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||| Continual Instruction Tuning

Continual Instruction Tuning: general LLMs streaming fine-tune on a sequence
of tasks T;,T5, ..., Ty over time to adapt to new instructions.
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||| Catastrophic Forgetting of LLMs

Catastrophic Forgetting occurs during continual instruction tuning.
» A decline in the model‘s performance on old tasks when adapting to new

tasks, e.g., on domain knowledge and reasoning [1].
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||| Motivation

Problems with existing works:
» Analyze forgetting from limited perspectives.
» Lack of understanding the internal mechanisms underlying model forgetting.
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||| Contributions

» Investigate catastrophic forgetting of LLMs from multiple perspectives.
» Characterize catastrophic forgetting with function vector hypothesis.
» Mitigate catastrophic forgetting by proposing FV-guided training.
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||| How Forgetting Behaves? Sequence Type

Investigate forgetting in continual instruction tuning from multiple perspectives,
includes sequence type, evaluation ability, and model.
» Instruction tuning sequences with generation tasks lead to greater forgetting

compared to classification tasks.
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||| How Forgetting Behaves? Model

Investigate forgetting in continual instruction tuning from multiple perspectives,
includes sequence type, evaluation ability, and model.
» Forgetting is model-dependent.
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||| How Forgetting Behaves? Training Process

Investigate forgetting in continual instruction tuning from multiple perspectives,
includes sequence type, evaluation ability, and model.
» Forgetting may be naturally mitigated during training.
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||| How Forgetting Behaves? Evaluation Ability

Investigate forgetting in continual instruction tuning from multiple perspectives,
includes sequence type, evaluation ability, and model.
» In-context learning performance degrades significantly.
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||| Why Forgetting Happens? The Role of Function Vectors

We identify the strongly correlation between function vector (FV) similarities
and diverse forgetting patterns across task types and training stages.
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||| Why Forgetting Happens? The Role of Function Vectors

We identify the strongly correlation between function vector (FV) similarities
and diverse forgetting patterns across task types and training stages.
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||| Why Forgetting Happens? The Role of Function Vectors

When the similarity of the FV of the evaluation task before and after learning is
high, forgetting is relatively mild.
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||| Why Forgetting Happens? Characterization Hypothesis

We hypothesize that the intrinsic cause of forgetting is the shift in
rather than overwriting
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||| Why Forgetting Happens? Supporting Evidences

By manipulating the function vectors during forward, the model can recover
task performance / mitigate forgetting.

Intervention experiments
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||| How to Mitigate Forgetting?

A simple yet efficient design to mitigate forgetting, through two regularization
terms to prevent the shift of function vector activation.
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||| Effectively Mitigate Forgetting
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