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Abstract: Deep neural networks (DNNs) are widely used in various artificial intelligence applications
and platforms, such as sensors in internet of things (IoT) devices, speech and image recognition in
mobile systems, and web searching in data centers. While DNNs achieve remarkable prediction accu-
racy, they introduce major computational and memory bandwidth challenges due to the increasing
model complexity and the growing amount of data used for training and inference. These challenges
introduce major difficulties not only due to the constraints of system cost, performance, and energy
consumption, but also due to limitations in currently available memory bandwidth. The recent
advances in semiconductor technologies have further intensified the gap between computational
hardware performance and memory systems bandwidth. Consequently, memory systems are, today,
a major performance bottleneck for DNN applications. In this paper, we present DRAMA, a deep
neural network memory simulator. DRAMA extends the SCALE-Sim simulator for DNN inference on
systolic arrays with a detailed, accurate, and extensive modeling and simulation environment of the
memory system. DRAMA can simulate in detail the hierarchical main memory components—such as
memory channels, modules, ranks, and banks—and related timing parameters. In addition, DRAMA
can explore tradeoffs for memory system performance and identify bottlenecks for different DNNs
and memory architectures. We demonstrate DRAMA’s capabilities through a set of experimental
simulations based on several use cases.

Keywords: machine learning; deep neural networks; systolic array; memory hierarchy; DRAM
memory; performance simulation
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1. Introduction

The usage of deep neural networks (DNNs) is continuously growing in various appli-
cations, such as IoT, edge devices, mobile, and high-performance servers in cloud platforms
and data centers [1–3]. In recent years, DNNs have demonstrated phenomenal prediction
and classification capabilities in various applications, including image recognition [4],
natural language processing [5], lifelong learning frameworks [6], and recommendation
systems [7,8]. DNNs have also been emergingly used for solving complex scientific prob-
lems, such as strong-field Feynman’s formulation with preclassification scheme [9]. The
authors of [10] studied a denoising method based on DNNs for the vertical seismic pro-
file record received by distributed optical fiber acoustic sensing in seismic exploration.
Various methods based on one-dimensional convolutional neural networks and recurrent
neural networks for a haze concentration prediction have been studied by [11] and [12],
respectively. However, the remarkable accuracy of DNNs comes with a high computational
complexity and huge memory system throughput for both network training and inference.
These challenges have become major entry barriers for DNNs on various computational
platforms due to both the platforms’ limits in performance, cost, and energy and their
limited memory system bandwidth.
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In recent years, there has been significant growth in the use of dedicated accelera-
tors [13,14], such as systolic arrays (SAs) and graphics processing units (GPUs), which can
offer more efficient processing of DNNs than general purpose CPUs. An SA is a spatial
computing system that consists of a network of processing elements that rhythmically
perform computations and pass data through the system. A GPU is a single instruction
multiple data (SIMD) architecture. Similar to SAs, GPUs consist of arrays of processing ele-
ments that run the same operation simultaneously; however, GPUs have two fundamental
differences from SAs:

1. While GPU processing elements are programable and execute the same operation
simultaneously, SA processing elements can only execute a fixed operation (usually a
multiply-and-accumulate).

2. Unlike the SA, however, the processing elements in GPUs cannot pass data directly
but, rather, must exchange data via memory. This introduces a major benefit for the
SA, since it utilizes memory bandwidth more efficiently.

Both SAs and GPUs are highly dependent on the performance and throughput of
their memory systems. This has been further intensified in recent years with advances in
semiconductor technologies, which has led to an exponentially growing gap between the
speeds of computing elements and memory systems [15].

In this paper, we introduce DRAMA, a deep neural network memory simulator.
DRAMA extends the SCALE-Sim [16] simulator, which is commonly used to mimic DNN
inference on SAs, with a detailed, accurate, and extensive simulation environment of the
associated memory system. SCALE-Sim is a cycle-accurate functional simulator that can
process matrix multiplications and convolutions for various DNN architectures. SCALE-
Sim allows designers and architects to perform architectural and performance exploration
by simulating various DNNs with different SA configurations while considering various
system tradeoffs. While SCALE-Sim can accurately model memory accesses performed by
the SA to the local memory, it lacks accurate modeling of the main memory system. Due to
the growing impact of memory systems on DNN processing performance, it is essential to
model the complete memory system accurately. To overcome this issue, DRAMA offers an
extension to SCALE-Sim that can simulate the detailed building blocks of main memory,
such as memory channels, modules, ranks and banks, and related timing parameters.
In addition, DRAMA offers a broad range of configuration parameters that can help in
exploring various memory system configuration tradeoffs and identifying bottlenecks for
different DNN architectures. This is further demonstrated in Section 4, where we present
an architectural exploration for various ResNet-18 [17] memory systems using the DRAMA
simulation environment.

We summarize the contributions of this paper as follows:

1. We introduce DRAMA, a novel open-source simulation environment that can perform
detailed, accurate, and extensive simulation of SA memory systems.

2. DRAMA can run either as an extension to the SCALE-Sim simulator to model the
entire memory system accurately or as a standalone main memory simulator.

3. DRAMA offers a broad range of configuration parameters, which can help to perform
an accurate memory system exploration for DNNs and to understand the interplay
between key memory system parameters.

4. DRAMA generates an accurate main memory trace file that takes into account main
memory system configuration and related timing parameters.

5. We demonstrate the impact of memory system parameters on SA performance and
memory system throughput through an experimental analysis of several case studies.

