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Abstract
Convolutional algorithm performance depends on layer dimen-
sions, with SIMD demands and cache sharing influencing runtime
selection. To identify the best settings, we perform a co-design
exploration of convolutional layer parameters and three algorithms:
Direct, im2col+GEMM, and Winograd, jointly with hardware pa-
rameters for RISC-V vector architectures. Our results show that
incorporating hardware parameters with layer dimensions boosts
execution time and efficiency, emphasizing the need for co-design.
ACM Reference Format:
Sonia Rani Gupta, Nikela Papadopoulou, Jing Chen, and Miquel Pericàs.
2025. CNN and RVV Co-design for Efficient Model Serving. In The 19th ACM
International Conference on Distributed and Event-based Systems (DEBS ’25),
June 10–13, 2025, Gothenburg, Sweden. ACM, New York, NY, USA, 2 pages.
https://doi.org/10.1145/3701717.3733226

1 Introduction
Convolutional Neural Networks (CNNs) are widely used for vision
tasks and increasingly deployed on CPUs [5], leveraging their
availability, high core counts, and SIMD acceleration. CNN layers
differ in dimensions (input/output size, kernel, channels, stride),
and different convolution algorithms vary in compute and memory
needs; im2col+GEMM, for example, enhances performance but in-
creases cache usage. Moreover, these algorithms need optimizations
to utilize SIMD units efficiently.

Model serving frameworks replicate models and distribute in-
coming requests for load balancing, but concurrent execution com-
petes for cache resources, making convolution algorithms sensitive
to co-running tasks. Despite extensive research on CNNs, the inter-
action between convolution algorithms and hardware parameters
remains underexplored, limiting utilization and hindering efficient
CPU design for CNN serving.

This work compares Direct, Winograd, and two im2col+GEMM
variants across all convolutional layers in YOLOv3 and VGG16
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using the RISC-V Vector Extension (RVV) v1.0 [2]. Results show
no single best algorithm across layers. Co-design analysis reveals
algorithm performance depends on layer dimensions and hardware.
To improve efficiency, we train a Random Forest classifier using
5-fold validation, achieving a prediction accuracy of 92.8%. Finally,
performance-to-area trade-offs show that per-layer algorithm se-
lection improves efficiency, even with multiple model instances.

2 Methodology
We target the RISC-V Vector Extension [2] (RVV) within the RISC-V
Architecture using a fork of the gem5 [1] with RiscvMinorCPU at
2GHzwith an integrated vector unit implementing RVV v1.0. Vector
lengths range from 512 to 4096 bits, and L2 cache from 1MB to 64MB.
We evaluate YOLOv3 [6] and VGG-16 [8], where the convolutional
layers consume 96% and 64% of total time, respectively, when
profiled on A64FX using Linux perf.

We evaluate three algorithms for convolutional layers: Wino-
grad, im2col+GEMM, and Direct. For im2col+GEMM, we use the
RVV-optimized 3-loop and 6-loop variants from [4], denoted as
im2col+GEMM - 3 loops and im2col+GEMM - 6 loops. Winograd is
vectorized and optimized as described in [3]. For Direct, we adopt
the long-vector algorithms by Santana et al. [7].

3 Evaluation
This section covers per-layer algorithm selection for VGG-16 and
YOLOv3 on RVV core, co-design results, predictor for algorithm
selection and a performance area tradeoffs on a 7nm RVV chip.

Performance Comparison of Convolution Implementations.
We evaluate each convolutional layer of both models with a 512-bit
vector length and 1MB L2 cache. Figure 1 shows per-layer per-
formance for the VGG-16 model. Direct performs best when in-
put/output dimensions are high but input/output channels are low,
while im2col+GEMM with 6 loops excels for skinny matrices (low
input/output dimensions, high input/output channels). Winograd
performs comparably or better for most layers, except those with
high input channels. YOLOv3 shows similar trends.

Increasing vector lengths from 512-bit to 4096-bit shows that
Direct shows the maximum scalability of 2.4×–5.8×with longer vec-
tor lengths and outperforms the other algorithms. Im2col+GEMM
offers better performance for vector lengths higher than 1024-bit
for the skinny matrices. Increasing the L2 cache from 1MB to 64MB
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Figure 1: Comparative analysis for different algorithms for
VGG-16 convolutional layers on RVV with gem5, with a
vector length of 512 bits and 1MB of L2 cache.
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Figure 2: Execution time of VGG-16, for different vector
lengths and L2 cache sizes, when a single algorithm is used
for all layers (Direct, im2col+GEMM-varients, Winograd),
compared against using the Optimal algorithm per layer, and
using our algorithm selection model to predict the optimal
algorithm per layer (Predicted Optimal).

reveals the limited scalability of Winograd, as its fixed tile size
doesn’t take advantage of larger caches. Both im2col+GEMM vari-
ants show limited scalability beyond 16MB L2 cache for extremely
skinny matrices, while Direct benefits most from larger caches.

Algorithm Selection. Our results show no single algorithm
consistently minimizes execution time across all layers. Hence, to
predict the optimal algorithm per layer, we use random forests
from the Python Scikit-learn 1.3.2 package. We use as input
parameters the vector length, the L2 cache, input/output channels,
height, width, stride, and padding, height, and width, and the kernel
height and width, totaling 12 parameters. The model outputs the
algorithm predicted to perform the best. We partition the data into
80% for training and 20% of testing, and use 5-fold cross-validation
and shuffling. Our evaluation shows that the algorithm selection
model achieves an average prediction accuracy of 92.8% across the
5 cross-validation sets. To assess its impact, we apply the model to
select algorithms for VGG-16 and YOLOv3. Selecting the optimal
algorithm improves the execution time by up to 1.85× compared

to always using Direct and up to 1.73× over using the 6-loop
implementation of im2col+GEMM in the case of VGG16 as shown
in Figure 2. Similarly, for YOLOv3, selecting the optimal algorithm
improves the execution time by 1.33× and 2.11× over always using
Direct and 6-loop implementation of im2col+GEMM, respectively.

Performance-Area Tradeoffs. To assess the performance-area
tradeoff within a fixed area, we first analyze a single model running
on an RVV core with an integrated VPU in 7nm FinFET technology
(Section 2). Selecting the optimal algorithm per layer improves per-
formance by 1.18×–1.6× for YOLOv3 and 1.26×–2.32× for VGG-16
compared to using a single algorithm across layers.

Next, we evaluate a multi-core RVV chip with configurations
ranging from 1 to 64 cores, vector lengths of 512 to 4096 bits, and
shared L2 caches of 1MB to 256MB, simulating a realistic server
in a model-serving context with 200 hardware configurations. Our
results show that, for a 64-core configuration with 256MB of cache
and 4096-bit vector units, co-locating model instances with the
optimal algorithm per layer improves throughput by 1.16× over
using the best-performing algorithm (Direct) for all layers.

4 Conclusion
Our study shows that the optimal algorithm per layer depends on
both layer parameters and hardware factors like vector length and
L2 cache size. We build a Random Forest classifier, achieving 92.8%
accuracy, to select the best algorithm per layer, improving execution
time and enabling more efficient performance–area tradeoffs. When
coupled with model co-location, it boosts throughput per area,
emphasizing the importance of co-design for model serving.
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