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Abstract—Pre-RTL ISA-agnostic simulators have been estab-
lished for designing heterogeneous systems, but few of them are
suitable for evaluating a general-purpose processor (GPP) with
custom instructions (CIs). MosaicSim [1], a state-of-the-art ISA-
agnostic simulator, still has several limitations for CI design and
simulation. First, it shows inaccuracy in simulating GPPs due
to an oversimplified performance model. Second, as designed for
kernel simulation, it lacks support for running complex real-world
benchmarks. Third, it cannot evaluate fine-grained irregular CIs
due to the lack of the ability to represent or define them in
benchmarks. To this end, we propose CISim, a new ISA-agnostic
simulation framework containing an offloader that generates and
integrates Cls into benchmarks, along with a simulator capable
of executing benchmarks with CIs. Evaluations show that CISim
is accurate by validating against Gem5 [2] and achieves higher
accuracy than MosaicSim. A case study evaluating CI exploration
methods highlights the strength and flexibility of CISim.

Index Terms—CPU Simulator, Custom Instruction,
Agnostic Simulation, Performance Modeling
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I. INTRODUCTION

Extending a base general-purpose instruction set architecture
(ISA) with custom instructions (CIs) improves both perfor-
mance and energy efficiency of processors. The rapid evolution
of domain algorithms and applications drives a need for pre-
RTL simulators in CI design. Currently, using existing CPU
simulators [2]-[6], designed for real-world ISAs, is the primary
method for exploring and evaluating ISA extensions. As another
trend, some works [1], [7], [8] aim to build ISA-agnostic
simulators to guide specialized hardware design, which are
decoupled from legacy ISAs and eliminate the need to simulate
ISA-dependent characteristics of workloads [9].

Building a simulator should address several challenges, in-
cluding accuracy, simulation speed, the ability to execute a wide
range of workloads, and flexibility [4]. When designing CIs
for general-purpose processors (GPPs), the traditional compiler-
simulator paradigm faces the issue of requiring additional effort
besides modifying simulators, such as inevitable modifications
to compilers and benchmarks. Although ISA-agnostic simula-
tors have shown strength in designing specialized hardware,
few of them can be used for CI simulation. Gem5-Aladdin [8]
and Gemb5-Salam [7] are not entirely ISA-agnostic, relying
on Gem5 [2] to simulate GPPs, as they are designed for
accelerators in heterogeneous systems. Only MosaicSim [1]
provides an ISA-agnostic GPP model, but it poses three lim-
itations in addressing the above challenges for CI simulation.
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First, it provides insufficient accuracy due to an oversimplified
performance model of GPP, which may produce misleading
results in CI design. Second, it only simulates kernel-based
benchmarks and lacks support for complex benchmarks whose
code regions of interest to simulate are hard to represent as
kernels. Third, MosaicSim is unsuitable for evaluating GPPs
with irregular CIs because it cannot represent or provide an
interface to define them in benchmarks, particularly given that
such CIs can be located anywhere within a benchmark.

To this end, we establish a new ISA-agnostic simula-
tion framework based on LLVM [10] toolchain for Custom
Instruction Simulation (CISim) of GPPs. CISim includes an
offloader that automatically customizes benchmarks with CIs,
which provides a proper representation for custom and corre-
sponding data-moving instructions in LLVM IR. It eliminates
the need to modify compilers or benchmarks, providing an
easy-to-use interface for defining new instructions. CISim also
has a cycle- and trace-driven simulator that uses LLVM IR
as the ISA, allowing evaluation of the GPP performance and
extended ability to run benchmarks with new ClIs. CISim
can execute complex real-world benchmarks and achieve high
accuracy through a detailed performance model. We imple-
ment an LLVM-based basic block vector (BBV) collection
method, working with Simpoint [11] to select representative
code chunks, and provide another LLVM pass to instrument
and collect traces for selected chunks used in simulation. Our
contributions can be summarized as:

e We introduce CISim, a framework that uses an offloader to
automatically generate and integrate CIs into benchmarks
in LLVM IR and a GPP simulator cooperating with the
offloader to run real-world benchmarks with CIs, bridging
the gap between CI representation and simulation.

o Evaluation shows CISim achieves low IPC errors of
5.0%, 6.4%, and 11.4% when validated against Gem5 on
three 2-/4-/6-wide out-of-order cores using benchmarks
from SPEC2006 [12] and SPEC2017 [13]. Also, CISim
achieves lower IPC errors than MosaicSim using Mach-
Suite [14] on these cores.

