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Abstract—The growing adoption of NVIDIA Jetson devices in
edge-AI applications highlights the need for accurate architecture
simulation tools on their integrated GPUs. Existing cycle-accurate
GPU simulators primarily target traditional discrete GPUs and
exhibit significant inaccuracies when applied to Jetson integrated
GPUs. While Accel-Sim serves as the most widely used academic
simulator for NVIDIA GPU research, its lack of support for
the latest Jetson integrated GPUs severely hinders architectural
exploration for next generation edge-AI devices.

We propose Accel-Sim-J, which bridges the gap by repurposing
Accel-Sim simulation framework to NVIDIA Jetson GPUs. We
refine three major Accel-Sim framework components by applying
tuner modifications, GPGPU-Sim performance model enhance-
ments, and correlator adjustments. These improvements enable
precise Jetson GPU simulation support, reducing simulation cycle
errors from 29.0% to 22.7% on the Rodinia benchmark and
from 26.1% to 16.1% on a transformer block. Furthermore,
our enhanced architectural support for Ampere GPUs achieves
a considerable reduction in simulation error (from 140.1% to
50.2%) for GEMM kernels.

Based on Accel-Sim-J, we conduct a case study investigating
the architecture design difference between an edge GPU and a
traditional one. Specifically, we compare the optimal Compute-to-
Cache (C2C) ratio by changing the L2 cache size of Jetson AGX
Orin and RTX 3090. We conclude that Jetson GPUs demonstrate
a higher optimal C2C ratio than discrete GPUs for the same
workloads. We suggest that designers reduce the on-chip area
proportion of the L2 cache in the next generation Jetson GPU
design for better performance and efficiency.

Index Terms—Computer Simulation, Accelerator Architec-
tures, Cache Memory

I. INTRODUCTION

Edge-AI devices have gained widespread popularity in
recent years due to burgeoning edge-AI applications such
as autonomous driving and robotics, which demand stringent
requirements on latency and energy efficiency [1]–[5]. The
most widely used commodity edge-AI device goes to the
NVIDIA Jetson series equipped with integrated GPUs. Such
GPUs are much smaller than discrete ones with integrated
memory.

However, the lack of accurate architecture simulation tools
for integrated GPUs severely hinders the design exploration
of edge-AI devices. Previous studies have proposed many
cycle-accurate or cycle-approximate simulators for discrete
GPUs [6]–[8]. Unfortunately, none of them explicitly target

integrated GPUs on NVIDIA Jetson series. They either lack
support entirely or fail to maintain simulation accuracy when
ported to integrated GPUs. This results in a significant vacancy
in efficient and practical architectural design simulation tools
for edge computing scenarios.

Among all existing simulators, the open-sourced Accel-
Sim [7] is the most widely used cycle-accurate simulator
with superior accuracy on NVIDIA discrete GPUs. Accel-Sim
is the official successor of GPGPU-Sim [9] with enhanced
scalability and usability. It integrates GPGPU-Sim 4.0 as a
component for GPU modeling. We reveal that Accel-Sim fails
to model the latest Jetson integrated GPUs accurately due
to deficiencies in three critical components. Firstly, it cannot
provide the correct configuration for a Jetson device and its
shared LPDDR memory. Secondly, its modeling of the Ampere
GPU architecture is defective, resulting in significant accuracy
degradation for GEMM operations utilizing the 3rd generation
Tensor cores on a Jetson Orin device. Thirdly, its statistics
correlation tool does not faithfully capture hardware counters
on a Jetson device to calibrate the simulator.

To address these issues, we propose Accel-Sim-J (Jetson)
by refining three basic components of Accel-Sim for the
simulation of NVIDIA Jetson GPUs. For the tuner, we provide
precise configurations for Jetson GPUs and introduce an
LPDDR memory model. For the GPGPU-Sim performance
model, we enhance the modeling ability on Ampere archi-
tecture by providing support for the 3rd generation Tensor
core operations including asynchronous copy and L2 cache
prefetch. In the correlator part, to ensure simulation results
align with hardware counters obtained from the Nsight Com-
pute (NCU) tool, we modify the simulator to support L2
cache invalidation, matching the profiling behavior of NCU
on NVIDIA Jetson GPUs. All our modifications maintain
compatibility with Accel-Watch [10] and can be further used
in energy efficiency analysis for edge AI applications.

