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Full-System (FS) simulation is essential for performance evaluation of complete systems that execute complex

applications on a complete software stack consisting of an operating system and user applications. Neverthe-

less, they require careful fine-tuning against real hardware to obtain reliable performance statistics, which

can become tedious, error-prone, and time-consuming with typical trial-and-error approaches. We propose

a novel, streamlined, component-level calibration methodology to address these shortcomings to validate FS

simulation models. Our methodology greatly accelerates the validation process without sacrificing accuracy.

It is Instruction Set Architecture (ISA)-agnostic, and can tackle hardware specifications at different levels of

detail. We demonstrate its effectiveness by validating FS models against both open-hardware and IP-protected

(closed hardware) RISC-V silicon, achieving a mean error of 19%–23% for the SPEC CPU2017 suite in the two

cases. We introduce the first open-source RISC-V-based FS-validated simulation models with a complete and

replicable methodology.

CCS Concepts: • Hardware → Emerging tools and methodologies; Emerging simulation; • Computing

methodologies→ Simulation tools; • Computer systems organization→ Real-time system architecture;

Additional Key Words and Phrases: Architectural simulator, performance validation, full-system (FS) simula-

tion
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1 Introduction

Computer architects are often tasked with balancing the performance, power, and area require-
ments of the chip while maintaining stringent time-to-market constraints. Because hardware pro-
totyping is expensive and time-consuming, simulators are vital for architectural exploration and
provide a test bed for new solutions. A Full System (FS) simulator provides a means to gauge
the impact of architectural innovations quickly by running user space applications (that require
libraries and a kernel) on the simulated hardware. It facilitates early performance and power [21]
estimation of the compute system by exposing the architectural parameters of chip design at
the level of systems, thereby avoiding ill taped-out architectures. Contrary to RTL/HDL simula-
tions that have poor simulation throughput on the order of a few Kilo Instruction per Second
(KIPS) [19], the event-driven FS simulator provides high simulation throughput (typically hun-
dreds of KIPS) [30] and much greater reconfigurability, at the cost of the accuracy with which
the performance of actual hardware is captured. FS-simulators require validation against the tar-
get hardware to regain statistical accuracy with respect to the hardware. Until now, a validated
open-source FS-simulator with CPU model calibrated and benchmarked with SPEC suite does not
exist for the RISC-V ISA. We address this gap by proposing a validation methodology, fully in-
tegrated into the open-source gem5 extensions for RISC-V (gXR5) [12] and gem5v24 (built
on top of gem5 “develop” branch). Our choice of supporting the (also open-source) RISC-V ISA
paves the way for hardware-validated system explorations completely unimpeded by proprietary
licenses.

gXR5 is a Linux-capable FS-simulator built on top of the open-source gem-5 architectural
simulator. gem5 [4] is an event-driven architectural simulator built by merging the simulation
frameworks m5 and GEMS. gem5 itself provides ISA-independent and tunable (micro) architec-
tural models that allow the simulation of a variety of ISAs (such as ARM and x86). It is highly
reconfigurable by the inclusion of Python configuration scripts that tune specific hardware
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attributes (e.g., latencies, bus widths, buffer sizes), while maintaining host performance through
the use of compiled C++ code for all tuned modules.

In the past, to accelerate the process, simulator models have been validated using synthetic
micro-benchmarks [2, 9, 17]. However, the design of these micro-benchmarks are ad-hoc
and specific to the architecture of the target hardware. Huppert [17] et al. have designed
micro-benchmarks to calibrate the memory hierarchy in gem5 against the MediaTek Helio
X20 SoC. Despite this, the CPU calibration has been left as being too complicated, given the
huge set of parameters to be tuned. In this work, we tackle this challenge by introducing
a novel “component-level” calibration methodology that hammers CPU to expose
micro-architectural details required to calibrate the simulated models. This is done by selecting
a suite of micro-benchmarks that are representative of the actual workloads, thereby reducing
the time to validate architectural simulator while not giving up on the accuracy of the valida-
tion results. The validation accuracy is at par with other published work. Also, the proposed
methodology can facilitate varying degrees of (target) hardware specifications, thereby providing
a generalized methodology that is missing in the state-of-the-art works. We relaxed the need for
extensive hardware characterisation using Hardware Performance Counters (HPCs) as only
Instruction and Cycle count are being used. This is essential as commercial hardware may not
have extensive HPCs built into them. With this, we streamline the validation methodology and
micro-benchmarks’ design. We explore the soundness of our approach against two simulation tar-
gets: an IP-protected RISC-V board and an open-source system-on-chip. Our contributions are as
follows:

— We propose a novel “component-level” calibration methodology for fine-tuning and validat-
ing full system simulators and demonstrate its advantages using the open-source gXR5 and
two real RISC-V implementations.

— We validate our simulator using selected SPEC CPU2017 benchmarks in a real HiFive Un-
leashed SoC [27] and a Rocket Chip [13] emulated on FPGA, achieving an average error in
performance estimation within 19%–23% for the two hardware targets above.