« We present a case study that utilizes CISim to evaluate CI
exploration methods, demonstrating the strength of CISim
and yielding two observations.

II. BACKGROUND AND MOTIVATION
A. Tightly Integrated Custom Instruction

Fig. 1 shows the tight integration of a custom functional
unit (FU) to run CIs. This approach requires modifications to
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Fig. 1: A tightly integrated custom FU to run ClIs.

various pipeline stages to recognize and handle new custom
opcodes [15]-[17]. Implementation in the host core’s pipeline is
ideal for low-latency operations such as simple combinational
or short multi-cycle CIs, e.g, ARM Custom Instruction [18].
More complex instructions with high latency or those that are
supposed to run in parallel with the host processor may be
suitably implemented as coprocessors, e.g2., RoCC [19]. In this
paper, we focus on CIs whose latency can be represented as a
single value and identified by fusing operations within a basic
block. For larger code regions, works [20], [21] propose gener-
ating benchmarks targeting hot paths comprising multiple basic
blocks and even loops. They require modeling an accelerator to
run such regions that include branch and memory operations,
which is not the problem this paper aims to solve.

B. Current Simulation Approach and Limitation

1) Compiler-Simulator Approach: Evaluating CI with this
approach requires modifying simulators, compilers, and source
code of benchmarks, causing significant effort beyond the
architectural design from researchers. For example, Gem5 [2] is
one of the most popular and influential simulators for studying
processor architectures, providing a domain-specific language
to define new instructions. However, it requires the application
to be compiled into a binary executable, making it inevitable
to extend mature compilers like GCC [22] or LLVM and
modify the source code with new instructions. To solve this,
TDG [23], [24] proposes a graph-based approach to model
various accelerators, relying on critical path analysis, but it is
inaccurate in contention modeling [25].

2) ISA-agnostic Simulator: 1SA-agnostic simulators [1], [7],
[8] typically use LLVM IR as the ISA. MosaicSim [1] is a
state-of-the-art simulator designed for heterogeneous systems,
modeling performance for both GPPs and accelerators. How-
ever, it has three limitations for evaluating a GPP with ClIs.

(1) MosaicSim is not accurate enough due to the absence
of an instruction cache (ICache), unmodeled pipelined FU
behaviour, an oversimplified instruction fetch strategy, and an
inappropriate branch predictor training method that trains the
branch predictor immediately after predictions are made, rather
than during commit. (2) It only simulates benchmarks repre-
sented as well-defined kernels, restricting MosaicSim’s usage to
the GPP design that requires simulating complex benchmarks,
whose code regions of interest can cross several basic blocks
with complex control-flow and nested function calls, making
them hard to extract as kernels. Running benchmarks with bil-
lions of instructions can also be problematic with MosaciSim,
particularly without supporting an acceleration mechanism like
Simpoint [11], due to the absence of a tool that can collect
BBV and instruction traces of a selected chunk at the LLVM
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Fig. 2: The workflow of CISim. In this example, two muls
are fused as a CI. A and B are original and customized IR,
respectively, for a core allowing three source operands at most.

IR level. (3) It cannot customize benchmarks with Cls without
representing them properly. Representing new instructions as
function calls in LLVM IR is a straightforward idea, which
has been used previously to represent coarse-grained acceler-
ators [7], [8], but it faces challenges for irregular CIs. These
CIs may appear anywhere in an application and contain a few
operations that are part of a basic block, which can hardly be
extracted and defined as functions manually. Representing CIs
as functions raises a problem that their arguments and return
values should be meaningful in simulation as instructions. CIs
should be designed under architectural constraints, including
register ports and instruction bit width, which limit the number
of operands of instructions. However, a beneficial CI may have
a larger number of operands than the limit, so special-purpose
registers (SPRs) [26] and data-moving instructions [27] should
be introduced. A proper representation is required for custom
and corresponding data-moving instructions that encode both
scalar general-purpose registers (GPRs) and SPRs, which is
not possible with existing simulators.