We conduct simulation experiments on the latest Jetson
AGX Orin device to evaluate Accel-Sim-J. We reduce the
simulation cycle error from 29.0% to 22.7% on the Rodinia
benchmark and from 26.1% to 16.1% on a transformer block.
Especially, we achieve a remarkable improvement on the
L2 cache read hit count simulation, reducing the error from
59.8% to 3.3% on the Rodinia benchmark. Furthermore, we
reduce the maximum kernel cycle simulation error in the979-8-3315-2710-5/25/$31.00 ©2025 IEEE
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transformer block from 140.1% to 50.2%, which is attributed
to our fine-grained modeling of the Tensor core behavior
under the Ampere architecture. We successfully demonstrate
that our repurposed simulator achieves a simulation accuracy
comparable to that of the original Accel-Sim, which was
validated for the previous generation Volta discrete GPUs.

To show that Accel-Sim-J can facilitate the architectural
design of edge-AI devices, we conduct a case study by
adjusting the L2 cache size of Jetson AGX Orin and examine
the resulting performance variations across diverse cache-
intensive workloads. Our findings reveal redundancy in the
current L2 cache size of the Orin GPU. To quantify the
optimal balance between the number of SMs and L2 cache
size for a specific GPU architecture under a given workload,
we introduce the workload-specific Compute-to-Cache Ratio
(C2C ratio). By comparing the C2C ratio of Jetson AGX Orin
against RTX 3090, we demonstrate that the performance opti-
mization opportunity of enlarging the L2 cache, as discovered
in [11], is not as significant for Jetson GPUs. Consequently, we
recommend allocating a larger proportion of on-chip area to
SMs, thereby increasing the C2C ratio, in future Jetson series
GPU designs to achieve enhanced performance.

Our contributions are as follows:
• To the best of our knowledge, we are the first to conduct

an in-depth study and enhance the simulation accuracy
on the integrated GPU of NVIDIA Jetson devices.

• We improve the simulation accuracy for Jetson GPUs by
decreasing the average cycle error from 26.1% to 16.1%
and the max cycle error from 140.1% to 50.2%.

• We conduct a case study on Jetson AGX Orin by explor-
ing the optimal C2C ratio for 6 selected cache-intensive
workloads. Our analysis reveals that the Orin exhibits a
lower optimal C2C ratio compared to the RTX 3090.

II. BACKGROUND AND RELATED WORKS

A. GPU Hardware Architecture

We present a concise overview of the NVIDIA integrated
GPU architecture, as exemplified by Jetson AGX Orin in
Fig. 1. For completeness, the CPU and various on-board accel-
erators is shown on the left, and the Ampere GPU is shown on
the right. The GPU comprises an array of SMs, functioning as
the core computational units optimized for parallel processing.
Each SM integrates four sub-cores, each equipped with a warp
scheduler paired with Arithmetic Logic Unit (ALU) modules
for fundamental computations and Tensor cores for specialized
matrix operations [12]. These sub-cores operate independently,
utilizing private L1 caches for data storage and shared memory
for inter-core communication. All SMs access a unified L2
cache via a high-bandwidth interconnect network. On the
Jetson Orin platform, these on-chip components are interfaced
with the integrated LPDDR5 memory, which is shared with the
CPU and other accelerators.

The GPU’s L2 cache is the Last Level Cache (LLC). It
adopts a partitioned, banked, and sectored design to enhance
memory throughput in multi-channel DRAM systems [13].
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Fig. 1: Jetson AGX Orin architecture.

This design mitigates partition camping, a bandwidth con-
tention issue arising from concentrated accesses to identical
cache partitions. This issue is particularly pronounced in
memory architectures with a higher number (≥ 8) of channel
organizations. Correspondingly, GPU L2 cache incorporates
an irreducible polynomial (IPOLY) hashing mechanism to
reindex cache banks through Galois field-based bitwise oper-
ations [14], effectively transforming clustered access patterns
into uniformly distributed requests across all available DRAM
channels and maximizing the effective memory bandwidth.

Our Work: We customize the configuration files for
Jetson GPUs and their LPDDR memory for the tuner
of Accel-Sim, thus enabling Accel-Sim with simulation
capabilities for the Jetson series devices.