— We provide the first validated Linux-capable Full System simulator (gXR5) for RISC-V 64-bit
architecture in gem5. The simulator also includes the first Gshare branch predictor model
compatible with current multi-threaded gem5 CPU models.

— We provide two validated boards, namely the RISCVUnleashedBoard and RISCVRocketBoard

boards, as part of standard pre-built library in gem5v24, tested with standard gem5-resources
(comprising Linux kernel and Ubuntu v22.04 disk image).

We intend to release and open source our validated simulator and all supporting materials, in-
cluding bootloader, kernel, filesystem, and technical manual, for quick and easy adoption by the
RISC-V community.

The article is structured as follows: Section 2 compares the past validation efforts with our
work, highlighting the shortcomings in the existing validation approaches. Section 3 describes our
proposed methodology. In Section 4, the simulator models and the targets are described in detail.
Finally, in Section 5, the “component-level” calibration methodology is employed to validate gXR5
against the two target hardware.

2 Related Works

One of the earliest works to accelerate performance validation by Desikan et al. [9] used synthetic
micro-benchmarks to calibrate the SimAlpha simulator against the Alpha 21264 processor of the
DS-10L Workstation. [2] performed similar work by designing “SiNUCA” micro-benchmarks for
validating the SiNUCA simulator. These works achieve a similar IPC error of 18%–19% for SPEC
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suites. However, these micro-benchmarks are specific for calibration against a particular target
micro-architecture and do not provide a generic methodology. Moreover, micro-benchmarks are
in general not representative of realistic workloads, resulting in validated simulators having large
performance error for large applications such as the ones in the SPEC suite, even if they exhibit
very low errors for micro-benchmarks [1, 2, 9]. The underlying issue is that parameters tuned
for calibration of the simulated model are over-fitted for the tested micro-benchmarks, thus fail-
ing to propagate low error in performance statistics for macro-benchmarks. Hence, there is no
way to further reduce the error using these benchmarks as they become un-representative of the
performance beyond a point (i.e., they are overfitted for certain microbenchmarks). The stress-ng
benchmarks, though, achieve similar accuracy (in our work), but always give a fair idea to the ar-
chitects of the disparity in performance if and when macro-benchmarks are executed. In general,
the error in IPC for stress-ng benchmarks is around 14%–16% while resulting in error of 20%–22%
in execution time for SPEC suite. In terms of computational and time complexity, stress-ng stres-
sors are more representative of the SPEC suite than the above-mentioned microbenchmarks. This
issue has been bypassed in [10, 15, 24] by using macro-benchmarks to directly calibrate models
in the simulator. However, this approach is impractical due to the very long real run times of
macro-benchmarks in simulation (usually on the order of days or weeks per macro-benchmark
run). A further complexity is the dimensional explosion of the design space for fine-tuning models
in the simulator when marco-benchmarks are executed. At best, this approach can be described as
“validation by inspection” or “trial-and-error” approach. Other works [5, 6] use SPLASH-2, ALP-
Bench, STREAM benchmarks, Rodinia, lmbench, and so on. to validate the gem5 simulator for
the heterogeneous architecture ARM A8 (dual core), A9 cores and ARM big.LITTLE (A15/A7), re-
spectively. However, these works do not propose any validation methodology. An attempt has
been made to use Pearson’s correlation between micro-architectural events and error in IPC [1]
to streamline the calibration methodology. But the validated simulator has not been tested on
macro-benchmarks (e.g., SPEC) representative of the user’s workload. Thus, there exists no val-
idation methodology that has been employed to tackle varying architectural specifications. [16]
realize the importance of having RISC-V full system simulation and functionally verify against
QEMU [3] based full-system emulation by performing trace analysis. However, the detailed im-
plementation of RISC-V in gem5 has not been validated for timing. [7] validates the gem5 models
against RTL simulations (simulating an open-source RISC-V core) but fails to provide a validation
methodology.

Table 1 summarizes the validation efforts with the training set (micro-benchmarks) and test
set (macro-benchmarks) used. Huppert et al. [17] provide a methodology for memory hierarchy
calibration that achieves a mean error of 20% in IPC for the SPEC CPU2006 benchmark suite. This
simplistic methodology (of “data pinning”) has not been extended to other components (such as
the CPU, Branch Predictors, TLBs, Page Walkers, and others), and lists this as a limitation to their
proposed work.

Our proposed methodology uses stress-ng benchmarks to calibrate the CPU model to overcome
all the shortcomings listed above [26]. It adopts stressors to calibrate specific architectural com-
ponents in a system, as opposed to ad-hoc synthetic micro-benchmarks designed for particular
target hardware [2, 9, 17]. It is also much faster than adopting macrobenchmarks such as SPEC
for calibration, with up to 3000x in simulation time. Moreover, it only employs Instruction per
Cycle (IPC) as a metric to match the simulator and hardware performance, reducing the need
for extensive hardware characterization. Lastly, the methodology matches the accuracy of other
state-of-the-art works and is representative of hardware performance in terms of the execution
time of SPEC2017 applications.
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Table 1. State-of-the-art System Validation Strategies