III. CISIM
A. Overview

Fig. 2 illustrates the workflow of CISim, where the shaded
boxes represent four key steps that are detailed below.

1) Preparation: The process begins by compiling an ap-
plication to LLVM IR and applying optimization passes. In
step 1, we perform an instrumenting pass to collect BBVs as
input to Simpoint, which is optional. In step 2, we collect
traces for a selected code chunk or the entire application
using another instrumenting pass, which counts the number of
executed instructions and records traces for a specific interval.
Both collections of BBV and trace require the instrumented IRs
to be compiled into executables and run on a real machine.

2) Offloader: In step 3, the offloader generates CIs based on
fusion information indicating which instructions to fuse. In our
example, two multiply instructions mul (%21 and %26) in the
original IR (Fig. 2A) are fused as a new CI mul_mul, which
has four inputs and two outputs. Considering the limitations of
instruction bit width or allowed register ports per instruction
of the host core, encoding all operands in an instruction can
be hard. Therefore, we assume that this CI accesses a SPR
with the aid of data-moving instructions. Fig. 2B shows the



Inst. with P-1 p-2 P-3 P-4
External
inputs ced y | Split input Create a Create empty Create
PACK> types into [—|structure type —*| PACK > CallInsts for
chunks for each chunk functions PACKs
Inst. with £ 1 l c1 l c-2
external
outputs Create a Create an Create a
strucuture type —{ empty CI CallInst for
for return value function CI function
I c-4 l C-3
[__ISteps to generate PACK [ Common steps Complete Insert extract.
=g PS | cr/PAck  f— & Update users

[Isteps to generate extractvalue

Functions of CI

Fig. 3: Detailed steps for generating customized IR.

Input files  cfu_Odata ¢ CI Config CIO0 CI2 Datapath

cfu_0.data CL#0 ;ms‘rr‘uc’rion‘s: L @
v4,5 7 custom_insnQ: !

cfu_ldata) |cT #1 port: 2%015 |

cfu_2.datal\ |v 10, 12,13 fu: 0 : _merge. @
CL#2 opcode: 1025:
v1iz2 cycle: 0 @

A) (B) ©)
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Info. in Fig. 2). (B) CI configuration template output by the
offloader. (C) Merged datapath for ClIs of different operations.

customized IR. The offloader inserts two PACK instructions to
pack operands into two structures that represent the explicit
transfer of data from scalar GPRs to a SPR. Two structures,
each containing part of the operands, are then passed into the
function mul_mul. Since LLVM allows only one return value
per instruction, the return value of this CI is also a structure.
The IR extractvalue is used to extract values from the
returned structure, which represents data movements from a
SPR (%ret) to two GPRs (%extract and %extractl).

3) Simulator: In step 4, the simulator runs benchmarks
with/without CIs, requiring static IR, the collected trace, and
two configuration files: one for hardware parameters and gen-
eral instructions, and another for CIs. It begins at the basic
block where the trace starts, requiring reading and assigning
values from the trace to static IR to drive the simulation, like in
Fig. 2B, a branch decision is read to decide which basic block to
run next. CISim only allows fusing arithmetic instructions and
never changes the order of memory and branch instructions, so
trace collection is required once for different CI configurations.

B. BBV and Trace Collection

1) BBV Collection: BBV is a vector of how many times each
basic block is executed of an application, which is collected
within fixed intervals, e.g., every 100 million instructions. To
collect BBV, we insert a function to count how many times a
basic block has executed at the beginning of each basic block.
We insert another function at the end of each basic block to
count the number of executed instructions in the current interval
and dump BBV to a file when reaching the interval end.

