures 1
and 10).

Further approaches for simulation and modeling of DRAM
devices exist. In [15] the authors propose an analytical DRAM
performance model that uses traces to predict the efficiency
of the DRAM sub-system. Todorov etal. [16] presented a
statistical approach for the construction of a cycle-approximate
TLM model of a DRAM controller based on a decision tree.
However, these approaches suffer from a significant loss in
accuracy.

III. DRAM BACKGROUND

In this paper, we focus on the estimation of the DRAM
latency, since many other features like bandwidth and power
consumption can be estimated from it. The latency of a DRAM
access is defined as the time difference between the transaction
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Fig. 2. Memory Controller’s Input Buffer with a Size of 8

to the memory controller and its corresponding response to
the initiator. The DRAM latency depends on the memory
controller, the DRAM protocol and the previously issued
DRAM commands. As can be seen in Figure 3, a DRAM
access needs to pass several functional units in the memory
controller, which is composed of a frontend and a backend.
The frontend performs arbitration and scheduling of incoming
read and write requests, whereas the task of the backend is
to translate these incoming requests to a sequence of DRAM
commands which have to be orchestrated with respect to the
current state of the device and given timing dependencies. To
access data in a row of a DRAM bank, an activate command
(ACT) must be issued by the controller before any column
access, i.e., read (RD) or write commands (WR), can be
executed. The ACT command opens an entire row of a bank,
which is transferred into the banks row buffer. It acts like a
small cache that stores the most recently accessed row of the
bank. The latency of a memory access to a bank largely varies
depending on the state of this row buffer. If a memory access
targets the same row as the currently cached row in the buffer
(called hit), it results in a low latency and low energy memory
access. Whereas, if a memory access targets a different row as
the current row in the buffer (called miss), it results in higher
latency and energy consumption. If a certain row in a bank is
active it must be precharged (PRE) before another row can be
activated. Furthermore, the switching between reads and writes
requires a turnaround time, which also increases the latency
of the memory access and following accesses. Additionally,
there exist a lot more timing dependencies between the DRAM
commands that also influence the latency.

IV. ACCELERATION OF DRAM SIMULATIONS

In this section we will present two new accelerations of
DRAM simulation that go beyond the state of the art (cf.
Figure 1). Figure 2 shows the DRAM controller’s input buffer
with a size of 8 elements (as the RTL model [5]), on which
the scheduling is performed. An incoming access [ is placed
into this buffer, and the scheduler decides which access from
By — By is executed next (F).

As shown in Figure 1, the speed of the TLM model is
decreasing and converges towards the cycle accurate imple-
mentations when the memory access density is increasing. For
densities > 10~2 this input buffer is always full and incoming
requests are refused by a back-pressure mechanism until the
currently executed DRAM access is completed. Therefore, in
this scenario, there are always eight accesses buffered and
one currently executed. Since the behavior of the memory
controller is deterministic, the latency time of a new access
I only depends on the 9 previous accesses and itself.
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In the following we make two assumptions: (1) for the
usage of the LUT (cf Section IV-A) and the usage of the
neural network (cf. Section IV-B) the input buffer is always
full since there exists the highest potential for acceleration, (2)
for the sake of reducing complexity, we focus on the modeling
of a single DRAM bank. The modeling of multiple banks is
considered as future work.

A. Acceleration with a Look-Up Table (LUT)

The purpose of the LUT is to further remove events and
calculations from the simulation by using previously computed
latency values. As mentioned before, if the input buffer is full,
the newest DRAM request’s latency depends only on itself and
the previous requests in that buffer. Thus, the latency scenario
can be described by A = [+ B+ E = 10 consecutive DRAM
accesses. The LUT stores all possible scenarios of memory
requests in the input buffer as its keys and the resulting
latencies as values. In Figure 3, we show a hybrid simulation
model, which consists of the normal DRAMSys and the LUT.
When the buffer of the memory controller is full, the TLM
model can switch from the complex latency calculation, which
is performed in the channel controller, to this look-up table in
order to speed up the simulation. If the density of memory
accesses decreases, it switches back to the standard TLM
model.

Although a LUT is a straightforward approach, there are two
challenges: We first need to find suitable keys to reflect the last
A DRAM accesses, and second an efficient method to create
the corresponding latency values. The naive way to generate
a key is to take the DRAM address and the corresponding
command (RD/WR) of each access which results for a 32 bit
system in 33 bits per access. Since ten accesses determine the
latency, a key size of 330 bits is needed which would result
in a LUT with 2330 ~ 2,187 - 10?9 entries. It is impossible to
store those values in a memory.