Validated

Simulator

Training Set Test Set
Proposed

Methodology

Suite
Mean
Error

Suite
Mean
Error

Generic/Specific

gem5 Vs.
MediaTek Helio X20 [17]

Synthetic
Micro-

benchmarks
–

SPEC
2006

20% (IPC) Memory Specific

SimAlpha Vs.
DS-10L workstation [9]

Synthetic
Micro-

benchmarks
2% (IPC)

SPEC
2000

18% (IPC) CPU specific

SiNUCA Vs.
Sandy bridge processor and Intel

Core 2 Duo [2]

Synthetic
Micro-

benchmarks

6%–10%
(IPC)

SPEC
2006

19% (IPC) CPU specific

gem5 Vs. Intel Core-i7 Haswell [1]
Synthetic

Micro-
benchmarks

6% (IPC) None None None

gem5 Vs. ARM Versatile Express
TC2 dev. board [15]

SPEC,
PARSEC

13%,
16%–17%

(Run-
Time)

None None

gem5 Vs. ARM Cortex-A8, A9 [10] PARSEC
8% (Run-
Time)

None None

gem5 Vs. Arm R8 CPU [28]
Embench
workload

13 % (CPI) None None

GEMS Vs. ARM Cortex A9 [6]
SPLASH-2,
ALPBench,
STREAM

17.94%
maximum

(Run-
Time)

None None

gem5 Vs. Samsung Exynos 5 Octa
(ARM A15/7) [5]

Rodinia and
lmbench

20%
Run-TIme

None None

Our Work

gXR5 Vs. Sifive Unleashed [22] ,
Rocket Chip

Stress-ng
14%–16 %

(IPC)
SPEC
2017

19%–23 %
(Run-
Time)

Generic - tested
with CPU
stressors

3 Methodology

3.1 Overview

The calibration of simulated models against actual silicon or emulated systems require identify-
ing the parameters of interest. The detailed CPU models used for performance modeling of sys-
tems provide elaborate parameters such as delays between different pipeline stage, queue (e.g.,
load and store) sizes, number of micro-operations in flight, and so on. These parameters can
take integer values, thereby causing dimensional explosion in the design space for calibration.
More recent work [23] has tackled the Design space using statistical tools of sensitivity anal-
ysis followed by (single-objective) optimization for calibration. However, such statistical tech-
niques can lead to over-fitting. The calibrated models in [23] have not been tested on untrained
benchmark-set.

In our component-level calibration methodology (depicted in Figure 2), the stress-ng [26] bench-
marks are used as a “training set” to fine-tune the attributes of gXR5 by targeting IPC to reduce
performance disparity. The stress-ng benchmarks were originally designed to perform accelerated
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Fig. 1. Stressor selection via recursive feature elimination.

stress-tests of a particular system component or routine in order to provoke thermal overruns.
Contrary to existing synthetic micro-benchmarks [2, 9] whose application for RISC-V ISA is not
proven, the stress-ng benchmarks have been tested for RISC-V ISAs [26] in our work.

The stress-ng benchmark suite is divided into classes, each of which hammers a particular com-
ponent or routine and often contains numerous stressors, with CPU-class stressors numbering
over 100. To reduce the exploration design space and overhead of experiment iterations, as well as
to better target our validation, we initially narrow the number of stressors used for validation iter-
ations by selecting 10 CPU-classed stressors. We select the most representative subset of Stressors
(with respect to the whole set) through the statistical technique of recursive feature elimina-
tion (RFE) via decision tree regressor. This is a common technique for reducing the number of
features that represent a whole set, with applications in a wide range of data-intensive fields from
remote sensing and cybersecurity, to genomics and bioinformatics [8, 14, 18, 29].

The process of selecting 10 statistically representative stressors is shown in Figure 1. In sum-
mary, this was done by first running all stressors in the uncalibrated gXR5 to obtain run-time
statistics, including the Number of Instructions, L1/L2 hits/misses, active and idle cycles and op mix.
We then apply RFE to all permutations of subsets of 10 stressors to obtain a rank for each individual
stressor’s ability to represent the whole set, where a lower rank is better. We then sum all the ranks
achieved for each stressor and take the 10 most minimally-ranked stressors to be our representa-
tive set for quick validation iterations. We prove experimentally that the chosen 10 stressors are
sufficient to achieve state-of-the art accuracy, although the proposed methodology is independent
of the number of chosen stressors. The minimum subset, which was representative of the entire
CPU class stressors, was 10. Once the stressors are selected, the stressors are profiled and classi-
fied to perform targeted parameter tuning. This is represented in Figure 2, wherein the selected
stressors (post Principal Component Analysis) are profiled, and subsequently classified. Once clas-
sified, the component and parameters to be tuned are identified based on the profiling results and
the hardware specifications. The tuned parameters are incorporated in the simulated models and
the stressors are executed. The iteration of tuning simulations, obtaining gem5 statistics, and se-
lecting parameters/components is captured in the Algorithm 1. With each iteration, the IPC of the
stressors executed on top of the tuned simulator converges to the IPC of the actual hardware. The
δ refers to the marginal increase in IPC after each tuning simulation. At no point of experimenta-
tion, the IPC of the modeled system (for each benchmark) is allowed to increase and exceed that
of the actual hardware. This ensures that the performance of the selected microbenchmark suite
converges (that is, the IPC increases after every tuning simulation)
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Fig. 2. Methodology: Component level calibration.