The remainder of this paper is organized as follows: Section 2 provides related back-
ground and reviews previous work. Section 3 describes the DRAMA simulation environ-
ment architecture and flow of operation. Section 4 presents the experimental results. Finally,
Section 5 summarizes our conclusions.
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2. Background and Prior Works

We start our background discussion by providing an overview on systolic arrays and
their memory system. Next, we provide an overview of prior work and, in particular, the
SCALE-Sim environment that is extended by this study.

2.1. Systolic Arrays

Systolic arrays (SAs) belong to the group of spatial architectures that are commonly
used for DNN convolution or general matrix multiplication [1,18]. An SA (illustrated by
Figure 1) consists of a two-dimensional mesh array of tightly coupled processing elements
(PEs) that can forward data directly between PEs in the same row and column through
unidirectional connections. Each PE has an arithmetic logic unit (ALU)—which is typically
a multiply-and-accumulate functional unit—and a local storage element that is used to
store intermediate computations. Matrix multiplication performed by the SA multiplies the
input feature map matrix (INFMAP) by the filter weights and produces the output feature
map (OFMAP). The INFMAP and filter weights are read from the SA local memory and
the OFMAP is written to the local memory. One of the key advantages of SAs is their mesh
structure, which can save a significant number of memory accesses by taking advantage of
reusing forwarded data that have been processed by neighboring PEs.
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Figure 1. Schematic illustration of a systolic array (SA).

2.2. Memory System

The SA memory system is depicted in Figure 2 and includes three key elements: a local
memory, single or multiple memory controllers, and a main memory. The local memory,
which is located near the SA, is typically a small and fast memory. The SA continuously
accesses the local memory through the process of matrix multiplication. The local memory
stores three double buffers (also termed ping-pong buffers) for the IFMAP, OFMAP, and
filter weights [1,18]. The double buffers in the local memory allow the SA to execute the
matrix multiplication in parallel with fetching the next IFMAP and weights from main
memory and writing the previous OFMAP to main memory. All main memory access
requests are enqueued onto the memory controller job queue, which manages all read and
write access to the main memory [19]. The SA can employ multiple memory controllers,
where every controller is connected to a different memory channel. Multiple memory
channels can perform parallel memory access operations and, thereby, increase memory
bandwidth. Every memory channel consists of one or more dual in-line memory modules
(DIMMs). A DIMM consists of multiple memory chips that are soldered to the DIMM.
There are two DIMM configurations: a single-rank DIMM and a dual-rank DIMM. In a
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single-rank DIMM, the memories are soldered onto one side of the DIMM, while, in a dual-
rank DIMM, the memories are soldered onto both sides. Using a dual-rank configuration
increases the DIMM storage capacity by a factor of two.
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Figure 2. Memory system scheme of a systolic array.

The memory chips in DIMMs are dynamic random-access memories (DRAMs) [20],
which are slower than the local memory but have a significantly larger storage capacity.
As illustrated in Figure 3, every DRAM chip is organized into multiple memory banks.
A bank consists of a two-dimensional matrix of memory elements, and each element is
uniquely associated with an individual address. Memory elements within the same row
have consecutive memory addresses. The memory address provided by the SA for read
or write operations is partitioned into a row-select part and a column-select part. The
row-select activates access to a single row (also known as a page), while the column-select
accesses the particular memory element within the row. Consecutive memory accesses
within the same row in a bank can be performed quickly, since the row has been already
activated, and the individual memory elements can be directly accessed from the previously
read row. This mode of operation is termed fast page mode (FPM). When a new memory
access switches to a different row, the time required for the access will become longer, since
the new row needs to be activated.

Mathematics 2022, 10, 4144  5  of  21 
 

 

 

Figure 3. Schematic of a memory bank. 

One of the methods of enhancing main memory efficiency is to increase the number 

of memory banks, since larger numbers of banks will increase the likelihood of FPM ac‐

cess.  The  number  of  banks  and  pages  that  are  available  for  FPM  access  in  the main 

memory is given by Equation (1). 

Total number of banks = C  D  R  B  (1) 

where C is the number of memory channels, D is the number of DIMMs, R is the number 

of ranks, and B is the number of banks. 

The efficiency of the memory system is crucial to SA performance and throughput. It 

is necessary for the next IFMAP and weights to be ready in the local memory before the 

current matrix multiplication is completed. In addition, the previous OFMAP must also 

be written to main memory prior to the completion of the SA. If the memory system is a 

bottleneck, the SA will become stalled. 

2.3. SCALE‐Sim 

SCALE‐Sim [16] is a cycle‐accurate functional simulator that mimics SA accelerators 

for DNNs. It can simulate both matrix multiplication and the convolutions that are used 

by many DNN models. SCALE‐Sim allows designers to configure different SA architec‐

tures and validate their performance and throughput while considering various tradeoffs. 

It can also model the memory system in a limited level of a detail. The memory accesses 

run by SCALE‐Sim are limited to the local memory, where it simulates the double buffers 

of IFMAPs, OFMAPs, and weights. SCALE‐Sim generates cycle‐accurate read accesses to 

the local memory, which are required for continuous SA operation. In addition, it accu‐

rately models the write accesses that are the outputs of the SA to the OFMAP buffer in the 

local memory. It should be noted that SCALE‐Sim models the main memory using a single 

configuration parameter that represents the main memory average bandwidth. It does not 

model the main memory channels, DIMMs, ranks, banks, or the detailed timing parame‐

ters related to the main memory. In addition, SCALE‐Sim generates trace files, which con‐

sist of all memory accesses for IFMAPs, OFMAPs, and weights and can be used for offline 

processing and analysis of memory traffic. To guarantee continuous operation of the SA, 

SCALE‐Sim also uses the main memory traces to determine whether the prefetching of 

the data required for the SA operation (INFMAP and weights) and the writing of the pre‐

vious OFMAP have been completed prior to the next computation task. 