B. GPU Simulator

Existing research has proposed several cycle-accurate GPU
simulators like Accel-Sim [7] and NVArchSim [8], and cycle-
approximate simulators like PPT-GPU [15] and HyFiSS [6].
Cycle-approximate simulators often trade off simulation accu-
racy for speed, hindering high-fidelity simulations for accurate
architecture design. Among all the cycle-accurate simulators,
Accel-Sim [7] is the most widely adopted for its superior simu-
lation accuracy on NVIDIA GPUs. The Accel-Sim simulation
framework comprises four main components: 1) Tracer, a tool
built on top of NVbit [16] that extracts NVIDIA SASS assem-
bly instruction trace of GPU applications through dynamic
binary instrumentation; 2) Tuner, a characterization module
that utilizes a minimal set of user-provided hardware defini-
tions and an automated microbenchmark suite to discover non-
public GPU hardware parameters for simulation; 3) GPGPU-
Sim performance model, a cycle-accurate simulation engine
that executes traced workloads using the calibrated configs
from tuner; and 4) Correlator, a validation tool that calibrates
the simulator through statistical correlation analysis between
simulated results and profiled hardware performance counters.

However, the Accel-Sim framework primarily targets the
simulation of discrete GPUs. Its limitation for Jetson GPU
arises from the lack of correct hardware configuration, in-
sufficiently refined performance modeling, and an erroneous
correlator. Additionally, Accel-Sim was originally proposed
for the previous generation Volta V100 GPU and later ex-
tended to give limited support to Ampere GPUs. It lacks
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accurate support for certain behaviors associated with the
newly introduced 3rd generation Tensor cores in the Am-
pere architecture, including asynchronous copy, L2 prefetch,
etc [17], [18]. Given that the widely adopted Jetson AGX
Orin platform is based on the Ampere architecture, these
shortcomings significantly affect Accel-Sim’s accuracy when
simulating this contemporary hardware device.

Our Work: We address the critical gap in Jetson GPU
simulation by repurposing the Accel-Sim comprehensively,
including providing support for the Jetson GPU tuning,
Ampere architecture modeling and results calibration.

C. Compute-to-Cache Ratio Issue

Previous research suggests that the capacity of the L2
cache plays a critical role in GPU performance, with par-
ticularly pronounced effects observed for memory-intensive
workloads [19]. Similarly, Orojenesis [20] quantifies cache
capacity’s critical role in roofline model optimization, estab-
lishing a parametric relationship between cache provisioning
and computational intensity. These findings emphasize the
significance of the L2 cache, or LLC, on GPU performance. A
recent architectural investigation on discrete GPU RTX 3080
has identified significant performance gains when enlarging the
L2 cache [11] on memory-intensive workloads (about 1.57x
acceleration at 4x L2 increase). To demonstrate the practical
value of Accel-Sim-J, we study the effect of L2 cache size
resizing for Jetson AGX Orin performance. Our experimental
results do not exhibit significant performance outcomes as on
RTX 3080, indicating that the current L2 cache size of Jetson
AGX Orin might be redundant.

Our Work: We conduct a case study on the AGX Orin
GPU to evaluate the impact of resizing the L2 cache
and further explore the workload-specific optimal C2C
ratio, thus facilitating the architectural design for the next
generation of Jetson series GPUs.

III. METHODOLOGY

Our architectural simulation framework, as illustrated in
Fig. 2, enhances Accel-Sim’s capabilities for NVIDIA Jetson
GPU modeling through the modification of three main compo-
nents. The tracer component of Accel-Sim utilizes the NVbit
tracing tool and requires no modification. Consequently, we
make enhancements to the tuner, GPGPU-Sim performance
model, and correlator:

• Tuner modification. We provide LPDDR memory con-
figurations and relevant hardware details of the Jetson
GPUs, such as L1/L2 cache parameters, clock frequency,
memory bandwidth and other critical system components.

• GPGPU-Sim performance model enhancement. We
provide enhancements for simulating Ampere GPU in-
structions, including asynchronous copy and L2 cache
prefetch support of the 3rd generation Tensor cores.

• Correlator adjustment. We adjust the correlator to align
with hardware performance counters obtained through the
Nsight Compute profiler, which forcibly conducts cache
invalidation after each kernel execution on Jetson GPUs.
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Fig. 2: Accel-Sim-J framework.

These modifications address the fundamental mismatch be-
tween NVIDIA discrete GPUs and Jetson GPUs, as validated
by our evaluation in Section IV. The enhancement details
of each component are elaborated from Section III-A to
Section III-C respectively.