ALGORITHM 1: Component-level validation methodology.

Require: IPCдX R5 = IPChardwar e

Ensure: δ ≤ IPChardwar e − IPCдX R5

while IPCдX R5 < IPChardwar e do
IPCдX R5 ← IPCдX R5 + δ

end while

In the following section, we classify the profiling results of the selected CPU class stressors.
This is in line with existing validation efforts [9] that divide micro-benchmarks into broadly three
categories: control (or front-end intensive), arithmetic, and memory intensive.

3.2 Profiling and Classification

The stressors are run on the Linux distribution (Ubuntu) running on the simulated system (gXR5).
Figures 3 and 4 depict the instruction mix and control intensity in the selected stressors. It is
ensured that the number of instruction executed is on the order of billions (the same as macro-
benchmarks) by executing the stressors for 5 seconds each. The selected CPU class stressors are
placed into three categories according to their instruction mix:

— Control Intensive: The stressor has complex control structures (e.g., nested for-if-else) with
at least 100 BPKI. These are “Int64LongDouble”, “Matrixprod”, “Trig”, “Prime”, “Sqrt”, and
“LongDouble”.

— Memory Intensive: The stressor has 20% or higher load/store instructions in the total op-
code mix of the program. Up to 30% of instructions are load/store (for stressors “queens” and
“rand48”).

— Arithmetic Intensive: The stressor has 20% or more Instructions using Integer/Float func-
tional units. All the stressors are arithmetic/compute intensive.

Alternate metrics such as Branch Misses per Kilo Instruction (BPKI) and Last-level cache
misses can be used to measure the intensity of control and memory Dynamic Random Access
Memory (DRAM) access incidence. However, choosing metrics that make classification depen-
dent on the type of branch predictor or cache associativity is not ideal as the classification of stres-
sors is intended to be static, that is, independent of the micro-architectural changes in the simulated
models. This ensures that minimum number of tuning simulations are run to achieve the desired
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Fig. 3. Profiling selected Stress-ng benchmarks.

Fig. 4. Branch intensity and mis-prediction rates (in baseline gXR5).

(state-of-the-art) accuracy. The Figures 3 and 4 depict the instruction mix and the branch intensity
for the selected stress-ng stressors, that was used to classify the stressors as discussed above.

3.3 Implementation

The CPU model is tuned to reduce the Mean Absolute Percentage Error (MAPE) in IPC for
the stressors. We choose IPC as the metric of merit since it captures even small changes in per-
formance of the simulated system. A greedy approach is followed to match real hardware per-
formance, which consists on searching for the most prominent sources of error first, performing
component tuning and re-assessing the source of IPC error via profiling analysis. Several tuning
simulation runs are required for various sub-components of CPU model such as Functional Units
and the Branch Predictor. The Design Space to be explored for validation is restricted by choosing
stress-ng stressors of CPU class (as against macro-benchmarks like SPEC, PARSA [10, 15]). Each
stressor is executed in a separate instance of gXR5, taking a maximum of 3 hours to complete,
thus significantly shortening the tuning process. For comparison, executing the SPEC suite
may take from days to over a week of real time on gem5/gXR5. Once the stressors are executed on
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un-calibrated gXR5 (initial profiling) for classification, the proposed component level calibration
methodology is implemented. This section provides the details into the methodology.

3.3.1 Tuning Simulations. The “Tuning Simulations” box runs the selected CPU class stressors
for 5 (simulated) seconds on FS-simulator (usually 3 hours of real time). The component to be
tuned is selected based on the hardware specifications, hardware performance and the simulated
performance. Once the component (say branch predictor) is identified as the source of discrep-
ancy, the attributes of the component (say, the type and size of branch predictor) are set as part
of the “Design Space Exploration” in “Tuning Simulations”. The values that attributes can take is
decided as part of the “Performance Analysis” done during “Component Selection”. Initial simu-
lations provide an estimate of the range of (integer) values the attributes of the component can
take.

3.3.2 Component Selection. The component to be calibrated is selected using the “Hardware
Specifications”, “Hardware Performance” (extracted using hardware performance counters when
stressors are executed on hardware) and the “Tuning Simulation” statistics (generated in gem5
simulator). The performance (Instruction per cycle) of each stressor executed on hardware and
simulator (gXR5) is compared. The methodology targets execution related sources of discrepancy
foremost. These include the number, latency and type of the functional units in the simulated
model. Subsequently, the control hazard related performance discrepancy is targeted. The initial
design space for tuning simulations includes sweeping across the branch predictor (type and size,
branch delay slot execution, etc.). The branch prediction calibration has an effect on both data and
instruction cache access patterns, and hence, the memory hierarchy-related performance discrep-
ancy of the simulated system is taken up at the last. The micro-architectural events generated in
gXR5 simulation statistics (e.g., L1 cache misses, branch miss-prediction rates) gives details about
the potential sources of error for individual stressors. The configuration (i.e., calibrated attributes
of the selected component) that gives least absolute mean error in IPC is fixed before selecting the
next component to be calibrated.