   

A DRAM
bank

A Memory Chip

R
o
w
 S
e
le
ct

Column Select

Data

Memory address Accessed row (page)

Figure 3. Schematic of a memory bank.



Mathematics 2022, 10, 4144 5 of 20

One of the methods of enhancing main memory efficiency is to increase the number of
memory banks, since larger numbers of banks will increase the likelihood of FPM access.
The number of banks and pages that are available for FPM access in the main memory is
given by Equation (1).

Total number of banks = C × D × R × B (1)

where C is the number of memory channels, D is the number of DIMMs, R is the number
of ranks, and B is the number of banks.

The efficiency of the memory system is crucial to SA performance and throughput. It
is necessary for the next IFMAP and weights to be ready in the local memory before the
current matrix multiplication is completed. In addition, the previous OFMAP must also
be written to main memory prior to the completion of the SA. If the memory system is a
bottleneck, the SA will become stalled.

2.3. SCALE-Sim

SCALE-Sim [16] is a cycle-accurate functional simulator that mimics SA accelerators
for DNNs. It can simulate both matrix multiplication and the convolutions that are used by
many DNN models. SCALE-Sim allows designers to configure different SA architectures
and validate their performance and throughput while considering various tradeoffs. It can
also model the memory system in a limited level of a detail. The memory accesses run
by SCALE-Sim are limited to the local memory, where it simulates the double buffers of
IFMAPs, OFMAPs, and weights. SCALE-Sim generates cycle-accurate read accesses to the
local memory, which are required for continuous SA operation. In addition, it accurately
models the write accesses that are the outputs of the SA to the OFMAP buffer in the local
memory. It should be noted that SCALE-Sim models the main memory using a single
configuration parameter that represents the main memory average bandwidth. It does not
model the main memory channels, DIMMs, ranks, banks, or the detailed timing parameters
related to the main memory. In addition, SCALE-Sim generates trace files, which consist
of all memory accesses for IFMAPs, OFMAPs, and weights and can be used for offline
processing and analysis of memory traffic. To guarantee continuous operation of the SA,
SCALE-Sim also uses the main memory traces to determine whether the prefetching of the
data required for the SA operation (INFMAP and weights) and the writing of the previous
OFMAP have been completed prior to the next computation task.

2.4. Prior Related Simulation Environments

Memory system simulation environments can be partitioned into three classes: statis-
tical, cycle-accurate, and RTL-based. Statistical simulators typically use a statistical model
for the memory system latency [21–23]. Such simulators offer the advantage of a high
simulation speed; however, they incur a lack of accuracy, which can vary significantly
between different use cases. The authors of [21] approached DRAM latency modeling into
a classification problem and used machine learning models for predicting the DRAM access
time. They used synthetic traces to train their machine learning model and validated their
results on several benchmarks. The authors of [23] suggested an abstract, cycle-approximate
transaction-level model of a DRAM memory controller for virtual prototyping. Their model
extracts the timing behavior from hardware description language simulation and creates a
conditional distribution function that is used by the transaction-level model.

Cycle-accurate simulators accurately model the memory system but at the cost of
longer execution time. In recent years, several cycle-accurate DRAM simulators have
been developed for general applications [24–30]. These simulators are tightly coupled
to the evolving DRAM JDEC standard, and some of them are also tightly coupled to
general-purpose single-core and multi-core CPU simulators [31–33]. DRAMSim2 is a
common DRAM simulator, which was introduced by [24]. DRAMSim2 is a cycle-accurate
DDR2/3 DRAM simulator that is aimed to provide an integration model for DRAM
memory model. The simulator can measure a single DRAM channel performance and
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also includes a verification tool to validate the results of simulation in conjunction with a
visualization tool. DRAMSim3 is a successor to DRAMSim2 and is capable of supporting
configurable DRAM parameters. The simulator employs system-level interfaces to interact
with a CPU simulator, such as gem5 [31] or a trace frontend. In addition, it can run
thermal and power modeling. Ramulator [26] is a cycle-accurate DRAM simulator that
supports various DRAM standards, such as DDR3 and DDR4. Ramulator can be run in
two different modes: as a standalone simulator or as an integrated framework with gem5.
The simulator is built as a hierarchy of state machines, where each state machine is defined
by the supported DRAM standard. DrSim [27] is a cycle-accurate DRAM simulator that is
similar to DRAMSim2. The simulator can also run as a standalone simulator or integrated
with gem5. DrSim can simulate controller policies and various DRAM organizations and
timing parameters. USIMM simulator was introduced by [28] and is mainly focused on the
memory accesses scheduling rather than DRAM subsystem architecture. Gem5 [31] is a full
CPU and memory system simulator, which includes cache hierarchy and DRAM memory
controller. DRAMSys 3.0 simulator was introduced by [29] and offered a design exploration
framework for different design parameters, such as power, errors, compliance, waveform
generation, and bus monitoring. DRAMsys 3.0 modeled a single memory controller and a
DRAM memory that complied with one of the supported standards (e.g., DDR3 or DDR4).
The authors of [22] extended DRAMSys using a lookup table to speed up simulation time
for dense memory traces. Their tool focused on DRAM latency estimation based on a neural
network. DRAMSys4.0 [30] is a revised version of DRAMSys3.0 that supports the latest
DRAM standards, such as DDR5. DRAMSys4.0 can operate as a standalone simulator with
trace players, a gem5-coupled simulator, and a TLM-AT-compliant library. The simulator is
also equipped with a trace analyzer for DRAM subsystem design space exploration. RTL-
based simulators [34] use hardware description languages (HDLs) to accurately simulate
DRAM controllers and memory system elements; however, they suffer from a lack of
scalability and require long simulation times. Table 1 summarizes all related works and
presents their simulation scope, memory system level modeling, DRAM technology, and
simulation method. The proposed DRAMA simulation environment offers the following
strengths with respect to the prior works:

1. DRAM can be integrated with SA simulators, such as SCALE-Sim.
2. While many of the existing simulators are tightly coupled to specific standards,

DRAMA allows flexible memory system configuration.
3. DRAMA supports multiple memory channels topology, while many of the prior work

simulation environments are limited to a single channel or a single DRAM.

Table 1. DRAMA configuration file setting parameters.

Simulation Environment Scope Memory System Level
of Modeling DRAM Technology Simulation Method

Statistical DRAM
simulator [21] DRAM access latency

Single channel, DIMMs,
ranks, banks,
timing parameters

Not specified
Statistical modeling using
machine learning models
trained by synthetic traces.

Statistical DRAM
simulator [23] DRAM access latency Memory controller Not specified

Statistical modeling based
on conditional
distribution function.

DRAMSim2 [24]

Performance
measurement, design
verification,
power measurement

Single channel, DIMMs,
ranks, banks,
timing parameters

DDR2 and DDR3

Standalone
transaction-based model.
Co-simulation
with ModelSim

USIMM [28]
Memory access
scheduling,
power modeling

Multiple channels with no
detailed modeling of
DRAM subsystem.

Not specified Standalone trace driven.
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Table 1. Cont.

Simulation Environment Scope Memory System Level
of Modeling DRAM Technology Simulation Method

Gem5 [31] Full system
performance simulation

A CPU Memory hierarchy
with DRAM controller

LPDDR3/4/5, DDR3/4,
GDDR5, HBM1/2/3,
HMC, WideIO1/2

Integrated CPU and
memory system event
driven simulator.
Co-simulation
with SystemC.

DRAMSys 3.0 [29]
DRAM compliance,
temperature, waveforms,
errors, bus monitor

Single channel DDR3, DDR4, LPDDR3,
WIDE I/O, HMC

Standalone SystemC
Transaction-Level
modeling (TLM)

DRAMSys 3.0+ [22] DRAM latency only Single channel Not specified

Standalone DRAM using
lookup tables and neural
network for
latency estimation.

DRAMsim3 [25] Power and
thermal simulations

Multiple channels,
DIMMs, ranks, banks,
timing parameters

DDR3/4, LPDDR3/4,
GDDR5, WIDIO, HBM1

Standalone DRAM with
system-level interfaces to
interact with a CPU
simulator or a
trace frontend.

Ramulator [26] Instruction per clock (IPC)
and DRAM throughput

Multiple channels,
DIMMs, ranks, banks,
timing parameters

DDR3/4, LPDDR3/4,
GDDR5/6, HBM1/2

Standalone simulator or
integrated with gem5.

DrSim [27] Instruction per clock (IPC)
and DRAM throughput

Multiple channels,
DIMMs, ranks, banks,
timing parameters

DDR2/3, LPDD2 Standalone simulator or
integrated with gem5.

DRAMSys4.0 [30] Trace analyzer, power and
thermal simulations

Multiple channels,
DIMMs, ranks, banks,
timing parameters

DDR3/4/5, LPDDR4/5,
WIDO I/O, GDDR5/6,
HBM1/2

Standalone with trace
players, gem5-coupled,
and transaction-level
modeling (TLM)

DRAMA
DRAM latency,
throughput, idle time,
SA performance

Multiple channels,
DIMMs, ranks, banks,
timing parameters

Explicitly designed to
support a wide variety of
standards with
different architectures

Standalone simulator,
integrated with
SCALE-Sim or
other simulators

3. DRAMA Simulation Environment Framework

In this study, we present DRAMA, a deep neural network memory hierarchy simulator.
DRAMA offers a plug-and-play extension to the SCALE-Sim simulator and can either be
simply integrated with other DNN simulators or run as a standalone simulator. DRAMA
offers a highly configurable simulation environment, which can be very useful for system
architects to explore different memory hierarchies, topologies, and related parameters and
tune overall SA and memory system performance. DRAMA is designed in python and is
provided as open-source code in GitHub (https://github.com/DRAMA-technion/DRAMA
(accessed on 5 November 2022)). We start by introducing DRAMA operation flow, describe
its architecture, and discuss the implementation details. Next, we present DRAMA’s
configuration settings and, finally, we describe the details of the simulator outputs.

