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Abstract—The advent of new SSDs with ultra-low latency makes the validation of

their firmware critical in the development process. However, existing SSD

simulators do not sufficiently achieve high accuracy in their performance

estimations for their firmware. In this paper, we present an accurate and data-

driven performance model that builds a cross-platform relationship between the

simulator and target platform. We directly execute the firmware on both platforms,

collect its related performance profiles, and construct a performance model that

infers the firmware’s performance on the target platform using performance events

from the simulation. We explore both a linear regression model and a deep neural

network model, and our cross-validation shows that our model achieves a percent

error of 3.1%, significantly lower than 18.9% from a state-of-the-art simulator.

Index Terms—Cross-platform, performance prediction, solid state drives,

simulation

Ç

1 INTRODUCTION

IN the past, accessing the storage media (such as the NAND flash in
SSD) has been the traditional bottleneck in storage I/O. However,
with the emergence of microsecond-scale storage technology such
as 3D XPoint [1] and ultra-low latency flash [2], the performance of
the in-device firmware such as the flash translation layer (FTL) in
SSDs plays a significant role in I/O processing [3], [4]. Fig. 1 illus-
trates that the time spent on the FTL increases significantly, from
9% to 42% on average, as the underlying NAND hardware shifts
from conventional to ultra-low latency Z-NAND [2], [5]. Further-
more, even for the existing NAND flash, it is widely known that
garbage collection, the space reclamation task performed by the
FTL, is the source of long-tail latencies in SSD [6], [7]. Therefore,
the FTL must be carefully designed and validated so that it does
not become the bottleneck in processing I/O.

The design of an SSD is simulated before prototyping and pro-
duction because it comprises both hardware and firmware compo-
nents in an embedded environment. In general, the main purpose
of a simulator is to simulate the behavior of the target device on a
host machine. By testing and verifying an SSD design with a simu-
lator, the development time and cost can be significantly reduced.
Furthermore, a simulator enables repeated testing of SSDs without
flash memory wear-out issues. For a prototype-based validation,
the NAND flash wears out in the process of testing, making it diffi-
cult to reproduce the same results across runs. To faithfully fulfill

the above objectives, the simulators should be able to accurately
model critical components of the target device. This includes the
NAND flash subsystem, firmware (i.e., FTL), and the execution
environment (i.e., embedded CPU).

Unfortunately, most existing simulation infrastructures focus
on the NAND subsystem behavior only, neither modeling nor con-
sidering the SSD’s internal firmware and the embedded CPU: the
time it takes for the FTL to execute is simply assumed to be instan-
taneous [8], [9], [10], [11], [12], [13], or the FTL’s performance is
that of host CPU where the simulation runs [14], [15]. Only
Amber [16] models the FTL performance by statically analyzing
the firmware instructions. However, it does not capture the run-
time dynamics of the FTL and exhibits a significantly high percent
error of 18.9% on average. Table 1 summarizes the behavioral
description and the model accuracy of these prior works.

Motivated by the need for a highly accurate model for the FTL,
we propose a learned prediction of FTL performance during SSD
simulation by directly executing the FTL and calibrating its perfor-
mance through a trained data-driven model. In particular, our
model is trained with a sufficiently large set of performance results
from both the host CPU for the simulation and the target CPU for
the prototype platform. During direct execution, we capture the
hardware performance events related to the performance of FTL
and reflect its dynamics on the target device. We explore both a
simple linear regression and a deep neural network (DNN) with
hyperparameter search to find the most concise and accurate pre-
diction model. Our evaluation shows that a linear regression model
achieves an average percent error of 9.7% and our DNN model, a
significantly lower percentage of 3.1%.

Our model provides a more convenient test environment for
SSDs with improved accuracy, alleviating dependence on the tar-
get prototype board. In particular, our model reduces the required
amount of execution of workloads on the target prototype board
that has limited endurance. This allows the simulator to faithfully
produce accurate results on a diverse set of workloads while cir-
cumventing the issues of limited hardware availability and wear
out. In addition, we also enhance the speed for tests with long-run-
ning workloads without executing them on the target, as the execu-
tion environment on a host is generally faster than that of the
device target platform. As such, our model makes it easy to rapidly
develop a complex hardware-software design such as an SSD. To
the best of our knowledge, this is the first work that applies a data-
driven approach to the SSD performance prediction.