2) Trace Collection: We count the number of executed
instructions at the end of every basic block and check at the
beginning of each basic block to see if the interval has been

reached. We insert the collecting functions before each corre-
sponding IR to collect load/store addresses and branch/switch
decisions, as well as names of basic blocks at the beginning
of each block. Collecting functions use a flag to check if the
collection is enabled each time they are called. The flag is set
to be true within the target interval only. Basic block names are
dumped to support indirect function calls, which are invoked
via function pointers that are unknown in static IR. We also
record the basic block name at the interval’s start to indicate
where to start a simulation. To avoid the cold-start simulation,
CISim supports collecting additional traces for warming up
before the selected chunk.

C. Offloader

1) Input and Output: The input to the offloader, specifying
the fusion information, is shown in Fig. 4A. It consists of a
list of files, each defining a custom FU and CIs that execute
on it. A CI is defined in two lines. The first line, e.g., CI #
0, indicates that this is a new instruction, and the second line,
starting with a letter v, is a list of unique static IDs representing
operations to fuse. One can use an LLVM pass to identify which
instructions to fuse and generate this configuration easily. Static
IDs are assigned by traversing the IR hierarchy in the order of
Module, Function, Basic Block, and Instruction.

Besides customized IR, the offloader also outputs a CI
configuration template (CI Config in Fig. 2) as input to the sim-
ulator. Fig. 4B shows its format, where each CI has four fields
(the same as general instructions). We use the representation
proposed by [28] to indicate the port usage of an instruction.
A data-moving instruction’s latency is specified in the cycle
field. A CT’s cycle is calculated dynamically in simulation using
operations on the critical path of its dataflow graph, which are
stored in IR’s metadata. Metadata also includes opcodes of new
instructions automatically assigned by our offloader.

2) Datapath Generation: Fig. 4A shows Cls with a different
number of operations that run on a custom FU. To share
hardware resources among them, as shown in Fig. 4C, the
offloader merges dataflow graphs of Cls to generate a shared
datapath using the method proposed in [27]. CIs defined in a file
execute on the same custom FU, which is specified in the FU
field, but they are represented using different function names.
Operations of the merged graph are also stored in metadata.
These operations, as well as operations on CI’s critical path,
are for further use in estimating power/area.

3) Code Generation: The idea of automatically customizing
IR was previously used by researchers to discover Cls [29].
However, their implementation creates redundant basic blocks
in benchmarks, preserving both original and customized ba-
sic blocks, which causes incorrect functionality and prevents
benchmarks from running on a simulator. We improve it by
preserving only customized basic blocks. Fig. 3 shows the
implementation steps. It first recognizes the instruction se-
quence to fuse as a CI according to the fusion information, and
identifies instructions with external inputs and outputs. After
that, steps from P-1 to P-4 generate PACKSs, if a CI has more
input operands than a predefined threshold. If a CI has more
than one return value, step E-1 is required to create a structure
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type for output values, and extractvalues are inserted to
extract values in step C-3. Steps from C-1 to C-4 generate CI
functions. More details can be found in [29].

This implementation benefits CI simulation from three as-
pects. First, it generates custom and data-moving instructions
with correct data dependencies, which is the foundation of
simulation. Second, it builds dependencies between PACKS to
abstract the case of sequentially transferring data from multiple
GPRs to specific positions of a single SPR, with each transfer
preserving the SPR’s previous data at other positions. As shown
in Fig. 2B, the output of PACK %26 is passed to PACK %27.
We improve it by omitting this dependency if required to move
data to separate SPRs. Third, it preserves correct semantics for
data-moving. A CI function directly returns a structure instead
of a pointer because extracting values from a pointer introduces
other instructions like 1oad, which is not consistent with the
semantics of moving data between GPRs and SPRs, as well as
lacks recorded addresses in the trace. In contrast, PACK returns
pointers to structures allocated using malloc, since they are
used in CI functions and are never executed in simulation.

D. Performance Modeling

The simulator is implemented based on the microarchitecture
shown in Fig. 5A. It has eight pipeline stages: Fetch O,
Fetch 1, Decode, Rename, Dispatch, Issue, Execute/Complete,
and Commit. Decode is an empty stage for future extension.
Complete is used to mark the end of an instruction execution.

