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Abstract
Designing efficient architectures for Deep Learning (DL) at the edge
is challenging, as the growing demands of emergingmodels contrast
with the tight resource constraints. This work proposes a model-
driven methodology for the fast exploration of large design spaces,
producing efficient architectures under performance constraints.
Our methodology combines a strategy to aggressively prune the
design space with a Cache-Aware Roofline Model (CARM)-based
performance estimation to avoid costly simulations.

CCS Concepts
• Computing methodologies→Modeling and simulation; •
General and reference→ Design; • Computer systems orga-
nization → Architectures.
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1 Introduction
Balancing performance and resource utilization is becoming in-
creasingly important when designing computing systems, espe-
cially in embedded systems with strict operational constraints. This
challenge has been intensified with the recent surge of Deep Learn-
ing (DL) applications, whose computational demands grow expo-
nentially [13]. Embedded systems running DL workloads on the
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edge are often expected to execute a fixed set of applications with
clear Minimum Performance Requirements (MPRs). These MPRs
may be defined by metrics such as Quality of Service (QoS) [1].

To achieve this balance, parametrizable architectures like Vector
Processing Units (VPUs) [4] can be used. Such architectures can
easily adapt to the system’s requirements and constraints, but navi-
gating their complex design space remains a challenge. Two key
aspects must be considered when conducting Design Space Explo-
ration (DSE), finding efficient configurations that: (1) satisfy the
MPRs of all target applications; and (2) adapt to the requirements
of the currently executing application.

Cycle-accurate simulators such as gem5 [3] are typically used for
DSE, providing detailed and accurate execution metrics. However,
their prohibitive simulation cost in large design spaces requires
approaches to accelerate DSE, such as: (1) focusing the search on
the relevant configurations by pruning the design space [5]; and
(2) accelerating the evaluation of each visited configuration [10].

Costly simulations can be replacedwith lightweight performance
models, quickly estimating an architecture’s ability to satisfy tar-
get MPRs. The Cache-Aware Roofline Model (CARM) [6] is a good
candidate, providing accurate and detailed modeling of the archi-
tecture’s maximum attainable performance. It captures the per-
formance of the complete memory hierarchy and computational
capacity in an intuitive plot, making it a powerful tool for opti-
mization [9]. DL applications in particular are very accurately char-
acterized by the CARM, as the underlying linear algebra kernels
are typically memory or compute-bound. Recent works have done
some preliminary exploration of its use in hardware design [2, 12],
“moving the roof” to better align with the application requirements.

This work proposes a CARM-driven methodology for fast DSE,
yielding efficient hardware configurations that meet MPRs for DL
applications on the edge. The model-driven methodology predicts
the performance of unseen configurations using the CARM, avoid-
ing costly simulations. A sensitivity analysis assesses the impact of
key architecture parameters on performance and the target metric,
guiding the steepest descent process for fast and accurate DSE.

2 Design Methodology
The methodology’s goal is to find a configuration that maximally
optimizes the target metric (e.g. power consumption), while meet-
ing the MPR of each target application. The MPR can be expressed
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Figure 1: Parameter optimization process.
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Figure 2: Performance prediction using CARM, in a compute-
bound example. The initial configuration’s application-to-
roof performance ratio (𝐴/𝑅) is used to estimate the new
configuration’s performance (𝐴′) based on its new roof (𝑅′)

as any QoS metric, such as execution time or GFLOP/s. Given an
initial configuration and its “performance budget” (i.e. the head-
room above the MPR, or slack), the DSE must: (1) efficiently convert
the “budget” into improvements to target metric; and (2) quickly
evaluate the performance “cost” of a new configuration.

First, to know how to efficiently use the “budget”, we perform a
sensitivity analysis. This analysis begins by simulating the initial
configuration, followed by successive simulations that individually
lower each parameter to its next possible value. For every evaluated
parameter, the improvement of the target metric is normalized
to the associated performance cost. This yields each parameter’s
“cost-benefit”, which determines the order they are optimized in,
prioritizing those with higher results.

Following the cost-benefit order, each parameter is successively
adjusted to the next value, lowering performance and improving
the target metric. As shown in Figure 1, this continues until the
prediction phase places the performance below the MPR, moving
to the validation phase. The resulting configuration is then sim-
ulated to check whether the MPR is met. If not, the parameter is
successively increased, repeating the simulation until a valid config-
uration is reached. Additionally, the observed application-to-roof
performance ratios are used to tune future predictions.

Our fast CARM-based predictions are orders of magnitude faster
than regular simulation of the application, allowing a configura-
tion’s “cost” to be evaluated quickly. Figure 2 describes this predic-
tion mechanism. The CARM, which only needs to be constructed
once per configuration, can be used to determine the maximum
attainable performance instantaneously. While some applications
do not reach the roof, their performance is still strongly correlated
with the architecture’s upper-bound. As such, the prediction accu-
racy is improved by applying a linear scaling factor, based on the
previous ratios between simulated and predicted performance.