3.3.3 Hardware Performance. The stressors are run for 5 seconds on real hardware and the per-
formance (IPC) is extracted using the perf tool that is supported by Ubuntu stress-ng stressors [26].
The perf tool captures the micro-architectural events (stored in hardware as part of performance
counters) when user-space applications are run. The hardware performance extraction is a once-
only implementation step. The instruction count and the cycles elapsed while executing stressors
(on top of the OS) are recorded. The IPC gives a high-level estimate of the hardware performance
without the extensive use of performance counters (and the micro-architectural analysis of the
hardware). Many commercial systems may not have extensive hardware performance counters to
protect against IP attacks. Also, IPC is directly related to the performance of the system, unlike
the micro-architectural events. In this way, our proposed methodology can address the varying
degree of hardware architectural specifications available for use.

3.3.4 Hardware Specifications. ISA-level architectural specifications as well as micro-
architectural details of the hardware are considered as constraints on the design space to be ex-
plored during “Tuning simulations”. For example, the pipleline depth, number of functional units,
cache hierarchy, and so on, of the target hardware are matched in the simulated system. Hence, the
selection of components and the calibrated attributes do not violate the hardware specifications.

3.3.5 gem5 Statistics. gXR5/gem5 simulations executing the stressors generate statistics that
are used to perform analysis of the simulated system. Apart from Instruction per cycle count, rel-
evant statistics are selected as part of “Performance Extraction” to be fed for the “Performance
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Analysis”. These include L1, L2/Last-level cache misses, branch misprediction rates, average mem-
ory access time, and so on. These micro-architectural events provide the source of discrepancy in
the IPC of the simulated system.

The MinorCPU of gem5 is used in our work. It is a (configurable) four-stage pipelined CPU
comprising of Fetch1, Fetch2, Decode, and Execute stages. These stages are connected through
size-tunable buffers that hold the instructions in case of a stall. The Fetch1 stage fetches the in-
structions from the L1 instruction cache, while the Fetch2 stage has a branch predictor unit with
Branch History Table (BHT) and Branch Target Buffer (BTB). The Decode stage converts
the instruction into micro-operations before passing them to the Execute stage, which hosts the
functional units and the Load/Store unit (LSU). The functional units are modeled as black boxes
with finite Operation (Op) Latency. The MinorCPU model is designed with extensive details so
that it can model a vast majority of in-order CPUs. However, the tradeoff is the huge design space
that needs to be explored for validation of the model.

Following the methodology outlined in Figure 2, the arithmetic functional units of the Minor-
CPU model are fine-tuned first by using the stressors (as all stressors are compute/arithmetic in-
tensive). Additional functional units are created to match the hardware specifications. The control
related micro-architectural parameters such as type of branch predictor, branch prediction delay,
and so on. are taken up in the next set of iterations as the affect of these parameters go beyond the
cpu core. A branch mis-prediction may cause thrashing in Instruction and Data caches because of
un-intended pre-fetching of instructions and data, respectively. Memory-intensive stressors can
make the caches or main memory work incorrectly, subject to the size of the working set relative
to the cache capacity. The working set size of all the stressors (except “Matrixprod” and “Stats”) is
only a few bytes, making these L1 (data) cache intensive. The order of selecting components and
their parameters become even more important when the target hardware is an IP-protected black
box (as in Section 4). We restrict our component tuning to the models of the CPUs and L1 caches,
as these are the most challenging [17], due to their huge architectural design space. The pseudo-
code describing the calibration process is given in Algorithm 1. The increase in simulated IPC (δ )
at each iteration of fine-tuning of the CPU model/caches (or core) is upper bounded to ensure
that the simulator does not overestimate the performance of stressors and converges to the actual
hardware performance. In practice, only a handful of execution runs in gXR5 (each taking 3 hours
of simulation time) are required to calibrate the MinorCPU model with the proposed Algorithm 1.
Once the models are fine-tuned, the SPEC2017 suite applications are run on the validated simula-
tor (purple box in Figure 2). We test this methodology by fine-tuning the MinorCPU model and
Classic caches of gXR5 against the Sifive HighFive Freedom Unleashed and Rocket Chip emulated
on the FPGA. We then create two new boards - RISCVUnleashedBoard and RISCVRocketBoard on
top of gem5 “develop” branch and validate them by replicate the proposed methodology.