2 RELATED WORK

Learned prediction with data-driven approach is widely used in
performance and power modeling to reflect the performance of an
application on a target platform. In particular, LACross [19] and
P4 [20] use deep neural networks for cross-platform performance
prediction by profiling the performance events. These works cap-
ture the non-linear differences between two systems (the host and
the target), and predict the performance and power of a target sys-
tem with limited availability using data from the host system.
Meanwhile, Ithemal [21] targets to predict it from instructions with
an LSTM. They have high accuracy in predicting the performance
for general applications on a target platform.

Inspired by these approaches, we apply a data-driven method-
ology to predict the SSD performance on the target platform with
that on the host.

3 LEARNED PERFORMANCE MODEL FOR SSD

Our approach for high accuracy in modeling SSD’s performance
bridges the gap between the simulator and the target device by
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directly executing the FTL on the host system and inferring its perfor-
mance on the target device. More specifically, we collect the perfor-
mance events from the host and the I/O processing time from both
the host and the target while running the FTL. The performance event
vectors (collected by perf [22]) and the processing time from the host
are the input to the model, and the processing time on the target is the
output from themodel. This predictionmodel is trained offline with a
sufficiently large number of workloads (as described in Section 4), and
this model predicts the FTL performance on the target platform online
when simulating the SSD on the host. We use both a linear regression
model and a neural network to predict the SSD performance via hard-
ware performance counters.

Dataset Collection. We measure the performance and profile its
related event vectors while running a basic multi-threaded FTL:
details for this FTL and event vectors are described in Section 4.
We sequentially group consecutive 1000 I/O requests to represent
a single data record so that the events and performance capture a
steady state. We collect the dataset with a sufficient workloads that
consist of 55 million requests in total, and the number of records
for each workload is demonstrated in Table 4.

Linear Model. After this data collection process, we build a linear
model that performs a simple linear regression to predict the I/O
processing time. We validate this model with the ”k-fold cross-vali-
dation” and determine the prediction accuracy. This validation
process adopts a leave-one-out strategy, by training the model with
the data from k-1 workloads and then testing the model with the
data from the remaining workload. We have the dataset from 15
workloads described in Table 4, so k becomes 15 for our case. We
test all 15 models trained without the data from each workload.

Neural Network. We build a neural network model with the
same dataset, but we additionally perform an exhaustive hyper-
parameter search to find the model parameters that yield the

highest accuracy. Table 2 shows the configuration space we
explored in this step. We empirically choose the values for them to
find configurations that achieve high accuracy. We empirically test
these parameters and validate each model with the cross-valida-
tion aforementioned. For each case of hyperparameter, we com-
pute the average percentage error from 15 error values calculated
by 15 tests. We perform this procedure for all cases of the hyper-
parameter of the model stated in Table 2, and we find the most
accurate model with the lowest average percentage error value.
Our final neural network model selected through this hyperpara-
meter search has six hidden layers with 128 neurons per layer,
with a learning rate value of 0.001.

4 EVALUATION

In this section, we evaluate the accuracy of our linear regression
and neural network model for modeling the SSD’s firmware per-
formance and compare them to Amber [16] that statically analyzes
the FTL. We first describe the experimental setup and then present
the evaluation results.

4.1 Experimental Setup

FTL.We implement a basic multi-threaded page-mapping FTL that
supports high concurrency, including garbage collection. The gar-
bage collector runs greedily, triggers when the free blocks fall
below 10% of the total number of physical blocks, and reclaims
space until the free blocks exceed 15%. The SSD’s logical capacity
is set to 1TiB with an over-provisioning factor of 25%.

Hardware. We have two sets of hardware: one for the simulation
and another for the target prototype: accuracy is defined by how
close the simulated performance is to the actual performance on
the target prototype. Amber [16] requires hardware specifications
for both the CPU and DRAM to model the firmware performance.
Amber’s CPU model is hardwired to ARMv8 cores: it is different
from the ARM core on the target prototype, but the difference
between ARMv8 and ARM Cortex-A53 is much smaller than that
with the Intel Xeon processor. For DRAM, we use less than 512MB
out of the 16GB available on the target prototype, including 256MB
mapping table and 1MB each for user data read and write buffer.
We modify the timing parameters for Amber’s DRAM model to
correctly reflect the target prototype’s DDR4. Table 3 summarizes
the hardware specification between two platforms for experiments.

Workloads. We measure the performance of the SSD (including
both simulators and the real implementation on the target proto-
type) using a variety of workloads—both synthetic and real-world
traces— as shown in Table 4. For synthetic workloads, we use four
workloads: sequential read, sequential write, random read, and
random write, with ten million I/O requests each. For real work-
loads, we use traces from Filebench, Linkbench, TPC-C, and YCSB.
Each benchmark is executed on a real SSD, and we extract traces
through blktrace. For YCSB, the workloads are run on top of
RocksDB using an SSD as a backing storage device.