Table 1: Configurable parameters. Baseline underlined.

Parameter Units / Comments Configurations Tested
Memory connection† VPU connected to DRAM/L2

MVL† Bits 2^{9/10/11/12/13/14}
Number of lanes†* — 1/2/4/8/16
VPU Frequency* GHz 1.0/1.25/1.5/1.75/2.0
L2 Frequency* GHz 1.0/1.25/1.5/1.75/2.0

Configurable at: † Design time * Runtime

The described process can be performed independently for each
target application. To obtain a design-time architecture capable of
meeting the MPR of all applications, we take, for each parameter,
the maximum value observed across the per-application optimized
architectures. This can then be used as a starting point for determin-
ing runtime adaptations for each application, repeating the process
with a set of parameters that can be modified at runtime.

3 Evaluation
Experimental Setup: For evaluation, we use the flexible gem5-
based RISC-V VPU simulator presented in [11]. This is a highly
parametrizable architecture that is a good match for DL applica-
tions, operating on large vector registers of a given Maximum
Vector Length (MVL). Instructions operate in parallel across multi-
ple vector lanes, each having various functional units. Table 1 lists
the parameters we explore, as well as the initial, baseline configu-
ration. We distinguish between parameters that can be modified at
design-time and at runtime, optimizing them for area and power
respectively. Power and area estimations are obtained by model-
ing the VPU in McPAT [8] for the 22nm CMOS node. Finally, the
effectiveness of the DSE was validated against a brute-force search.

The target applications are sourced from XRBench [7], a DL
benchmark suite for Virtual Reality (VR) edge devices. Each appli-
cation is composed of a set of tasks (i.e. DL models) and defines a
Frames per Second (FPS) requirement, which we use as the MPR.
We scale down MPRs uniformly, allowing them to be met by the
initial VPU configuration and its modest performance.

Architecture Optimization: The sensitivity analysis described
in Section 2 was conducted for the targeted VPU and applications,
targeting die area and power consumption for design time and
runtime parameters respectively. Figure 3 shows its results, with a
higher value indicating the parameter is more effective at lowering
the target metric for an equal performance impact. These values
are used to select the order in which the design space is traversed,
starting with the parameter with the higher value in each stage.

Following the established parameter order, the proposed method-
ology is used to traverse the design space.We first apply ourmethod-
ology at the design stage, determining the values for static param-
eters. As the MPRs of all applications need to be met, the most
demanding one limits how far the parameters can be reduced at
this stage. This leads to a die area of 19.02mm2, a modest decrease
of 4.1% compared to the initial configuration. However, this means
a large performance budget is left for the runtime stage, which
produces power-optimized runtime configurations for each appli-
cation. These optimizations reduce power consumption by up to
42.9% compared to the baseline configuration, with an average of
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Figure 3: Results from the sensitivity analysis. Impact of each
parameter on power and area, normalized to the impact on
performance, averaged across all applications.
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Figure 4: CARM plot showing the rooflines of the initial con-
figuration, the design time optimizations, and the runtime
configurations for three out of the seven evaluated applica-
tions. The dashed lines represent the respective MPRs.

28.6% across all applications. Despite the steepest descent not pro-
viding guarantees, the best configuration is found for all but two
applications, with the highest error being only 2.0% over the ideal
case. Figure 4 depicts the CARM of the initial configuration, and
after the design and runtime optimizations have been applied.

Design Space Exploration Time: Figure 5 shows the traversal
of the design space for the VR Gaming application, plotted accord-
ing to the performance and power consumption for the runtime
optimization stage. The highlighted path demonstrates the method-
ology’s efficient traversal of the design space, remaining near the
Pareto front and finding the configuration with the smallest power
consumption that meets the MPR.

Our methodology simulates only 0.09% to 0.23% of the total
points in the design space to find the hardware configuration. The
proposed CARM-based predictions reduce the number of required
simulations by an average of 61.8%, evaluating a configuration
multiple orders of magnitude faster than a simulation.

4 Conclusions
This work proposes an effective, yet lightweight and intuitive
methodology to efficiently perform architectural DSE for DL appli-
cations in edge systems, meeting MPRs while maximizing efficiency.
Evaluated on the different applications of the XRBench benchmark
suite running on a existing RISC-V VPU, our proposal reaches opti-
mized designs by simulating only 0.09-0.23% of the design space.
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Figure 5: Traversal of the design space with the proposed
methodology, displaying performance and power for the
runtime configuration. Gray area marks the subspace where
the MPR is not met. Starting point is in the top right.
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