A. Tuner modification

1) LPDDR Memory Model: The tuner integrated within
the Accel-Sim framework lacks support for LPDDR memory
modeling. To address this limitation, we extend the memory
configuration for LPDDR support by providing detailed pa-
rameters derived from a specialized DRAM simulator [21].
Additionally, we supplement the necessary parameters related
to memory channels, chip counts and channel indexing when
integrating the LPDDR memory model with Accel-Sim. In
LPDDR5 configuration for Jetson Orin, we set the memory
channel number to 16 and the chip number of each memory
channel to 1. Each memory chip has a 16-bit data width, and
the total data width of the LPDDR5 memory is 256 bits. In this
configuration, the LPDDR5 memory operates at a data rate of
6400 Mbps, providing a total bandwidth of 204.8 GB/s.

2) Miscellaneous: We find that the automated microbench-
marks provided by original Accel-Sim fail to report correct
information on certain hardware parameters. Thus, we sup-
plement the configuration files for Jetson GPUs by consulting
NVIDIA documentations and inspecting built-in information.
We find the GPU frequency measured via the original tuner
inaccurate and adjust it to the correct value shown from online
documents and the built-in jtop tool. Similarly, we also rectify
the memory frequency, the partitioning options for shared
memory, the L2 slice number and the L2 MSHR size. In detail,
we set the L2 slice number connected to each memory channel
to 1 and increase the L2 MSHR from 4 to 32 (KB).

B. GPGPU-Sim Enhancement

1) Tensor Core Enhancement: We identify critical model-
ing inaccuracies in the current Accel-Sim performance model,
primarily due to its simplified implementation of 3rd gener-
ation Tensor core instructions introduced in the Ampere ar-
chitecture. Specifically, the instructions LDGSTS (Load from
Global Memory and Store to Shared Memory), LDSM (Load
from Shared Memory in Matrix Format) and HMMA (Matrix
Multiply and Accumulate) are inaccurately modeled.
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Fig. 3: We use MAPE for correlation of GPU cycles and NPMSE for L2 read hits from original Accel-Sim versus ours.

LDGSTS. The Ampere architecture introduces LDGSTS
instruction to support asynchronous copy. It facilitates direct,
non-blocking data transfers from global memory to shared
memory, bypassing both the SMs and the register file stag-
ing [17]. LDGSTS should be used together with the existing
DEPBAR instruction for synchronization. We fix the problem
in the original Accel-Sim that the DEPBAR is handled incor-
rectly when there are no LDGSTS instructions. Furthermore,
Ampere supports L2 cache-level prefetching in LDGSTS and
LDG if used with indicator LTC64B or LTC128B. This feature
enables prefetching half or a whole 128B cacheline when
accessing a 32B sector of data to optimize data loading
efficiency. We implement this feature to improve the accuracy
of cycle count and L2 access hit during simulation.

LDSM. The Ampere architecture also adds another instruc-
tion LDSM to support loading data from shared memory to
registers in specialized matrix format [17]. This instruction
loads data in units of 16B and accesses shared memory four
times without bank conflict. This extends the traditional shared
memory access pattern with a 4B unit. We incorporate this
difference to enable correct shared memory simulation.

HMMA. HMMA instruction drives the Tensor core units to
perform matrix multiplication. The Volta architecture supports
only one HMMA instruction HMMA.884.F16.F16 at SASS
level, and the original Accel-Sim models it with fixed cycles.
However, in Ampere architecture, HMMA instruction is much
extended to more shapes including 1688 and 16816 with differ-
ent data types including FP16, FP64, INT1, INT4, INT8, TF32
and TF64. Correspondingly, we extend Accel-Sim to assign
different execution cycles to different HMMA instructions.

2) Miscellaneous: Besides, we extend the Ipoly hash im-
plementation to incorporate memory channel configurations
of 4, 8, 128, and 256, thereby enhancing the performance
model’s capability to support a broader range of memory
system architectures with improved accuracy and versatility.

C. Correlator Adjustment

1) L2 Cache Invalidate: During correlation analysis be-
tween hardware counters from NCU profiling tool and Accel-
Sim simulation outputs, we identify significant discrepancies
in L2 cache hit metrics (average error of 59.8% on the Rodinia
2.0 benchmark). After detailed investigation, we discovered
that the root cause of this problem lies in NCU 2022.2.1
tool on the Jetson platform. Specifically, an important flag
indicating whether the L2 cache is invalidated after each kernel
during NCU profiling is non-functional, defaulting to always
invalidating. Additionally, we also observe that the initial GPU
kernel execution does not automatically fill the L2 cache
with data from CudaMemcpy, as the NVIDIA discrete GPU
does. To address these two issues, we implement a new cache
invalidate mechanism triggered after each kernel execution and
set the gpgpu perf sim memcpy flag in original Accel-Sim to
0. This L2 cache invalidation policy reduces L2 cache hit rate
simulation error to merely 1.83%, greatly facilitates simulator
calibration against hardware counters.