4 Experimental Setup

4.1 Simulation Model

The diagram of the adopted gXR5 and gem5v24 full system model, which simulates execution
on the single in-order core HiFive Unleashed SoC and Rocket system emulated on the VC707
FPGA, can be seen in Figure 5. The difference between gXR5 ad gem5v24 are the PLIC, CLINT,
and MMU models. Rest, both the simulators use existing models of DRAM memory controller,
UART, IDE disk controller, classic caches, and so on, in gem5 to build the simulated system.
Also the two new boards, the RISCVUnleashedBoard and RISCVRocketBoard, are built using the
existing HiFive platform components including the CLINT, PLIC, and UART models. The MMU
and Classic Cache models are taken from gem5 v24. The model takes advantage of the modularity
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Fig. 5. Simulated full system model in gXR5 (SimpleBoardSoC) and gem5v24 (Hifive).

Table 2. Sifive Highfive Freedom Unleashed U54 Core

Micro-architectural Specifications [27]

Instructions Latency

LW Two-cycle

LH, LHU, LB, LBU Three-cycle

CSR reads Three-cycle

MUL, MULH, MULHU, MULHSU Five-cycle

DIV, DIVU, REM, REMU Two-cycle to 65-cycle

of gem5 by integrating standard simulation components, such as the in-order MinorCPU, which
simulates the in-order single core of the two aforementioned hardware targets. In the case of
gXR5, the core-local interrupter (CLINT) is modeled as a single simulation object with a
separate timer for each CPU core. The rest of the SoC is derived from the SimpleBoard model [25].
The platform-level interrupt controller (PLIC) model is based on the real FU540-C000 core
specifications and is responsible for interrupts from external devices. The software stack of
the gXR5 full-system simulator includes an OpenSBI bootloader, the Linux v5.8 kernel, and a
buildroot file system, whereas for gem5v24 it uses standard gem5 resources for bootloader, Linux
kernel (v5.10), and the disk image (Ubuntu v22.04LTS).

4.2 Target Hardware

4.2.1 Sifive Hifive Freedom Unleashed. The Sifive Unleashed was the first commercially avail-
able Linux-capable RISC-V system. Figure 6 shows the SoC, with one small CPU (S51) that can host
RTOS, while the other four U54 cores are larger 5-stage pipelined in-order processors. We consider
a U54 core as the first target for our validation methodology. It is an IP protected design, and so
the details of its micro-architectural implementation are not readily available. The U54 core is
an in-order 5-stage pipelined CPU with 32 KB of 16-way L1 Instruction and Data caches. It has a
branch predictor unit with a 30-entry BTB that caches the target of taken branches, a 256-entry
BHT that stores the direction of conditional branches, and a 6-entry return-address stack (RAS).
The latency of the integer multiplier is 5 clock cycles. The integer division unit has a latency be-
tween 2 and 65 clock cycles [27]. The details of the rest of the micro-architecture is closed-source
and, therefore, it poses a challenge as it is a source of specification errors. The Table 2 summarizes
the micro-architectural specifications of U54 core that are available in the open-source.
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Fig. 6. Sifive highfive freedom unleashed diagram.

4.2.2 Rocket Chip. The Rocket Core is a 5-stage in-order scalar processor with L1 Instruction
and Data caches. The default configuration of the core includes floating point units (Single Preci-
sion and Double Precision Fused Multiply Accumulate and Division). The integer functional units
include an 8-cycle iterative integer multiplier (with one cycle each to load operands and place the
result on the output bus). It comes with an integer ripple carry adder and an integer division unit.
It has a Gshare branch predictor that uses the hash of the branch address XORed with the hash of
global history (gh) to index into pattern history tables (PHT) containing a 2-bit counter. The
hash functions are as follows:

Hash_1(дh) =

√
3

2
∗ 2History_lenдth ∗ дh, (1)

Hash_2(pc) = pc >> loд2(f etch bytes). (2)

The L1 caches are pipelined and have a data access latency of 2 cycles in case of a hit. The Data
cache has an additional stage for hosting the Miss Status Holding Register (MSHR) that keeps
track of hits under a miss. As an example of open-source hardware design, we consider the Rocket
core, one of the most popular open-source RISC-V hardware systems [11]. A high-level view of
the Rocket chip emulated on VC707 FPGA is given in Figure 7.

The rocket core comes with Tilelink interface for the system bus (with coherence manager for
multi-core systems). We wrapped around the core with Tilelink interface with an AXI4 compliant
interface for both memory and IO bus. The AXI4 interconnect fabric is then connected to board
DDR3-DRAM that is controlled by Memory Interface Generator (MIG3) or the memory con-
troller. Similarly, the SD card controller and the UART are interfaced with the AXI4 interconnect.
The SD card stores the First-stage bootloader (comprising of OpenSBI v0.8 and U-boot) and the
filesystem containing the user-space programs. The Zero-stage bootloader comprises a device tree
binary stored in the (Boot) ROM that is implemented inside the programming logic of the FPGA
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Fig. 7. Rocket chip diagram.