Fig. 1. Measured operation time for each part of SSD. We assume four channels,
four ways per channel, and two dies per way for the parallelism of the NAND sub-
system. For Z-NAND, 12ms and 400ms for each 16KB flash page read and pro-
gram are assumed respectively [5], while 150ms and 2600ms are assumed for
them in the conventional NAND. More details on the workload in the x-axis are pre-
sented later in Table 4.

TABLE 1
Comparison Among Existing Works

The accuracy on the performance of the NAND subsystem is checked if it is
compared against a real hardware. Most simulators have behavioral models for
both the NAND subsystem and the FTL, but they have non-sufficient accuracy
on the performance of FTL.

TABLE 2
Hyperparameter Space for Determining Complexity of the DNN Model

Parameter Range

# of hidden layers {4, 5, 6, 7}
# of neurons per layer {128, 256, 512}
Learning rate {0.0001, 0.0002, 0.001, 0.002}
Batch size 32
Maximum # of iteration 20
Activation Sigmoid
Loss function Mean Square Error
Optimizer Adam
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Tools. For building models, we use the LinearRegression model
on Scikit-learn 0.20.4 and the neural network model on PyTorch
1.4.0, both included in Python 3.6.9. We run our hyperparameter
search process with Ray 1.0.1.post1.

4.2 Accuracy on SSD Performance

Fig. 2a compares the prediction results for average runtime from
three models: static analysis model from Amber, linear regression
model, and our DNN model. We migrate the static model in
Amber to our FTL with modified timing parameters for CPU and
DRAM. The results from our DNN model are from the aforemen-
tioned k-fold cross-validation process for each workload. The mea-
sured SSD performance values from both platforms show
significant differences as plotted by bars on the figure. The perfor-
mance ratio between the platforms ranges from 1.16� to 1.74� for
the SSD, and we check two metrics for comparison: absolute per-
centage error (right y axis) and absolute error (left y axis). We stati-
cally add the NAND I/O latency for each host request assuming
Z-NAND[2], [5], and use the same NAND subsystem configuration
described in Fig. 1.

Static Model by Amber. Fig. 2a shows that the performance esti-
mation on Amber does not completely reflect the real performance
on FTL because of its hard-coded static model. High error values
come from several causes: First, the model simply counts the num-
ber of instructions statically, without reflection of dynamics on
their execution. Second, for the DRAM accesses, it only counts
accesses for the payload and the mapping, excluding other meta-
data. In addition, the model does not properly count the impact of

other background tasks such as garbage collection. These problems
on the static model by Amber results in high errors for most of the
workloads, 18.9% on average.

Linear Regression Model. Fig. 2a demonstrates that prediction
with linear regression shows relatively higher percent error values
than that with the deep neural network. It shows 9.7% errors on
average, slightly lower than those for the static model, but several
cases show error values that exceed 30% of the measured values.
Therefore, it does not provide reasonable accuracy on the
prediction.

Our DNN Model. We can observe from Fig. 2a that our predic-
tion model can achieve a substantially low percentage error, reach-
ing under 3.1% on average. More importantly, the percent error
values reach under 12% for all cases, indicating that the DNN
model works well across a wide range of workloads. In three work-
loads, random writes, TPC-C, and Webserver, the linear model is
marginally better than the DNNmodel.

In terms of the total absolute errors, the static model based on
Amber is off by 211.1 seconds, when the total measured time on
the target prototype is 827.7 seconds. The linear model performs
better than the static model with a 84.1 seconds of total error. How-
ever, our DNN model achieves a very low absolute error of 53.1
seconds: 3.98� smaller than the estimation by Amber.

Fig. 2b compares the prediction results from three models for
99th percentile runtime. For our DNN, we do not change the pre-
diction process except the criteria for choosing the best model for
high accuracy on the 99th percentile runtime on the hyperpara-
meter search. We can observe that our model also achieves a low
percentage error for it, reaching under 7.3% error on average, with
a maximum of 12.9%. The static and linear models show 23.6% and
13.5% errors on average, respectively. The accuracy improvement
from the static model is slightly larger for 99th percentile runtime
than for average runtime. This is because the static model is hard-
coded and does not completely reflect the dynamics of the FTL
execution.