3.1. DRAMA Architecture

Figures 4 and 5 illustrate DRAMA’s operation flow and block diagram, respectively,
in conjunction with SCALE-Sim. The block diagram and flow represent the software
implementation of DRAMA (the hardware representation of DRAMA is illustrated in
Figure 6). SCALE-Sim simulation consists of three main functions:

1. A simulation of the SA processing and generation of local memory access traces.
2. A simulation of the requests targeted to the local memory ping-pong buffers.
3. Generation of the trace to the main memory for prefetching the next INFMAPs and

filter weights and for writing the previous OFMAPs.

https://github.com/DRAMA-technion/DRAMA


Mathematics 2022, 10, 4144 8 of 20

Mathematics 2022, 10, 4144  8  of  21 
 

 

DRAMA 

DRAM latency, 

throughput, idle 

time, SA performance 

Multiple channels, 

DIMMs, ranks, banks, 

timing parameters 

Explicitly designed 

to support a wide 

variety of stand‐

ards with different 

architectures 

Standalone simulator, in‐

tegrated with SCALE‐Sim 

or other simulators 

3. DRAMA Simulation Environment Framework 

In this study, we present DRAMA, a deep neural network memory hierarchy simu‐

lator. DRAMA offers a plug‐and‐play extension to the SCALE‐Sim simulator and can ei‐

ther be simply integrated with other DNN simulators or run as a standalone simulator. 

DRAMA offers a highly configurable simulation environment, which can be very useful 

for system architects to explore different memory hierarchies, topologies, and related pa‐

rameters and tune overall SA and memory system performance. DRAMA is designed in 

python  and  is provided  as  open‐source  code  in GitHub  (https://github.com/DRAMA‐

technion/DRAMA (accessed on 5 November 2022)). We start by introducing DRAMA op‐

eration flow, describe its architecture, and discuss the implementation details. Next, we 

present DRAMA’s configuration settings and, finally, we describe the details of the simu‐

lator outputs. 

3.1. DRAMA Architecture 

Figures 4 and 5 illustrate DRAMA’s operation flow and block diagram, respectively, 

in conjunction with SCALE‐Sim. The block diagram and flow represent the software im‐

plementation of DRAMA (the hardware representation of DRAMA is illustrated in Figure 

6). SCALE‐Sim simulation consists of three main functions: 

1. A simulation of the SA processing and generation of local memory access traces. 

2. A simulation of the requests targeted to the local memory ping‐pong buffers. 

3. Generation of the trace to the main memory for prefetching the next INFMAPs and 

filter weights and for writing the previous OFMAPs. 

 

Figure 4. SCALE‐Sim and DRAMA operation flow. Figure 4. SCALE-Sim and DRAMA operation flow.

Mathematics 2022, 10, 4144  9  of  21 
 

 

 

Figure 5. DRAMA block diagram. 

 

Figure 6. DRAMA system architecture scheme. 

As illustrated in Figure 5, SCALE‐Sim reads the topology parameters of the neural 

network from the topology file [16]. The file specifies the number of layers and type, IN‐

FAMP dimensions, and filter dimensions. The configuration file, which will be described 

later, is used to specify the simulation parameters for both SCALE‐Sim and DRAMA. 

As part of DRAMA’s software architecture, we have designed a software interface 

such that all main memory access traces from SCALE‐Sim are channeled into DRAMA. 

This software  interface allows co‐simulation of DRAMA and SCALE‐Sim  to  take place 

simultaneously. DRAMA reads the main memory traces and generates main memory re‐

quests,  which  are  forwarded  to  the  detailed main memory  simulation  engines.  The 

IFMAP SRAM

IFMAP SRAM

FILTER SRAM

FILTER SRAM

OFMAP SRAM

OFMAP SRAM

Requests Arbiter

Channel Arbiter

ScaleSim

Software Tunnel DRAMA

Trace streams

DRAM 
Controllers

Scheduler

Figure 5. DRAMA block diagram.



Mathematics 2022, 10, 4144 9 of 20

Mathematics 2022, 10, 4144  9  of  21 
 

 

 

Figure 5. DRAMA block diagram. 

 

Figure 6. DRAMA system architecture scheme. 

As illustrated in Figure 5, SCALE‐Sim reads the topology parameters of the neural 

network from the topology file [16]. The file specifies the number of layers and type, IN‐

FAMP dimensions, and filter dimensions. The configuration file, which will be described 

later, is used to specify the simulation parameters for both SCALE‐Sim and DRAMA. 

As part of DRAMA’s software architecture, we have designed a software interface 

such that all main memory access traces from SCALE‐Sim are channeled into DRAMA. 

This software  interface allows co‐simulation of DRAMA and SCALE‐Sim  to  take place 

simultaneously. DRAMA reads the main memory traces and generates main memory re‐

quests,  which  are  forwarded  to  the  detailed main memory  simulation  engines.  The 

IFMAP SRAM

IFMAP SRAM

FILTER SRAM

FILTER SRAM

OFMAP SRAM

OFMAP SRAM

Requests Arbiter

Channel Arbiter

ScaleSim

Software Tunnel DRAMA

Trace streams

DRAM 
Controllers

Scheduler

Figure 6. DRAMA system architecture scheme.

As illustrated in Figure 5, SCALE-Sim reads the topology parameters of the neural
network from the topology file [16]. The file specifies the number of layers and type,
INFAMP dimensions, and filter dimensions. The configuration file, which will be described
later, is used to specify the simulation parameters for both SCALE-Sim and DRAMA.

As part of DRAMA’s software architecture, we have designed a software interface
such that all main memory access traces from SCALE-Sim are channeled into DRAMA.
This software interface allows co-simulation of DRAMA and SCALE-Sim to take place
simultaneously. DRAMA reads the main memory traces and generates main memory
requests, which are forwarded to the detailed main memory simulation engines. The
requests, which are initiated by different sources (INFMAPs, filter weights, and OFMAPs),
are arbitrated by the request arbiter and are enqueued to one of the main memory channel
queues. The mapping is performed such that every memory region (defined by start
address and end address) is mapped to an individual channel. Then, all accesses in the
queues are arbitrated by the channel arbiter. For every request that is scheduled for main
memory access, DRAMA performs the following actions:

1. It calculates the overall time required by the DRAM channel to serve the request.
2. It updates the simulator performance statistics counters.
3. It removes the request from the channel queue.