Table 3. Specifications of Simulated Models and of the Corresponding

Hardware Platforms

Component HiFive Unleashed Rocket

Hardware gXR5 Hardware gXR5

CPU Core U54 MinorCPU Big Core MinorCPU

CPU RV64GC RV64G RV64GC

CPU Freq 1 0.1 GHz 0.1 GHz

L1 I and D $ 32 KB 8-Way 16 KB 4-Way

L2 $ 2 MB 16-Way None

MMU Sv39

Modes Machine, Supervisor, User

RAM DDR4_64 DDR4_4x16 DDR3_64 DDR3_8x8

RAM
Freq

2,400 MHz 800 MHz 2,133 MHz

RAM
Size

8 GB 1 GB

System
Bus

TileLink XBar TileLink XBar

(using Block-RAMs). We use Xilinx System Debugger (XSDB) which gives access to the regis-
ters (CSRs, etc.) inside the core and facilitates downloading binaries into the DDR3-DRAM via the
boundary scan chain for executing bare-metal programs for testing the hardware. The stress-ng
stressors and the SPEC2017 suite are cross-compiled and stored in the file-system put on the SD-
card. The UART on the IO bus prints the performance statistics (extracted using perf tool) post
execution of the benchmarks.

By validating both a black-box and white-box RISC-V CPU core, we demonstrate the versatility
of the proposed methodology that adapt to the varying degree of available hardware specifications.
Table 3 summarizes the simulator set-up and the corresponding hardware specifications. The at-
tributes of the simulator such as latency of modeled functional units, cache access latency, and so
on, are matched with those of the hardware (subject to open-sourced technical specifications). The
Fetch1 to Fetch2 stage delay is set to 2 clock cycles, making the MinorCPU model 5 stage pipelined.

ACM Trans. Embedd. Comput. Syst., Vol. 24, No. 4, Article 57. Publication date: July 2025.



57:14 K. Pathak et al.

Table 4. Selected Attributes of Baseline and Validated gXR5 Models

Component Attribute Baseline gXR5 Validated gXR5

Sifive Unleashed

MinorCPU Model

IntALU OpLAT 3 (cycles) 2 (cycles)

IntDIV OpLAT 33 (cycles) 19 (cycles)

ReadMem OpLAT 4 (cycles) 3 (cycles)

WriteMem OpLAT 2 (cycles) 1 (cycle)

Decode I/P Buffer Size 1 4

Execute Unit I/P Buffer Size 1 4

Branch Predictor Type Tournament
Multiperspective

Perceptron

Classic Cache Models

L1 D Data Latency 4 (cycles) 1 (cycle)

L1 I and D Clusivity Exclusive Inclusive

Rocket Chip

MinorCPU Model

IntDIV OpLAT 33 (cycles) 16 (cycles)

Branch Predictor Type Tournament Gshare

5 Results and Discussion

5.1 Validation against Sifive Unleashed

We name the simulated systems, configured based on the available specifications alone and prior to
fine-tuning, as “baseline” implementations in the following section. We observed that the baseline
configuration underestimates performance (IPC) by 25%–40% compared to the actual hardware for
almost all stressors due to an excessive number of CPU stalls. We identify the source of bottlenecks
by profiling the baseline simulator and proceed with the calibration methodology by calibrating
functional units. The latency of the functional units, namely, IntALU, IntDIV, ReadMem and Write-
Mem functional units were tuned as part of the tuning simulation, resulting in error reduction by
3% (δ1). Table 4 defines the final OpLatvalues assigned to these functional units. The control re-
lated attributes of the simulated architecture were selected for the next tuning iteration. A design
space exploration was performed for the existing branch predictors available in gem5 (Tournament,
TAGE, Bi-mode, etc.). We measured that the MPBP model gives the least MAPE in IPC (giving a δ2

of 6%). The branch mis-predictions cause thrashing in the L1 instruction and data caches. Hence,
the L1 cache and load / store units were tuned after switching to MPBP. The memory-related stalls
were removed by decreasing the data access latency of L1 cache and making L2 cache inclusive
of L1 cache. This significantly improves performance of stressors having a working set size larger
than L1 cache capacity, as the L1 misses end up accessing the main memory in case of L1 being
exclusive of L2 cache. The calibration of L1-level caches reduces the error in IPC by 5% (δ3). Finally,
the input buffers for the Execute stage were increased to ensure higher functional unit utilization
even in the event of control-related stalls. The MAPE in IPC of gXR5 at various stages of calibra-
tion is depicted in Figure 10. The fine-tuning of the MinorCPU model reduces the MAPE in IPC for
stress-ng benchmarks to 14.1% post-application of Algorithm 1. Table 4 summarizes the attributes
of validated gXR5 against Sifive Unleashed.

Selected SPEC2017 int rate applications (with test inputs) are run on the validated simulator and
the target hardware. The execution time of the application gives an estimate of the performance of
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Fig. 8. Functional unit utilization in SPEC 2017 suite.

Fig. 9. Branch intensity of SPEC 2017 suite.

the simulated system. Figure 11(b) depicts the final error in the validated simulator (with negative
sign indicating that the simulator under-estimates the IPC). The error is brought down from 44%
to 23% (for cycles) by calibrating the MinorCPU model in gXR5 using stress-ng benchmarks.

