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1. Introduction

New data from other sources → PLM’s performance may decline → training from scratch: time and computation intensive 

Background:

Lifelong learning pipelines by employing model growing approaches

• Growth schedules (when and where) only consider layers and width of FFN

• Growth operators (inherit previous knowledge) non-strict function preservation

• Data distribution is shifting, causing catastrophic forgetting

Motivation:
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1. Introduction

Contributions:

We propose the LOIRE (Lifelong learning framewOrk on Incremental data via PLMs gRowth Efficiently)

◆ a novel plug-in layer growth operator that replicates the selected layers and inserts them between the 

original layer and the subsequent layer, leveraging concept of residual connection.

◆ a systematic definition for multi-dimensional operators and schedules that includes the layers, the hidden 

dimension, the FeedForward Network dimension, and the number of heads in the multi-head attention.

◆ an iterative distillation warmup strategy  to accommodate the new data distribution without forgetting earlier 

distributions during model growth
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2. Methodology

Definition of lifelong learning with an efficient model growth strategy:  

K stages model growth:

Optimal Objective:

Strict function preserving: 
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2. Methodology

The overall framework of the proposed LOIRE

(a) the growth operators and schedules over all four possible Transformer dimensions

(b) multi-stage model growth procedure with an interactive distillation approach
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2. Methodology

Growth operator with strict function preservation

◼ Layer operator

◼ MHA operator

◼ FFN operator ◼ Hidden dimension operator

MHA:

Hidden states:

FFN:
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2. Methodology

Optimized multi-stage growth schedule

growing the layers and heads in later stages and having a larger hidden dimension in earlier stages can lead to better model performance

Iterative Distillation warmup

minimize the difference between the distributions of previous models and the current one.

Hidden→FFN→MHA→LAYER
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3. Experiments

How does LOIRE perform during the pre-training stage?

LOIRE works both on pre-training from scratch and 

continually training from loading the checkpoint

LOIRE shows that it is better at keeping 

knowledge as the training data grows
Still deviations in the 

function-preserving
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3. Experiments

How does LOIRE perform in terms of training efficiency?

LOIRE can effectively save training time and improve training efficiency
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3. Experiments

How does LOIRE perform on the multi-domain downstream tasks?

LOIRE achieves comparable performance while saving computational costs.
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3. Experiments

Are our function-preserving operators effective?

LOIRE’s AP and AP+ are significantly lower than those of zero and random
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4. Future works

◆ A gap with existing LLMs with parameters up to 65 billion.

◆ There are still some deviations from the function-preserving theory in the actual experimental results.

◆ LOIRE performs worse on a few downstream tasks than other baselines.

◆ Other data-driven modalities, such as images and video.



Thanks for your listening!
hanxueai@chinamobile.com
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