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Abstract  The operation and service provision of distributed machine learning models are insepa-
rable from computing power and network support. As Moore’s Law slows down and the rate of
computing power growth is much slower than the rate of 1/0, near-data processing has become
the inevitable choice in the post-Moore era. In short, it means moving data around as little as
possible so that it can be processed on the path. As the transmission path of data, a high-speed
network connects multiple computing devices together to form a system that communicates and
cooperates with each other. In Al applications, high-speed networks are the bridge connecting
algorithms, data, and computing power. The arrival of the era of Al poses two challenges to
today’s computing power. On the one hand, it involves inference and on the other hand, it involves

distributed training. Offloading part of the computing tasks of distributed applications to the
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network cards or switches of high-speed networks can potentially improve the performance of
distributed applications and play a key role in the network. Offloading computation functions
such as parameter aggregation in switches or network cards can effectively reduce the large
amount of communication overhead incurred during model training. The current programmable
data plane based on P4 language not only makes the customization of network protocol more
flexible, but also makes the network data plane provide simple in-network computing services for
distributed applications. However, the typical P4 based programmable data plane architecture
such as Protocol Independent Switch Architecture (PISA) is not efficient enough in matrix
operations. The key reason is that the computing engine of Very Long Instruction Word (VLIW) in
PISA architecture is not efficient when dealing with large-scale parallel homogeneous computing
tasks. Focusing on this problem, this paper proposed a general computing in-network computing
model CAlInNet for Al acceleration. Based on the traditional programmable data plane, the model
innovatively integrates SIMD (Single Instruction Multiple Data) and MIMD (Multiple Instruction
Multiple Data) computing modes, so that network devices can not only support protocol-
independent network packet processing, but also perform in-network computing on the data carrying
Al inferring and training during packet transmission. In order to verify the capability and effect of
CAlnNet in in-network computing and network programmability, we use INT (In-band Network
Telemetry) to realize network visualization, and deploy MLP (Multi-layer Perceptron) model to
realize Al-based packet classification instead of traditional TCAM table look-up routing method.
Experiments show that the packet classification method based on machine learning inference can
achieve 98. 3% accuracy under 5K size routing table entries, and save 98.7% storage space,
which can solve the routing explosion problem well. Compared with the existing methods,
deploying machine learning inference in CAlInNet does not increase the processing latency of
programmable data plane, and only consumes a moderate amount of computing resources. This
paper provides ideas and solutions for how to map neural network models in programmable data
plane pipelines. In the next step, we will extend PHV to support a larger number of parameters
and map more complex neural network models (e. g. , convolutional and recurrent neural networks)
in the programmable data plane to support more complex application scenarios.

Keywords Al hardware acceleration; communication and computing integration; in-network

computing; programmable network; packet classification; deep neural networks
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applications can be offloaded to the NICs or switches of high-
speed networks to potentially improve the performance of

distributed applications and play a key role in the network. For
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example, in distributed large model training and reasoning,
offloading some aggregation computing functions in switches or
NICs can effectively reduce a large amount of communication
overhead generated during distributed computing, so that data
can be calculated or aggregated synchronously in the process
of network transmission, without introducing significant delay
and throughput overhead. The current P4 oriented program-
mable network not only makes the network protocol more
software-defined, but also enables the network to provide
services for distributed application acceleration with certain
computing power. However, the current typical programmable
data plane architectures such as protocol independent PISA
are not efficient enough in matrix computation. The key reason
for our analysis of this defect is that the multi-instruction
multi-data stream mode based on very long instruction words
in PISA architecture is not suitable for the situation where a
large number of calculations are required and all computing
units perform the same operation, which is costly and slow
compared to the single-instruction multi-data stream mode.
Focusing on this problem, we propose CAlnNet, an Al-
accelerated in-network computing model. On the basis of

supporting all P4 programmable data plane capabilities, the

platform integrates SIMD and MIMD two computing modes.,
so that the switch and NIC can not only support protocol-
independent network packet processing, but also accelerate
the packet data carrying Al inference and training in the data
transmission process. In order to demonstrate the capability
and effect of CAlnNet in in-network computing and network
programmability, we use in-band network telemetry to realize
network visualization, and deploy a multi-layer perceptron
model to realize Al-based packets classification instead of the
traditional TCAM table lookup routing method. Experiments
show that the accuracy of the packets classification method
based on machine learning inference can reach 98.3% and
save 98. 7% of the memory space for 5 K routing entries,
which can solve the routing explosion problem well.
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