Once the request processing is complete, the main memory access details are written
to the trace file. This process is repeated for as long as there are access requests in the
channel queue. Once the requests in all queues have been processed, the simulator checks
whether additional traces have been generated. If there are new main memory access
traces, the process will be repeated, as illustrated in Figure 4; otherwise, the simulation will
be terminated and DRAMA will generate the simulation statistics. DRAMA simulation
outputs are described in detail in Section 3.3.

The main memory system hardware architecture that is simulated by DRAMA is illus-
trated in Figure 6. The system consists of a set of DRAM controllers, where each controller
is assigned to an individual DRAM channel. Each DRAM controller compromises:

1. An arbiter, which arbitrates the stream of memory requests destined for the DRAM
channel. The arbiter operates in a round-robin (RR) manner and adds the requests to
the request queue.

2. A request queue, which includes all pending requests. The queue is managed in a
first-in-first-out (FIFO) manner.
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3. A scheduler, which schedules the request in the head of queue to be served by the
DRAM channel as soon as it becomes available. The scheduler removes the served
request from the memory controller queue.

The DRAM channel topology can be viewed as a tree structure. Every channel consists
of multiple DIMMs of single or dual rank. All memory chips in a rank operate as a single
logical memory, which is partitioned into multiple banks. The number of channels, DIMMs,
ranks, and banks are specified in the configuration described in Section 3.2.

3.2. DRAMA Configuration Settings

The configuration file is parsed by the DRAMA simulator and is used to specify
the detailed architecture of the main memory system. The configuration file, which is
summarized in Table 2, specifies the number of DRAM channels and size, the number of
DIMMs per channel, the DIMM ranks, the number of banks, and the page size. In addition,
it defines the memory channel data bus width and the DRAM timing parameters. The
configuration also specifies the method of mapping memory addresses to DRAM channels.
The mapping can be conducted using either the least significant or most significant bits of
the address. In the former, consecutive memory addresses are mapped to different memory
channels. In the latter, the entire memory space is partitioned into multiple windows,
where each is associated with an individual memory channel.

Table 2. DRAMA configuration file parameters.

Configuration Parameters

NumerOfChannels The number of DRAM channels.

ChannelMapping
Defines the mapping of memory address to a DRAM channel. The
address mapping can be based on the least significant bits or the most
significant bits of the memory address.

NumerOfDIMMs The number of DIMMs per memory channel.
NumberOfRanks The number of DIMM ranks.
NumberOfBanks The number of banks.
BusSize Memory channel data bus width.
PageSize DRAM page size.
ChannelMemorySize The memory size of a channel.

AddressMapping The DRAM address mapping mode: row interleaving or cache
block interleaving.

CacheBlockSize The cache block size when AddressMapping is set to cache interleaving.
OpenPageAccessTime The access time (in clock cycles) to an open page (FPM).
ClosedPageAccessTime The access time (in clock cycles) to a closed page.

Finally, the configuration file specifies row, column, and bank mappings within a
channel using two common methods—row interleaving and cache line interleaving—
which are illustrated in Figure 7. In row interleaving, consecutive accesses are mapped
to consecutive banks, while cache line interleaving maps consecutive cache blocks to
consecutive memory banks [35].

3.3. DRAMA Outputs

The simulation performed by DRAMA produces two output files: a statistics summary
file and a trace file. The statistics summary file summarizes for every convolution or matrix
multiplication task the following performance-related statistics of every channel in the
memory system:

1. Channel memory bandwidth, measured in bytes per cycle.
2. Average number of clock cycles per memory request.
3. The percentage of time the SA was idle.
4. The total number of pages open in a DRAM channel.
5. Busy cycles—the number of cycles when the memory channel was busy.
6. Total number of requests.
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7. Total number of bytes read by the SA.

The trace file is a csv file where every line lists the addresses of the main memory
prefetch accesses and their accurate occurrence time. DRAMA’s trace file extends the traces
generated by SCALE-Sim by performing a detailed simulation of the main memory system.
In particular, the timing annotation in every line takes into account the overall memory
system configuration and related timing parameters.
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4. Experimental Results and Discussion

Our experimental analysis demonstrates the capabilities of the DRAMA simulation
environment for various computational workloads and use cases. The presented experi-
ments are mainly focused on the impact and contribution of the memory system and its
impact on overall SA performance.

4.1. Experimental Use Case

The use case for our experimental study is the ResNet-18 convolutional neural net-
work [17]. ResNet-18 is 18 layers deep and is commonly used for image classification tasks.
ResNet-18 can classify images into 1000 object categories. As part of the experimental use
case, we have chosen four different convolution layers from ResNet-18, which are presented
in Table 3. Each of the chosen layers has multiple repetitions in the network, so they fairly
represent the overall network workload.

Table 3. DRAMA configuration file setting parameters.