2) Miscellaneous: Besides, we conduct comprehensive bug
fixes and address potential errors that could arise when using
the correlator on the Jetson Orin platform, thereby significantly
enhancing its usability.

IV. EVALUATION

A. Experimental Setup

Our experimental platform is a Jetson AGX Orin equipped
with 12 Arm Cortex-A78AE CPUs, an NVIDIA Ampere GPU
with 4M L2 cache, and a 32 GB LPDDR5 shared memory.
The detailed configuration is shown in Table I. We employ
the Rodinia 2.0 benchmark suite [22] as the foundational
test set to validate the basic modeling capabilities of our
simulation tool for the Orin platform. Furthermore, we extract
a transformer block from a representative model PETR [23] as
a supplementary benchmark. The query size is (900, 1, 256)
while the key and value size is (4224, 1, 256).
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TABLE I: NVIDIA Jetson AGX Orin GPU configuration.

Parameter Config Parameter Config
GPU architecture Ampere GPU frequency 1.3 GHz
CUDA cores 2048 Tensor cores 64
SMs 16 Warp schedulers per SM 4
L1/SMEM per SM 128 KB L2 cache 4 MB
LPDDR5 size 32 GB Memory bandwidth 204.8 GB/s

We compare Accel-Sim-J against the original version both in
SASS mode. We assess the simulation’s fidelity by quantifying
the correlation and error between the simulated values and the
NCU measured ground truth of each GPU kernel on the Jetson
AGX Orin, shown in Fig. 3.

B. Simulation Accuracy

Accel-Sim can provide diverse simulation metrics to eval-
uate simulation accuracy. In this study, we focus on two
critical metrics: GPU cycle count and L2 cache hit count.
As the GPU cycle metric is non-zero, we adopt the mean
absolute percentage error (MAPE) to quantify its simulation
accuracy. For the L2 cache hit metric (which may contain
zero values), the normalized root mean square error (NRMSE)
is employed. We employ the Pearson’s correlation coefficient
(Corr.) value to further reflect the similarity between simulated
and measured metrics.

Fig. 3 compares the simulation accuracy between our repur-
posed Accel-Sim and the original Accel-Sim for GPU cycle
count and L2 cache hit count across the Rodinia benchmark
and PETR transformer block. As shown in Fig. 3a and Fig. 3b,
the GPU cycle simulation error decreases from 29.0% to
22.7% on the Rodinia benchmark, while the L2 read hit error
reduces from 59.8% to 3.3%. These improvements primarily
stem from our calibration of LPDDR memory model param-
eters and internal GPU parameters of the Jetson AGX Orin
in the tuner, along with correlator optimizations for Nsight
Compute compatibility through cycle-level L2 cache invali-
dation. Given the original Accel-Sim’s reported 15% GPU
cycle simulation accuracy for V100 GPU [7], our simulator
achieves comparable accuracy levels. This demonstrates the
effectiveness of our repurposed simulator when simulating
traditional GPU compute workloads.

Fig. 3c and Fig. 3d present simulation results for the PETR
transformer block. To address the extensive use of NVIDIA
Ampere GPU innovations in transformer computations, we
enhance simulation accuracy by optimizing the GPGPU-Sim
performance model for Ampere architecture. This optimization
reduces GPU cycle errors from 26.1% to 16.1% and L2 cache
hit errors from 19.1% to 14.9%. Notably, the CUTLASS-
optimized GEMM kernel shows substantial improvement, with
cycle errors decreasing from 140.1% to 50.2% and 92.4%
to 22.0% (Fig. 3c). These enhancements primarily result
from improved modeling of Ampere architecture’s Tensor
core instructions (e.g. LDSM, LDGSTS, HMMA), validat-
ing our instruction-level optimizations. This demonstrates the
effectiveness of our repurposed simulator when simulating
emerging next-generation AI workloads.
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V. CASE STUDY

