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ABSTRACT 

In large-scale distributed deep learning, the Allreduce operation for 

large messages (100 KB or more) is critical for gathering gradients 

from multiple worker nodes and broadcasting the sum of the 

gradients to them. When the message is large, the latency in 

Allreduce operation would make it difficult to take advantage of 

large-scale distributed deep learning. To reduce the latency, we 

devised a dataflow architecture with an Allreduce-specific 

hardware accelerator that performs data aggregation and reduction 

while data is being transferred. The accelerator is designed to 

immediately start Allreduce operation before an entire message is 

recived. Furthermore, Allreduce can be operated at wire speed by 

vectorizing the gradients and summing them in parallel. 

Experimental results reveal that the proposed architecture performs 

Allreduce at 96% of wire speed for a large message. Moreover, the 

latency of Allreduce is reduced by 65% compared with a state-of-

the-art Allreduce method when applied for ResNet-50. 
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1  INTRODUCTION 

Deep learning (DL) is promising for various application fields. 

Training DL models, which use huge amounts of data, requires 

enormous computational resources. Recently, large-scale 

distributed DL has been studied as a solution, and it has shown good 

performance with a synchronous data-parallelism approach [1, 2]. 

In this approach, collective communication of Allreduce is used to 

share the gradients calculated at each worker node. Since the 

message size of gradients reaches hundreds of kilobytes to several 

hundred megabytes (e.g. the message size of gradients in ResNet-

50 is 97.5 MB), increasing the throughput and reducing the latency 

of Allreduce for large-messages are key issues [3]. 

To achieve high throughput in collective communications of 

large messages using multiple GPUs, NVIDIA provides the 

NVIDIA Collective Communications Library (NCCL) using the 

Ring-Allreduce algorithm [4]. An advantage of the Ring-Allreduce 

algoritm is that bandwidth congestion does not occur like it does in 

the Butterfly-Allreduce algorithm, so it is suitable for intra-node 

Allreduce. In contrast, its operation time increases in proportion to 

the number of transfers, which limits the inter-node Allreduce 

performance [5]. Therefore, the NCCL is better suited for intra-

node and alternative collective-communication methods for inter-

node Allreduce [6, 7, 8]. 

For inter-node Allreduce, Mellanox proposed the Scalable 

Hierarchical Aggregation Protocol (SHArP) which is a network 

switch with various collective-communication algorithms. To solve 

the bandwidth congestion problem, SHArP performs data 

aggregation and reduction while data is being transferred within the 

network [9]. In this way, SHArP significantly improves scalability 

and reduces the latency of Allreduce for message sizes below 5 KB 

[10, 11]. Ideally, it can perform collective communication at wire 

speed. However, as message size increases, operating Allreduce at 

wire speed becomes difficult due to data-store latency generated by 

temporarily storing all data in the buffer before the reduce operation 

[9, 12]. 

In this paper, we propose a dataflow architecture for the 

aggregation node and worker nodes to achieve low-latency 

Allreduce at wire speed for large-messages. For the aggregation 

node, we designed an Allreduce-specific hardware accelerator 

implemented in a field programmable gate array (FPGA) with cut-

through buffering  for each vectorized gradient. For worker nodes, 

we implemented gradient casting to the aggregation node in a 

streaming way. We carried out experimental measurements to 

compare the hardware latency with SHArP Allreduce. The results 

show that the proposed architecture achieves low-latency Allreduce 

operation at wire speed for large messages.  

2  ARCHITECTURE AND MECHANISM 

The proposed dataflow architecture consists of an aggregation 

node using an Allreduce-specific dataflow hardware accelerator 

and multiple worker nodes to achieve large-message Allreduce at 

wire speed. In the proposed accelerator, cut-through processing 

implemented with vectorized gradients (frames) performs 

Allreduce and transmission as Ethernet frames are received. 

Moreover, gradient casting at each worker node is performed 

asynchronously with various numbers of buffers with different size 

to optimize Allreduce latency.  

