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Background – LLM Pre-Training

CoLA for Efficient LLM Pre-Training
We propose CoLA for Efficient Training via Low-Rank Activation.

Observation – Low-Rank Activation
Activation function exhibits low effective rank

Eliminate activation redundancy in principle:

• Replace full-rank MLP layers with auto-encoder layers

• i.e., ℎ𝑀𝐿𝑃 = 𝜎 𝑊𝑥  -> ℎ𝐶𝑜𝐿𝐴 = 𝐵𝜎(𝐴𝑥)

• Also replace linear layer with CoLA layer

• i.e., ℎ𝐿𝑖𝑛𝑒𝑎𝑟 = 𝑊𝑥 -> ℎ𝐶𝑜𝐿𝐴 = 𝐵𝜎(𝐴𝑥)
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Theoretical Analysis

Result 1 (Proposition 3.1): The approximation provided by CoLA layer is 

guaranteed to be no worse than the standard low-rank layer.

Result 2 (Theorem 3.3): Under suitable data-dependent conditions, CoLA layer 

strictly outperforms the standard low-rank layer .

Result 3 (Theorem 3.4): The CoLA layer provably achieves an error bound that 

adapts to the effective rank of the output, giving significantly tighter guarantees 

when the spectrum is concentrated

CoLA-M: Pushing Memory Efficiency
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• Gradient Checkpointing is often used in 

practice

• Introduce significant re-computation 

cost

• CoLA-M achieves efficient gradient 

checkpointing

• Checkpoint at low-rank dimensions

• Reduce re-computation to half a 

CoLA forward

• ~5x cheaper than full-rank GCP

Activation memory can be substantial or dominating
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~5x cheaper re-compute
~3x cheaper in total

~2x cheaper compute
1/3 memory usage

Vanilla GCP

Experiments – Pre-Training within Compute-Optimal

CoLA performs on par with full-rank models with being 2x smaller

~1/3 memory Lower perplexity

For LLaMA 7B:

• CoLA-M with BF16 Adam 

consumes only ~1/3 

memory than full-rank with 

8-bit Adam

• CoLA achieves lowest 

perplexity

Experiments – Pre-Training beyond Compute-Optimal

LLaMA-350M with 51B tokens: CoLA outperforms LLaMA by 13.96 vs 14.47 

BERT-350M with 85B tokens: CoLA outperforms BERT on GLUE by 83.5 vs 82.7

Experiments – System Performance

CoLA off-the-shelf can speed up training and inference

For training LLaMA 1B:

• CoLA and CoLA-M are the 

only two that are faster 

than full-rank baseline

• Meanwhile, CoLA-M 

reduces memory and 

compute by ~3x and ~2x

• We observe similar benefit 

for inference
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