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Con$nual Instruc$on Tuning

Con$nual Instruc$on Tuning: general LLMs streaming fine-tune on a sequence 
of tasks 𝑇!, 𝑇", . . . , 𝑇# over Ame to adapt to new instrucAons.

General LLMs Necessity in Applica$on

Necessity in Human Preference
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Catastrophic Forge5ng of LLMs

Catastrophic Forge@ng occurs during conAnual instrucAon tuning.
Ø A decline in the model‘s performance on old tasks when adapAng to new 

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

[1] Yun Luo, et al. An empirical study of catastrophic forge?ng in large language models during con@nual fine-tuning, 2024.
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Mo$va$on

Problems with exis$ng works:
Ø Analyze forgeMng from limited perspecAves.
Ø Lack of understanding the internal mechanisms underlying model forgeMng.

Analysis from limited perspecAves [1]
Lack of understanding the 
internal mechanisms 

𝑇!

𝑇" 𝑥"

𝑥! 𝑦!

𝑦" ✔

✖Why 
forget？

[1] Yun Luo, et al. An empirical study of catastrophic forge?ng in large language models during con@nual fine-tuning, 2024.
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Contribu$ons

Ø Inves$gate catastrophic forgeMng of LLMs from mul$ple perspec$ves.
Ø Characterize catastrophic forgeMng with func$on vector hypothesis.
Ø Mi$gate catastrophic forgeMng by proposing FV-guided training.

Inves-gate 
forge7ng

Characterize 
forge7ng
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(a) Pretrained LLM under latent variable assump3on
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(b) Forge7ng stems from bias in func3on ac3va3on
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How Forge5ng Behaves? Sequence Type

InvesAgate forgeMng in conAnual instrucAon tuning from mul$ple perspec$ves, 
includes sequence type, evaluaAon ability, and model. 
Ø InstrucAon tuning sequences with generaAon tasks lead to greater forgeMng 

compared to classificaAon tasks. 

Llama3-8b-chat 
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How Forge5ng Behaves? Model

InvesAgate forgeMng in conAnual instrucAon tuning from mul$ple perspec$ves, 
includes sequence type, evaluaAon ability, and model. 
Ø ForgeMng is model-dependent.
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How Forge5ng Behaves? Training Process

InvesAgate forgeMng in conAnual instrucAon tuning from mul$ple perspec$ves, 
includes sequence type, evaluaAon ability, and model. 
Ø ForgeMng may be naturally miAgated during training.
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How Forge5ng Behaves? Evalua$on Ability

InvesAgate forgeMng in conAnual instrucAon tuning from mul$ple perspec$ves, 
includes sequence type, evaluaAon ability, and model. 
Ø In-context learning performance degrades significantly.

General task EvaluaDon

Llama2-7b-chat  on 
generaDon tasks

In-context EvaluaDon
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Why Forge5ng Happens? The Role of Func$on Vectors

We idenAfy the strongly correla$on between func$on vector (FV) similari$es
and diverse forge@ng paNerns across task types and training stages.

[1] Todd, Eric, et al. Func@on Vectors in Large Language Models, ICLR 2024.

1. Average head ac-va-on 2. Zero-shot interven-on 3. Func-on vector

An internal representa,on of a task ability in modelFunc-on 
Vector [1]
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Why Forge5ng Happens? The Role of Func$on Vectors

We idenAfy the strongly correla$on between func$on vector (FV) similari$es
and diverse forge@ng paNerns across task types and training stages.
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Why Forge5ng Happens? The Role of Func$on Vectors

When the similarity of the FV of the evaluaAon task before and aUer learning is 
high, forgeMng is relaAvely mild.
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Why Forge5ng Happens? Characteriza$on Hypothesis

We hypothesize that the intrinsic cause of forgeMng is the shiO in task func$on 
ac$va$on rather than overwriAng previous func$ons

Reformulate LLM as latent 
variable model:

Reformulate func-on 
vector hypothesis:

task-specific 
func-on

ac-va-on 
of func-on 

𝑃( 𝑦 ∣ 𝑥, 𝜽𝑻 = ∑(𝒍,𝒌)∈𝓢𝒉𝒍𝒌 → 𝑓'(𝑦 ∣ 𝑥)

𝑃((𝑦 ∣ 𝑥) = ∫1𝑷𝑴(𝒚 ∣ 𝜽, 𝒙)𝑷𝑴(𝜽 ∣ 𝒙)𝑑𝜃

shi7 in 𝜽𝑻 <=> shi7 in ac-va-on of func-on 
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Why Forge5ng Happens? Suppor$ng Evidences

By manipulaAng the funcAon vectors during forward, the model can recover 
task performance / miAgate forgeMng.

+ Task 0 FV 𝜃'"
$

Interven$on experiments
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How to Mi$gate Forge5ng?

A simple yet efficient design to miAgate forgeMng, through two regulariza$on 
terms to prevent the shiU of funcAon vector acAvaAon.

Func,on vector consistency loss

ℓ45 = ∑(6,7)∈𝒮𝑑 ℎ67
(%&$(𝑥), ℎ67((𝑥)

prevent FV shi-
prompt model to use its 
original task func8on

task-specific 
func-on

ac-va-on 
of func-on 
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FV-guided KL-divergence loss
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Effec$vely Mi$gate Forge5ng

Significantly alleviate the forge7ng 
of model performance

Successfully prevent the 
shiU of the func-on vector

0.81 
-> 
0.98 

0.72 
-> 
0.96 



Thank you!

Q & A

Investigate 
forgetting

Characterize 
forgetting
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After learning task !! 
(a) Pretrained LLM under latent variable assump3on
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(b) Forge7ng stems from bias in func3on ac3va3on

Mi3gate
 forge4ng

Welcome to join me for a discussion in the poster 4me 
Thu 24 Apr 3 p.m. CST — 5:30 p.m. CST, Hall 3