1) Fetch & Schedule: The fetch contains two stages. Fetch
0 sends fetch requests to the ICache from the fetch target
queue (FTQ). Fetch 1 waits and receives responses from ICache
and fetches instructions into a fetch queue. Since traces are
collected in a real machine, traces for those mispredicted
branches are unavailable, and CISim runs only basic blocks on
taken branches. Fig. 5B illustrates how CISim schedules basic
blocks and generates fetch requests based on the control flow,
where BBO, BB2, and BB3 are three basic blocks to execute.
The schedule determines which basic block to run next based on
the result of a terminator. It also converts static IR to dynamic
instructions by reading and assigning traces, such as an address
for a load, and builds data dependencies between instructions.

After a basic block is scheduled, CISim splits it into several
fetch requests according to the fetch buffer size and puts them
into FTQ. In our example, BBO and BB3 each have one request,
and BB2 has two requests. Fetch 0 sends a fetch request when
the next PC is going to cross the fetch buffer boundary, such as
I1 and I2. If a branch is predicted correctly and its PC falls
within the fetch buffer, no fetch request is generated for the first
PC of the target basic block, like I3 of BB3. Fetch 0 schedules
the next basic block before sending a fetch request, but only
if the previous PC corresponds to a terminator, e.g., I1. I2
invokes no schedule as its predecessor is not a terminator.

2) Branch Prediction: Fetch 0 uses decisions from the
branch predictor to determine if a misprediction occurs. Since
CISim cannot simulate mispredicted branches, we propose
modeling the penalty before sending a fetch request to ICache.
In Fig. 5B, BB1 is mispredicted to be taken, so a penalty occurs
before sending a request (address of I1) to fetch BB2. In this
case, CISim stalls fetch, waits until the branch decision is made,
and then additionally stalls a predefined cycle.

3) Rename Model: LLVM IR uses an unlimited set of virtual
registers, so the rename is not required, but we still need to
manage physical register usage. The conventional approach
frees a register after writing its related architectural register.
Without architectural registers, it is hard to know when to
free a physical register, so we use an analytical method to
calculate register requirements. During scheduling, we assign
unique dynamic IDs to instructions, each corresponding to a
unique destination operand. After rebuilding data dependen-
cies with these IDs, we can determine register requirements
by counting unique IDs among both destination and source
operands of instructions in the reorder buffer (ROB). For ex-
ample, we calculate the number of allocated integer registers as
Nsed = Nl N NG the number of reg-
isters allocated to integer destination operands of instructions
in ROB, which can be easily managed. N?'*" . is the number
of registers consumed by source operands (of instructions in
ROB) produced by instructions previously committed. To avoid
repeatedly traversing ROB, we manage a map<op, count>,
whose size is N?"°” . The op is an operand ID. We insert

src_int*
items or increment counts after an instruction is renamed, and



TABLE I: GPP Out-of-Order Cores

Core Configuration

0002 2-wide pipe., 64-entry ROB, 32-entry 1Q, 1 ALU, 1 FPU,
1 iMul/iDiv, 1 fpMul/fpDiv, 1 BRU, 1 LD/ST

0004 4-wide pipe., 192-entry ROB, 64-entry 1Q, 3 ALU, 2
FPU, 1 iMul/iDiv, 1 fpMul/fpDiv, 1 BRU, 2 LD/ST

0006 6-wide pipe., 512-entry ROB, 128-entry 1Q, 4 ALU, 3
FPU, 2 iMul/iDiv, 2 fpMul/fpDiv, 2 BRU, 2 LD/ST

Memory

L1I/L1D 32KB / 8-way / 3-cycle hit lat

L2 IMB / 16-way / 8-cycle hit lat

L3 8MB / 16-way / 34-cycle hit lat

DRAM 25GB/s BW / 118-cycle hit lat

decrement counts and remove items whose count decreases to
zero when it is committed, both using this instruction’s source
operands produced by instructions that have left the ROB.