Configuration
Parameters

IFMAP
Dimensions

Filter
Dimensions

Number
of Channels

Number
of Filters Stride

Conv1 56 × 56 3 × 3 64 64 1
Conv2 28 × 28 3 × 3 128 128 1
Conv3 14 × 14 3 × 3 256 256 1
Conv4 7 × 7 3 × 3 512 512 1

Our experimental exploration examines three use cases—the DRAM bandwidth, the
number of memory channels, and the ratio of closed page to open page access latency—on
overall SA performance and memory system throughput. The results are presented and
discussed in Section 4.2.
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4.2. Case Studies Analysis

In the first use case, we examine the impact of DRAM bandwidth on a single-channel
memory system with eight DIMMs and eight banks in every DIMM. The channel mapping
is based on row interleaving, and the page size is 4096 bytes. The experiments examine
DRAM bandwidths of 2, 8, 16, and 32 bytes per SA clock cycle. The SA dimension used
in our simulations is 16 × 16, which runs output stationary dataflow. Figure 8 illustrates
simulation results for the four convolution layers in Table 3. The experimental results
measure the percentage of time the SA was stalled, the percentage of time the memory
system was idle, the SA relative performance (compared to an ideal SA with an ideal
memory system), and the memory system’s overall throughput. It can be seen that, as the
DRAM bandwidth increases, the percentage of time the SA is stalled decreases. This is due
to the fact that all main memory accesses are performed in batches, which are initiated by
the ping-pong buffers (in the local memory) of the IFMAPs, filter weights, and OFMAPs.
All main memory batches are constrained in time. A main memory batch can be started as
soon as buffers are switched by the ping-pong buffers and must be completed before the
SA starts the next batch when the ping-pong buffers are switched again. If main memory
batches cannot be handled in the needed deadline of the SA, the SA will be stalled. The
pipeline process of the SA and the main memory system is illustrated in Figure 9 and
provides a further insight to the relation between the main memory system bandwidth and
the SA throughput. When the main memory system throughput is increased, it is more
likely that the SA will have the needed data to start the next batch on time and avoid any
stalls. If the main memory system handles the batches before the SA deadline, it increases
the idleness of the memory system, as illustrated in Figure 9.

Figure 8a–d performance measurements show that the SA relative performance is
inversely correlated with the SA stalls: once the number of SA stall clock cycles drops to 0,
the SA relative performance reaches 100%. The results also indicate that, as we increase the
DRAM available bandwidth, the overall memory system throughput utilized by the SA
grows. This, however, may increase the percentage of time the memory system is idle (as
illustrated in Figure 9). In certain cases, we observe that, although the memory system is
idle for a certain amount of time, there are still stalls in the SA. This is because the DRAM
access takes longer whenever a new page is accessed and, as a result, the DRAM is idle till
the new data are accessed and delivered to the SA. Another cause for this phenomenon is
the fact that some of the main memory batch accesses miss the SA deadline and, as a result,
the SA will be stalled.

Another important observation that is obtained from Figure 8 indicates that different
convolution layers introduce diverse memory throughput requirements. For example,
for conv1, a DRAM bandwidth of 8 bytes per clock cycle is sufficient to eliminate the SA
from stalling, while conv2, conv3, and conv4 require 32 bytes per cycle to avoid SA stalls.
Figure 8 also presents the required bandwidth by every convolution layer to eliminate SA
stalls: conv1, conv2, conv3, and conv4 require approximately 3.8, 19, 11, and 3.5 Bytes
per clock cycle, respectively. This is explained by the fact that every coevolution layer
involves different main memory batch size. Our experimental measurements indicate that
conv1 batch size is 1.51 Mbytes, while conv2, conv3, and conv4 batch size is 7.25 Mbytes,
3.5 Mbytes, and 1.81 Mbytes, respectively. The reason conv1 batch size is significantly
smaller is due to the fact that it is able to better utilize the local SA memory and, thereby,
it requires a smaller amount of data to be fetched from main memory. It can be observed
in Table 3 that the number of channels increases by x2 as we move to deeper convolution
layers, while the filter size remains unchanged (3 × 3). The increasing number of channels
encourages more frequent swaps in the local memory ping-pong buffer and, as a result, a
large amount of data is needed to be prefetched from main memory. The required memory
throughput measurements found by our experimental analysis can be compared to similar
measurements reported in [16]. Although [16] used different DNNs, the most similar DNN
we can compare our DNN to is ResNet-50. The required memory throughput reported
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by [16] for ResNet-50 is in the range of 4–27 Bytes per clock cycle, which is similar to the
measurements in our simulations.
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Figure 9. Pipelining of SA and main memory system operation: (a) SA runs in full throughput with
no stalls and (b) SA runs with stalls due to the main memory system.

In the second use case, we examine the impact of the number of channels and the
channel mapping on the SA performance and memory system throughput. We run the
simulations with one, two, and four memory channels, where the two- and four-channel
cases have each been run using the two different channel mapping options—using either
the least significant bits (LSB) of the memory address or the most significant bits (MSB).
The memory system configuration assumes a DRAM bandwidth of 16 bytes per SA clock
cycle and a total of four DIMMs with eight banks per DIMM. The page size is 2048 bytes
and the address mapping is row interleaving.