An analysis of the memory accesses showed that their
resulting access latency is determined by two main features,
namely whether the command is a read (R) or write (W)
command, and whether it results in a row hit (H) or row
miss (M). Thus, a single access can be described by one
of the following symbols RH, RM, WH, WM. A simple
preprocessing, as shown in Figure 3, is needed in order to
extract those features from incoming requests.
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Fig. 4. DRAM Latency Histogram of De Bruijn Sequence

Each symbol can be represented as a two bit value which
decreases the number of bits for each access from 33 to 2.
Therefore, only 20 bits are required as key size, given that
A = 10. The number of all possible combinations of the input
buffer C' can be calculated using Equation 2, where P is the
number of features.

C = (29" @)

For P = 2and A = 10 this leads to (22)"” = 410 = 1,048 576
possible combinations. The latency values are stored in a 32
bit unsigned integer array as picoseconds, since all values are
ranging from 0 ps to 500,000 ps. Therefore, the memory size
of the LUT is 4MiB which is in the range of the cache
size in state-of-the-art desktop CPUs. Thus, the CPU will
store frequently used parts of the LUT inside its cache which
enables faster simulation speed.

In order to obtain the latency values for the LUT, we
have performed simulations using DRAMSys for all possible
combinations. Creating a simulation trace by concatenating all
combinations would result in a trace containing 10,485,760 ac-
cesses. Alternatively, 1,048,576 simulations of 10 accesses are
needed. Both ways create a significant amount of simulation
execution time.

To reduce the time needed to simulate all combinations, a
series of memory accesses is needed which has the minimum
length but still contains all combinations. The following defi-
nition formalizes this problem [17], [18].

Definition 1 (De Bruijn Sequence). Let 3 be any alphabet of
size |X| = 0 and 0 # n € N a natural number. A de Bruijn
Sequence, also known as P,(c)-cycle, is a cyclic sequence
of length o", that contains every possible length-n string of
elements of X exactly once.

Note that by requiring that every possible length-n string is
contained exactly once, a de Bruijn sequence is the minimum-
length sequence with the requested properties.
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As an example, let ¥ = {0, 1} be the binary alphabet with
o = |X| =2 and n = 3. A possible de Bruijn sequence is
given by P5(2) = 00010111. It can be verified that all possible
length-3 strings with elements from X, that is, every element
from {000, 001,010,011, 100,101,110, 111}, are contained in
the cyclic sequence. Figure 5 shows the corresponding de

Fig. 5. De Bruijn Graph

Bruijn graph. Every de Bruijn sequence corresponds to a
Hamiltonian cycle (i.e., a cycle that visits every node exactly
once) inside this graph. In [17], the author proved that P, (o)-
cycles exist for all possible values of n and o and gave
a construction algorithm for them. The problem of finding
a minimum-length simulation trace containing all possible
combinations of the required features can now be solved
using these de Bruijn sequences. To obtain all combinations
of the two required features (R/W and H/M) in memory
accesses of length 10, a Pjo(4)-cycle is constructed. This
cyclic sequence has to be ‘flattened’ (i.e., by adding the
first 9 digits to the end of the sequence), so the final trace
length is 4'° + 9 = 1,048,585. By construction, this is the
minimum-length simulation trace with the required features.
In comparison to the naive approach of concatenating all 4'°
possible combinations of length-10 access traces, the final
trace length is reduced by a factor of 10x using the de Bruijn
sequences. After simulating the generated trace containing all
combinations using DRAMSys, 180 different latency values
appeared resulting in a distribution as it can be seen in
Figure 4. These latency values are stored in the LUT with
their corresponding keys.

B. Acceleration with a Neural Network

Since the LUT in Section IV-A maps 1,048,576 keys to
only 180 latency values, it is feasible to achieve a compressed
approximation using a neural network. Since neural networks
are data flow driven, they enable a fast execution on GPUs. Our
neural network based approach, called DRAMnn, therefore
focuses on the acceleration of offline trace analysis on GPUs.