4) Issue & Execution: We use a simplified model for execu-
tion ports. For the instruction in Fig. 4B, we do not decompose
it into two uops, each using one port, but instead, we assume
it always has only one uop and occupies one of these ports for
two cycles. FUs can be configured fully pipelined or not.

5) Function Call: A call instruction can be a normal func-
tion call, a CI, or a data-moving instruction. CISim identifies
new instructions by checking if their metadata is not empty,
and then parses the metadata to calculate the latency of CIs and
obtain their opcode. CISim treats each custom or data-moving
instruction as a single operation, never executing its function
body. CISim uses a stack to manage general function calls. It
pushes or pops a return address into/out of the stack when a
call/ret instruction is being scheduled. When our simulator
detects an indirect function, it gets the first basic block of the
function based on its name recorded in the trace.

6) Cache and DRAM Model: CISim employs a cache and
DRAM model similar to MosaicSim [1], but CISim supports
ICache. We also realize fetch-directed prefetcher [30] in ICache
and stride prefetcher [31] in DCache.

IV. EVALUATION
A. Accuracy

1) Methodology: Validating the accuracy of CISim faces
two challenges. First, microarchitectures of real-world proces-
sors have become increasingly complex, making it hard to
model their behaviors without microarchitectural details. Sec-
ond, CISim uses LLVM IR as the ISA, and the ISA difference
often results in errors, such as validating it against a CISC x86
machine, despite LLVM IR being a load-store architecture. We
therefore validate CISim by comparing instruction per cycle
(IPC) with the Gem5 [2] RISC-V simulator, which has a similar
pipeline organization to CISim. The accuracy is validated by
configuring both CISim and GemS5 with the same architectural
parameters for three out-of-order (OOO) cores as specified in
Table 1. All cores use the same memory system configuration,
a TAGE [32] branch predictor with an 8-cycle flush penalty, a
64-byte fetch buffer, and one port for each FU. Validations use
C/C++ benchmarks from SPEC2006 [12] and SPEC2017 [13].
We skip the first 10B instructions and report results for the next
10B instructions with the reference inputs.
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Fig. 6: IPC estimation of CISim and Gem5 on three cores.
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IF is the penalty in instruction fetching due to ICache miss,
and MisP is the penalty of branch misprediction. L1D, L2, L3,
and DRAM are components of cycles spent on accessing L1
data, L2, L3 caches, and DRAM. The Base is the rest.

2) Result: Fig. 6 shows the IPC per benchmark achieved by
CISim (left bars) and Gem5 (right bars) on three cores. The
absolute errors of IPC are shown at the top of the bars. CISim
achieves geometric mean errors of 5.0%, 6.4%, and 11.4% on
0002, 0004, and 0006, respectively. CISim underestimates
performance (lower IPC) on some benchmarks, contradicting
the intuition that missing components in CISim may lead to
overestimation, like those for address translation (e.g., TLB).
It is due to the RISC-V ”C” extension, which reduces much
pressure on the frontend by fetching 16-bit instructions. Even
though we have disabled it during compilation, compressed
instructions are still present in pre-compiled external libraries.
CISim cannot simulate functions in external libraries and will
skip them since it is unable to convert them into the format
of LLVM IR and collect their traces. To investigate the source
of errors, we present CPI stacks of CISim (left) and Gem5
(right) on OOO4 in Fig. 7. It shows that CISim captures a
similar breakdown to GemJ, indicating that the accuracy of
CISim is not achieved by overestimating one component and
underestimating another excessively.

3) Comparison with MosaicSim: Since MosaicSim only
simulates kernels, we compare CISim with its GPP model



Fig. 8: IPC of MosaicSim, CISim, and Gem5 on OOO4.

using MachSuite [14] and report results of kernels only. Fig. 8
shows the estimated IPC of them, as well as Gem5 used as
the reference. MosaicSim achieves a geometric mean error of
29.4%, while CISim achieves a lower error of 11.5%. CISim
also achieves lower error rates on Q002 (8.7% vs. 46.7%) and
0006 (13.4% vs. 22.5%). Sources of errors in MosaicSim are
discussed previously in Section II-B2.