Allreduce-specific dataflow hardware accelerator: Fig. 1(a) 

shows the buffering method with conventional store and forward 
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processing and the proposed cut-through processing. In the 

conventional processing, the buffer time becomes hardware latency, 

since the vectorized summation stars after an entire frame is stored. 

In contrast, our proposed cut-through processing can reduce buffer 

time it starts the vectorized summation immediately after the heads 

of input frames from all worker nodes arrive. As shown in Fig.1 (b), 

the vectorized summation starts when the number of buffered 

frames exceeds a threshold, which is set in the cut-through buffer. 

Furthermore, the gradients are vectorized and are then summed in 

parallel to achieve wire-speed Allreduce. Therefore, the proposed 

Allreduce-specific dataflow hardware accelerator can achieve 

lower latency compared with conventional store and forward 

processing. 

Gradient casting technique: Reducing gradient-casting 

latency between GPUs and the NIC at worker nodes is important 

for achieving low-latency Allreduce. Conventionally, the Eager 

method has been used for low-latency data transfer because 

messages are sent as soon as possible without checking receiving 

buffers. However, since the number of buffers is fixed, it is difficult 

to perform pipeline data transfer. Moreover, for large messages, it 

is hard to achieve low latency using Eager due to a lack of buffers. 

In order to solve this issue, we provide multiple send and receive 

buffers so that pipeline data transfer can be asynchronously 

performed. In this way, the gradient-casting latency between GPUs 

and the NIC is optimized by choosing the appropriate number and 

size of buffers.  

3  EVALUATION 

To measure the latency of the proposed architecture, we 

constructed a system with four worker nodes using Xeon CPU E5-

2603 with 64 GB RAM, a Tesla K20 GPU, and a 10G Ethernet 

Controller and one aggregation node using a VC709 FPGA.  

First, the Allreduce latency of the aggregation node for one 

Ethernet frame (1 KB) was measured with data-quality analyzer. 

The measured Allreduce latency was 0.60 µs, which corresponds 

to processing speed of 13.6-Gbps in the aggregation node, which is 

higher than wire speed (10Gbps). Second, the throughput of the 

proposed system was measured by changing the message size. The 

throughput was 9.62 Gbps at message sizes of 64 KB or more, 

which indicated that Allreduce was operated at almost wire speed 

(Fig. 1(c)). From the above results, we expect that large-message 

Allreduce at wire speed can be achieved even if the number of 

nodes increases.  

Finally, to compare our architecture with SHArP based on a 

linear scale of the latency, we linearly extrapolated the data taken 

from [11]. In [11], SHArP’s performance was measured with 128 

worker nodes and eight leaf switches. Each node had two 14-core 

Broadwell CPUs with 256 GB of RAM. ConnectX-4 HCAs were 

used at 100 Gbps. Fig. 1(d) shows the latency comparison between 

the proposed architecture and SHArP. For message sizes less than 

8 KB, the latency is higher than SHArP because our architecture 

transfers data from the GPU memory using 10-Gbps Ethernet, 

whereas [11] considered that data is transferred from the main 

memory using 100-Gbps InfiniBand. For message sizes over 8 KB, 

which are common in DL,  the latency can be reduced by 65% at 

the same message size as ResNet-50’s gradients (97.5 MB) [3]. The 

present evaluation is a proof of concept of large-message Allreduce 

at wire speed for distributed DL. 

In the future, we will investigate our proposed architecture using 

the same measurement conditions as in [11] to evaluate the 

scalability and Allreduce speed at 100 Gbps. Moreover, we will 

expand the width of vectorized gradients and optimize the threshold 

timing in FPGA aiming for over 100 Gbps. Since the data transfer 

rate in a worker node is limited, we will use new technology such 

as RDMA over Converged Ethernet. Last but not least, we will 

build a distributed DL infrastructure using the proposed low-

latency Allreduce-specific dataflow architecture. 
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