Figure 10 summarizes the simulation results for all the convolution layers in Table 3.
It can be seen that, when increasing the number of channels, the overall main memory
system bandwidth is increased, the SA performance is improved, and the number of SA
stalls is reduced. In addition, it can be observed that LSB channel mapping achieves better
performance than MSB channel mapping for all convolution layers. A deeper insight into
the principles of channel mapping operation is illustrated in Figure 11. The LSB mapping
improves the main memory throughput at batch level. This improvement is achieved
due to the fact that consecutive memory accesses within a batch are mapped to different
memory channels. As a result, the effective throughput for a batch is increased by a factor
of the number of channels. On the other hand, MSB mapping is useful when batches are
mapped into different channels and, as a result, it reduces the likelihood of batch conflicts.
The insight into the mechanisms of channel mapping explains the experimental results
presented in Figure 10, where it is clearly observed that the four memory channels with
LSB mapping achieves the best performance in all convolution layers. The speedup in the
overall batch access time enables the SA to reach the maximum possible performance. The
most noticeable speedup in the SA performance is achieved in the conv1 and conv2 layers,
since, in this use case, they require the highest memory bandwidth in order to avoid SA
stalls (as illustrated in Figure 10). In this case, the four channels with LSB mapping gains
over 40% improvement in SA performance relative to a single memory channel. When the
number of channels increases, this not only helps improve the SA performance, but also
increases the overall memory system performance. The total number of bytes prefetched
from the system remains the same regardless of the number of channels; however, as
the number of channels increases, the overall memory access time becomes smaller and,
thereby, the throughput is improved significantly. The experimental results reported for this
use case correspond to prior studies in other applications, such as [36], where the authors
have analyzed the performance of different multithreaded benchmarks for multi-channel
DRAM. Their study has reached similar conclusions, indicating that consecutive memory
accesses benefit from the multi-channel DRAM rather than arbitrary random accesses.
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Figure 11. Principles of channel mapping methods: (a) LSB mapping and (b) MSB mapping.

In the last use case, we study the impact of the ratio of the access latency of a closed
DRAM page to the access time of an open page. Our experiments assume a single-channel
memory system with four DIMMs and four banks in every DIMM. The memory system
bandwidth is 16 bytes per SA clock cycle, the bank mapping is based on row interleaving
and the page size is 256 bytes.

Figure 12 summarizes the simulation results for all the convolution layers in Table 3.
It can be observed that, as the ratio of closed-page access time to open-page access time
increases, the main memory throughput decreases alongside an increase in SA stalls and
decrease in the percentage of time the memory system is idle. This is due to the fact that,
the longer it takes to access a closed page, the effective main memory throughput decreases,
i.e., the handling of batches takes longer and the likelihood of the main memory system to
meet the SA deadline decreases.
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5. Conclusions

DNN processing introduces not only major computational complexity, but also con-
tinuously growing memory throughput requirements. Memory systems have a crucial
impact on DNN processing performance and, thus, it is essential to accurately model
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them when exploring various DNN architectures and system configurations in simulation
environments. We summarize the merit of this paper as follows:

1. We introduced a DRAMA simulation environment that can accurately perform de-
tailed main memory system simulation of DNNs. DRAMA can accurately model
main memory channels, DIMMs, ranks, banks, and related timing parameters.

2. DRAMA can measure memory system throughput, SA throughput, idle time of both
SA and memory system, and memory system average access latency.

3. DRAMA is an open-source tool written in python and can be seamlessly integrated
into other simulation environments or operate as a standalone simulator. DRAMA
is designed in a modular manner offering a scalable and configurable simulation
platform. It can be extended or adjusted to comply with various memory systems
models, such as CPUs or GPUs, in order to examine the interplay between key memory
system parameters.

4. DRAMA can generate an accurate main memory trace file that can help system
debugging and performance tuning by presenting the sequence of memory system
events and their relation to the processing performed by the SA.

The presented framework has the following limitations, which may be further ad-
dressed by future works:

1. The DRAMA simulation environment does not currently support emerging memory
technologies, such as high bandwidth memories (HBM) [37], nonvolatile DIMMs [38],
and phase-change memory (PCM) [39].

2. The impact of the main memory system on the inference latency is out of the scope of
this study. Our main focus in this study is on the main memory throughput and its
impact on the SA throughput.

3. The modeling of the main memory system accesses through DNN training is beyond
the framework of this study. This limitation is due to the fact that SCALE-Sim can
simulate inference only.

We have demonstrated DRAMA’s capabilities on four representative convolution
layers from ResNet-18, where we examined the effects of DRAM bandwidth, the ratio of
the access latency of a closed DRAM page to the access time of an open page, number of
channels, and bank mapping on SA performance and memory system throughput. We
summarize our experimental conclusions as follows:

1. As the DRAM bandwidth increases, the percentage of time the SA is stalled decreases.
This finding is governed by the SA timing constraints that allow main memory batch
to be started as soon as the ping-pong buffers are switched and must be completed
before the SA starts the next batch. The increase in the main memory throughput
increases the likelihood that the memory system will meet the SA deadline.

2. Different convolution layers introduce diverse memory system requirements. When
a convolution layer is able to better utilize the local SA memory, it can employ a
significantly smaller main memory batch. In addition, when the increasing number of
channels encourages more frequent swaps in the local memory ping-pong buffer, a
large amount of data is needed to be prefetched from main memory.

3. LSB bank mapping improves the main memory throughput at batch level, while MSB
mapping is useful when batches are mapped into different channels, and, as a result,
it reduces the likelihood of batch conflicts.

4. As the ratio of closed-page access time to open-page access time increases, the main
memory throughput decreases. This is due to the fact that the longer it takes to
access a closed page, the likelihood of the main memory system to meet the SA
deadline decreases.

Our simulation results emphasize the importance of incorporating the memory system
into DNN performance simulations. This is essential for accurate modeling of the full
system and in order to explore tradeoffs for memory system performance and identify
bottlenecks for different DNNs and memory architectures.
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