CISim has a higher error rate using MachSuite than SPEC.
CISim and Gem5 cover identical code regions (kernels) when
running MachSuite. In contrast, when running SPEC, the same
number of instructions may correspond to different code regions
due to the ISA difference. This explains the divergent results.

4) Running Overhead: The simulation speed of CISim is
250 KIPS for the OOO4 core on an Intel Xeon CPU E5-2695
v4, slightly slower than MosaicSim’s 280 KIPS, due to its more
complex but more reliable performance model. To run SPEC
with 10B instructions, CISim requires an average of 500 MB
of runtime physical memory and tens of GB of disk storage
(hundreds of MB for MachSuite).

B. Case Study: Evaluation for CI Exploration Methods

Automated CI exploration is important and well-studied [33].
Discovered Cls can be located anywhere and contain various
operations, which pose difficulties in evaluating their benefits,
but CISim provides a promising platform for them. Three works
are selected to run, including Novia [27], CIExplorer [29], and
MaxClique [34]. We revise them a little to generate inputs for
our offloader. All experiments are performed using 200 million
instructions selected by Simpoint and assume each CI’s latency
is the critical path of its dataflow graph, without considering
any techniques that can reduce this latency. Custom FUs are
fully pipelined. Both CI and data-moving instructions encode
at most three source operands, and the latter require one cycle.

Observation #1: There seems to be no simple principle
for exploring CIs that can benefit all cores. Fig. 9 shows the
speedup achieved by all three methods on three cores in the
top, and shows the coverage of dynamic custom instructions
in the middle. Note that only CIExplorer can identify different
CIs on three cores, thereby achieving different coverage shown
with different suffixes, e.g., -O0O02. MaxClique has proven
that for RISC in-order cores, a CI can achieve higher speedup
with more operations, but this principle does not apply to
00O cores. CIExplorer produces performance improvements,
but with the increase of instruction-level parallelism (ILP) of
cores, its benefits decrease. Moreover, pursuing higher coverage
of CIs does not always benefit performance. As shown in the
middle, Novia and MaxClique have higher coverage, but they
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Fig. 9: The top shows speedups of three exploration methods
on three cores. The middle shows the dynamic instruction
coverage. The bottom shows IPC improvements of CIExplorer.

decrease the performance of all cores, because their identified
CIs have too many operations and introduce too many data-
moving instructions, obstructing operations that could run in
parallel. Assuming two consecutive instructions without data
dependency, I1 and I2, each of them can start running when
its operands are ready in an OOO core. However, after fusion,
one must wait for additional operands from the other, partic-
ularly when these operands are from memory and cause miss
penalties, thereby decreasing ILP. The more fused operations
in cores of higher ILP, the larger the limitation. CIExplorer
works best by using an ILP-aware cost model for host cores,
but it still falls short in modeling this behavior, as it exploits
no dynamic information about the branch and memory.

Observation #2: Be careful when fusing operations for
improving throughput. The bottom of Fig. 9 shows the IPC
of CIExplorer normalized to cores without Cls, revealing no
improvement for most benchmarks. Put simply, I1 and I2 can
be committed in parallel with an IPC of 2, but after fusion, IPC
decreases to 1 (only one CI left). CIs can improve performance
by reducing pipeline pressure and instruction count, but may
limit ILP as discussed above. A possible way to enhance both
performance and throughput is to fuse operations in a chain [35]
and avoid fusing parallel operations, preferably with the help
of an ILP-aware cost model and dynamic information.

V. CONCLUSION

We propose CISim for ISA-agnostic custom instruction sim-
ulation, intending to replace no simulator, but rather to validate
an idea that may take a step toward addressing the inflexibility
of the current simulation paradigm. We demonstrate that CISim
is reliable by validating CISim against GemS5 on three out-
of-order cores. CISim also achieves lower error rates than
MosaicSim. After validation, we present a case study that
applies CISim to evaluate various CI exploration methods,
providing two key observations that demonstrate its strengths.
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