A. Performance with Different L2 Cache Size

Accel-Sim-J can facilitate the architectural design of edge-
AI devices. This case study aims to investigate the optimal L2
cache size of Jetson AGX Orin across various cache-intensive
workloads. We select six cache-intensive workloads, including
bfs, heartwall, nw, and nn from the Rodinia benchmark, a
transformer block from PETR and the deformable attention
from BevFormer, both of which are popular in the autonomous
driving field and are deployed on Orin (detailed configurations
in Table II). By progressively reducing the native 4 MB L2
cache configuration, we analyze its impact on GPU cycles and
L2 cache hit rates, as shown in Fig. 4 and Fig. 5. For heartwell,
nn and PETR, halving the L2 cache capacity demonstrates
no measurable performance impact both on GPU cycles and
L2 cache hit rate. And for the rest, results show marginal
performance degradation (< 15% cycle increase). Specifi-
cally for emerging attention-based AI applications PERT and
BevFormer, we observe that variations in L2 cache have a
negligible impact on their performance. It can be attributed to
the effective optimization of memory-computation overlapping
in the existing GPU architecture. This phenomenon implies
that the current L2 cache on Orin might be redundant for
some emerging AI workloads. These findings provide insights
for GPU cache provisioning strategy for edge-AI systems,
proposing that we can achieve comparable performance on
Jetson AGX Orin with 50-75% less L2 resources for most
emerging edge-AI applications.
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TABLE II: Cache-intensive workloads for 6 applications.

Applications Trace Size GPU cycles Description
bfs [22] 119M 216.8k Graph algorithm
heartwall [22] 9.1M 11.5k Bioinformatics
nw [22] 27M 406.5k Data compression / mining
nn [22] 173M 286.9k Physics simulation
PETR [23]
(transformer block) 7.2G 5926.4k Data compression / mining

BevFormer [24]
(deformable attention) 12G 8841.6k Autonomous driving

Algorithm 1 Finding optimal C2C ratio

Input: NSM, L2existing ▷ Basic configuration
Input: Cyclemin ▷ Obtained by traversing L2 size
Output: C2Coptimal

1: for i ∈ {0.125, 0.25, 0.5, 1, 2, 4, 8} do
2: L2size ← i · L2existing;
3: if Cycle(NSM, L2size) ≤ 1.1 · Cyclemin then
4: C2Coptimal ← NSM

L2size
; break;

B. C2C Ratio between Jetson AGX Orin and RTX 3090

Furthermore, we compare the optimal C2C ratio under
different workloads on a Jetson integrated GPU and a discrete
GPU. To be precise, we define the optimal C2C ratio as the
ratio of SM count to minimum L2 cache size, where the cycle
count achieved is less than 110% of the minimal cycle count.
We follow Algorithm 1 to obtain the optimal C2C ratio.

We select the Jetson AGX Orin and RTX 3090 as examples
of a Jetson GPU and a discrete GPU. The optimal C2C ratio
for 6 selected workloads is illustrated in Fig. 6. The original
C2C ratio of the existing Orin and RTX 3090 is 4 (16:4)
and 14.3 (86:6), respectively. In Morpheus [11], it is revealed
that doubling or quadrupling the L2 cache size significantly
enhances the performance of cache-intensive workloads on
RTX 3080. This aligns with our experimental findings on
RTX 3090. Based on evaluation results, we determine that the
optimal ratio for the 3090 is approximately 3.5 (86:24) for
most workloads. For the Jetson AGX Orin, the optimal ratio
is consistently higher across the selected workloads, about
8 (16:2) or 16 (16:1). These findings indicate that, given
the lower computational capability of Jetson GPUs at the
edge, they do not require an L2 cache size proportionally
equivalent to that of discrete GPUs. This insight provides
valuable guidance for the design of the SM number and L2
cache size in the next generation of Jetson GPUs.

VI. CONCLUSION

Our work addresses the critical gap in cycle-accurate simu-
lation between NVIDIA Jetson integrated GPUs and discrete
GPUs by repurposing the Accel-Sim framework with Jetson-
specific optimizations. We implement extensive improvements
across three main components of Accel-Sim, achieving consid-
erable improvement in simulation accuracy for Jetson GPUs.
Utilizing the enhanced simulator, we evaluate the adequacy of
the current on-chip L2 cache size design in the AGX Orin. Our
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Fig. 6: Optimal C2C ratio between Orin and RTX 3090.

research offers significant insights and foundational principles
for the architectural design of next generation Jetson GPUs.

Software availability: The implementation of this work
is available as open-source software at [GitHub repository:
https://github.com/sjtu-SAIL-lab/accel-sim-framework].
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