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Accelerated method for training large models based on a
2D tensor parallel strategy

ZHU Shitong, DONG Qi
(China Academy of Electronics and Information Technology, Beijing 100043, China)

Abstract: Recent advancements in language modeling have shown that large pretrained models based on the Trans-
former architecture exhibit exceptional performance in natural language processing applications. However, training large
language models (LLMs) poses a considerable challenge due to the limited memory capacity of GPUs. Traditional
tensor parallelism methods require a single GPU to store all activation values, making it difficult to address memory bot-
tlenecks. Aiming to solve the GPU memory constraint on LLM training and improve training efficiency, this paper pro-
poses a two-dimensional tensor parallelism method (TP2D). TP2D partitions the input data and parameter matrices
across multiple GPUs, leveraging distributed communication to facilitate high-speed data exchange between GPUs. This
approach enables true distributed parallel training and alleviates memory constraints. GPT-2 was used as a benchmark
model to evaluate the soft scaling efficiency and training efficiency of the two training methods. Experimental results
show that, when using a 4-block GPU, the training speed of 2D tensor parallelism is 1.84 times that of tensor parallel-
ism, with a soft scaling efficiency of 86% and reduced memory consumption.

Keywords: Transformer; tensor parallel; attention mechanism; natural language processing; artificial intelligence; pre-

training; distributed training; distributed communication
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Fig. 1 Tensor parallel self-attention module
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TP2D=4,DP=2 64 20.0 43 8
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Table 3 Parameters used for scaling studies
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