As shown in Figure 6 the neural network is trained offline
with the data generated by the de Bruijn sequence. However,
the latency distribution of the de Bruijn sequence, as shown
in Figure 4, does not reflect the distribution of realistic traces.
If a neural network is trained using this trace, it focuses
on latencies with high occurrence. Common cases like long
sequences of read or write hit accesses are located in the
tails of the distribution and are therefore not well represented.
This leads to a high deviation in these cases resulting in an
overall bad approximation. Thus, an equalization of all latency

367



Offline Online
wm S De Bruijn Trainig Data AN
— Trace
—
—
I Preprocessing | I Preprocessing |
1
e
00”’ -
DRAMSyYys

SystemC/TLM Model Training of NN Inference on GPU

|
il

Key Metrics:
- Latency

- Bandwidth
- Power

Corei9: 5GHz

Result
Key Metrics:
- Latency

- Bandwidth
- Power

Database

Fig. 6. Setup of NN Based Simulator

AU

Fig. 7. Balancing of Training Data

occurrences needs to be performed as shown in Figure 7. This
is done by duplicating access patterns of latencies such that
an inverse distribution is formed. This inverse distribution is
added to the original de Bruijn distribution in order to receive
a training set which is uniformly distributed.

The inference of the neural network consists of two stages.
The first stage, executed on CPU, reads the trace from a file
and applies a preprocessing, similar to the LUT implementa-
tion, to extract the R/W feature and the H/M feature. Since
the computational effort for getting both features is low, the
computation time is neglectable compared to the time needed
for reading the file. In the second stage the preprocessed data is
transferred to the working memory of the GPU and inference
is started. The used neural network topology is shown in
Figure 8. It is a deep neural network (DNN) with four hidden
layers and two sigmoid (o) activation functions forming a
funnel which ends in a regression layer.

In the next section, we will show the behavior of the two
presented approaches with respect to accuracy and speedup.

V. EXPERIMENTAL RESULTS

In Figure 1, the speedup of the hybrid DRAMSys with LUT
is shown depending on the access density of the input trace.
The LUT is able to accelerate DRAMSys by a factor of 5x for
traces with high density and therefore the speedup converges
towards the fixed latency model closing the big performance
gap for dense traces.

Even if the traces have a low density in average, there
often exist local areas of high density, where the LUT can
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achieve a speedup. However, this hybrid DRAMSys is not
100% accurate. It induces errors by switching from the LUT
back to event-based simulation and vice versa. The simulator
state is not updated during the usage of the LUT and therefore
outdated.

For the quantification of the errors, the Mean Absolute
Percentage Error (MAPE) is used. It is a measure of accu-
racy which expresses the deviation of a sequence A from a
sequence B as a percentage, where A is the original sequence
and B is the predicted sequence. It is defined by the following

formula:
100% &

2
[C——
Three benchmarks (JPEG Decoding, Linear Filter, FFT + 3D
Rotation) are used to show the practical applicability of both
acceleration approaches. As shown in Table I, the hybrid
DRAMSys is able to accelerate the simulation by a factor
of 4.2x to 5.5x exhibiting an MAPE error smaller than 1%.

The speedup of DRAMnn compared to DRAMSys is shown
in Figure 10. For randomly generated dense traces with over
two million accesses, DRAMnn is able to speed up the
simulation by factors of 10x using a GPU and 4x on a CPU.
For the benchmarks in Table I, speedups from 5x to 9x can be
achieved with GPU acceleration. In Figure 9, the latencies of
DRAMnn are compared with DRAMSys. The induced error of
the neural network inference is well distributed over all latency
values. It shows that the network is able to approximate a
DRAM in any way without producing large latency gaps. The
error induced by the neural network is below 6.5%.

At_Bt

MAPE =
Ay

3

TABLE 1
SPEEDUP AND ERRORS COMPARED TO TLM
[ DRAMnn (GPU) | LUT |
| Benchmark | #Accesses | MAPE | Speedup | MAPE | Speedup |
JPEG 3.103 5.11% 5% 0.21% 4.2x
FFT + 3D Rot | 1.5-10% | 6.49% 7X 0.0% 4.6x
Filter 2.4-10° 1.02% 9x 0.91% 5.5%

VI. CONCLUSION

DRAM becomes more and more important in various fields
as today’s applications have an increased demand of mem-
ory. This fact makes fast and accurate DRAM simulation
mandatory for truthful system investigations. In this paper we
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showed that there exists a performance gap between fast and
accurate DRAM simulations. To tackle this gap, we presented
two new performance optimized DRAM models. First, we
extended the state-of-the-art DRAM simulator DRAMSys by
a LUT increasing the performance for dense traces with only a
slight impact on the quality. Second, we generated a data flow
model for offline DRAM latency estimation on GPUs based
on a neural network. Furthermore, we showed a mathematical
method for the generation of an artificial trace which includes
all access patterns required for both the LUT and training of
the neural network. In the future, we will extend our work to
also support sparse traces and we will enable the support of
multiple banks as well as power and bandwidth predictions.
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