As expected, the two applications that have higher load/store instructions (mcf and omnetpp)
have a higher run-time error. The relatively high Load/Store instruction count (compared to stress-
ng benchmarks) can be seen in Figure 8, which depicts the profiled SPEC suite applications in
gXR5. Separate “Memory” class stressors have up to 75% MAPE in IPC, confirming that the mem-
ory hierarchy is the next largest source of errors. The branch intensity of the SPEC suite, depicted
in Figure 9 is similar to that of the stress-ng stressors. For the two applications, namely “leela”
and “deepsjeng” that have a similar instruction mix as the stress-ng benchmarks, the run-time er-
ror is a mere 3.4% and 1.7%, highlighting the benefit deriving from the adoption of our proposed
methodology. The selected SPEC suite application were the only ones that were verified to com-
plete correct execution inside the simulator. The other applications suffered from technical and
dependency issues owing to lack of SPEC support for RISC-V. Moreover, latest version (1.1.9) of
the SPEC CPU suite, only one particular version of Linux is stated to have been tested in a RISC-V
environment.1 The primary reason for being unable to run the entire SPEC suite is a consequence
of software portability and the simulated environment. More complex libraries often have numer-
ous dependencies which can be verified only for select Linux versions and configurations. We also

1https://www.spec.org/cpu2017/Docs/changes.html#v119
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Fig. 10. MAPE in IPC for stressors run on gXR5 and Sifive Unleashed at various calibration stages.

Fig. 11. Performance of RISCVUnleashedBoard in gXR5 and gem5v24 against Sifive Unleashed Board

(silicon).

provide the calibrated models built on top of current gem5. Figure 11(b) depicts the performance
of RISCVUnleashedBoard (provided as a pre-built gem5 library board). The mean error in IPC for
this board is 12.2% for sress-ng stressors (v.0.14.03). We used the same methodology to calibrate
the models. The mean error in execution time for the selected SPEC suite is 23% for RISCVUnlea-

hedBoard. The mean error in execution time for the selected SPEC suite is 23%, proving that the
simulated boards are still accurate.

5.2 Validation against Rocket Chip

The (baseline) gXR5 attributes are matched to the hardware specification as discussed in Section 4.
We implemented a Ghsare branch predictor model in gXR5 that uses a program counter hash and
a global history hash to access the 2-bit prediction counters as proposed in the original branch
predictor [20]. This model is compatible with the gem5 CPU (multi-threaded) models and can
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Fig. 12. MAPE in IPC for stressors run on gXR5 and Rocket Chip at various calibration stages.

Fig. 13. Performance of RISCVRocketBoard in gXR5 and gem5 against FPGA emulated system.

be configured via the corresponding python scripts in gem5. The size of the branch predictor is
matched to the hardware branch predictor. The data access latency of the L1 cache and the latency
of integer functional units in gXR5 are matched to the actual hardware. The implementation of the
Gshare branch predictor model and fine-tuning of integer division functional unit (with 16 clock
cycle latency) reduces the MAPE in IPC to 6% for control intensive stressors and to 16.2% (overall).
The reduction in MAPE in IPC for stressors in various tuning stages is depicted in Figure 12.

The Rocket system emulated on the VC707 FPGA runs at a frequency different from the sys-
tem modeled on gXR5. Moreover, the ratio of DRAM Controller frequency and CPU operating
frequency is kept at 2.67 for both hardware and gXR5. The number of clock cycles elapsed while
executing SPEC suite applications is used to compare the performance statistics of the hardware
and validated gXR5. The MAPE in the execution cycles is reduced from 31% to 18.9 % for gXR5. We
also provide the validated RISCVRocketBoard built on top of gem5 “develop” branch by matching
the configuration of the calibrated MinorCPU, caches, MMU cache, and so on. For the RISCVRock-
etBoard, the core of both the emulated and simulated system is clocked at 100 MHz. Figure 13
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shows the accuracy of the RISCVRocketBoard, with mean error in execution time of 20% for the
selected SPEC CPU 2017 suite applications.

Using SPEC suite to calibrate FS-simulators takes 3-7 days per simulation. This compared to 3
hours per simulation for stress-ng benchmarks, greatly speeding up the validation process.

6 Conclusion

In this work, we have presented a new approach streamlining CPU fine-tuning methodology for
FS-simulators. The proposed methodology is generic (i.e., extensible to both other ISAs and to
other modeled components, including Out-of-Order CPU, memory hierarchy) as it fine-tunes ISA-
agnostic models of FS-simulator. We applied this methodology to fine-tune the in-order MinorCPU
model of gXR5 against two hardware targets having varying degrees of available specifications. To
this end, we employed component-level stressors, which are much more representative of realistic
workloads than synthetic micro-benchmarks [26], while requiring much less simulation time than
full benchmark suites such as SPEC. As a result, our validated simulated systems exhibit similar
errors in performance metrics for both training (stress-ng) and large (SPEC) applications, unlike
existing methodologies. With component-level calibration, we reduced the MAPE in execution
time from 44% to 22.9% and from 30% to 18.9% for the two RISC-V hardware targets. We make use of
the modularity offered in gem5, to create two validated boards as part of the standard gem5 library.
The boards have a mean error of 20%–23% in execution time, re-affirming the reproducibility of
our methodology.
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