In summary, with our building process, we find the high-accu-
rate performance prediction model for our FTL. When the FTL
code or workload set changes, the best-scenario parameters on our

TABLE 3
Comparison Between Platforms

Host for simulator Features Target prototype

Intel Xeon E5-2650v4 ISA ARM Cortex-A53
2.2GHz CPU frequency 1.2GHz
32KB L1 cache size 32KB
256KB L2 cache size 256KB
2.5MB L3 cache size No L3
PCIe 3.0 System bus AXI4

DDR4 2400MT/s DRAM speed DDR4 2400MT/s
32GB DRAM capacity 16GB

Our target prototype consists of a ZCU102 evaluation board that has four
1.2GHz ARM Cortex-A53 SoC cores, commonly used for high-performance
SSD firmware [23].

TABLE 4
Workload Characteristics

Label Workload # of Rec W% R% FP(GiB) DA(GiB)

W R W R

SR Sequential read 10000 0 100 0.0 152.6 0.0 152.6
SW Sequential write 10000 100 0 152.6 0.0 152.6 0.0
RR Random read 10000 0 100 0.0 152.6 0.0 152.6
RW Randomwrite 10000 100 0 152.6 0.0 152.6 0.0
YA YCSB-A 1240 41 59 3.8 4.0 3.9 5.6
YB YCSB-B 951 34 66 2.4 3.4 2.4 4.8
YC YCSB-C 912 33 67 2.2 3.3 2.3 4.7
YD YCSB-D 849 36 64 2.3 3.2 2.3 4.2
YE YCSB-E 834 37 63 2.3 3.3 2.3 4.0
YF YCSB-F 1245 41 59 3.8 4.0 3.9 5.6
FS Fileserver 3258 100 0 21.7 0.0 518.8 0.0
TC TPC-C 637 52 48 1.1 2.1 2.5 2.3
VM Varmail 1305 100 0 4.2 0.0 16.0 0.0
WS Webserver 1877 100 0 60.5 0.0 228.4 0.0
LB Linkbench 2225 86 14 4.8 1.9 14.6 2.3

# of Rec (number of records) is the size of each dataset (grouped by 1000
requests). FP (access footprint) is the size of the logical address space range
accessed, and DA (Data accessed) is the total amount of read or written data.

Fig. 2. SSD performance prediction results. The results are demonstrated for the
runtime of a consecutive 1000 I/O requests.
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model can change. However, with a sufficient workload set, we
believe that we can find the best-accurate model again with the off-
line hyperparameter search process aforementioned.

5 DISCUSSION

We verify the appropriateness of the performance events selected in
[19], [20] by analyzing the correlation between the measured event
values and the performance on the target platform. Table 5 enumer-
ates our selected events related to the FTL performance with their
respectively analyzed Pearson correlation coefficient values. We
exclude the events that do not occur while executing the FTL, such
as the number of floating-point operations. Overall, we observe that
the trend of coefficient values for the FTL is different from that of
general applications’ performance events [24]. In particular, the
coefficients related tomemory and I/O are higher than those related
to CPU. This implies that the FTL has different performance charac-
teristics from other general applications: it is specialized to I/Owith
memory and storage access, so we cannot achieve high accuracy
only with CPU-related performance features.

6 CONCLUSION

In this paper, we present the design of a data-driven performance
model for SSD to bridge the gap in its performance between a plat-
form for simulation and a target device. We explore both a simple
linear model and a deep neural network to build a cross-platform
relationship and find parameters for the most accurate model. This
carefully built model forecasts the SSD performance with high
accuracy when compared to a target device. In effect, our model
achieves 3.1% error on average, significantly lower than 18.9%
from a state-of-the-art simulator. Our work focuses on predicting
the overall performance of the SSD, and has not been evaluated to
predict the performance of each I/O request. We leave such fine-
grained performance modeling for future work.
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TABLE 5
Hardware Performance Events Profiled on the Host

Event Description Coeff.

CPU_CYCLES Clock cycles 0.25272
INSTR Instructions 0.01207
RS_UOPS Micro operations dispatched 0.03795
BR_INSTS Branch instructions retired -0.03385
BR_MISSES Branch instructions missed -0.09058
BUS_CYCLES Bus cycles 0.17518
L1D_LOADS L1 data cache loaded 0.00592
L1D_STORES L1 data cache stored 0.34963
LLC_REFS Last level cache referenced 0.21461
LLC_MISSES Last level cache missed 0.35629
STALLED_CYCLES Resource stalls 0.24247
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