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1. Motivation & Problem Definition 

Catastrophic forgetting in LLMs

When learning new tasks, models often suffer sharp drops in old-task performance.
For example, after finetuning on just 10 Absolutely Obedient Agent Examples, LLaMa2 
seems that loss the knowledge learned during safety alignment.

Finetuning on just 10 Examples leads to a sharp 
drops in performance of safety alignment.



1. Motivation & Problem Definition 

Surprising observation

Old task performance can be rapidly restored by a bit of additional training on a few instances 
(even irrelevant ones), suggesting the original knowledge wasn’t truly lost​. This challenges the 
notion that the model has “forgotten” in the traditional sense.



1. Motivation & Problem Definition 

Defining “Spurious forgetting”

Spurious forgetting shows an apparent performance loss that stems from a decline in 
task alignment rather than actual erasure of underlying knowledge. In other words, 
the model still knows the old task, but can no longer apply that knowledge effectively.



1. Motivation & Problem Definition 

Why it “Spurious forgetting” matters?

Indicates that performance drop ≠ knowledge loss​. This insight calls for new continual 
learning strategies focusing on preserving task alignment, not just memorizing 
knowledge.



2. Experimental Findings

Controlled Experiments

Controlled setup (synthetic tasks):
Train a model on a synthetic Task 0, then introduce Task 1. Observed that in the first 150 
steps of Task 1 training, Task 0 accuracy plummets ​. These early optimization steps tend 
to undo the prior Task 0 alignment (especially in the bottom layers), causing a quick 
performance collapse.



2. Experimental Findings

Controlled Experiments

Old knowledge is recoverable:
Importantly, if we intermingle or follow up with a small amount of Task 0 data (or even 
unrelated data), the model re-aligns to Task 0 and its performance bounces back ​. This 
implies the Task 0 knowledge remains in the model, dormant but intact.



2. Experimental Findings

Controlled Experiments

Real-world confirmation:
The same phenomenon appears in real scenarios. For example, in a safety alignment 
task, a model’s safety score dropped from 100% to 0% after a few new harmful prompts, 
but recovered to ~99% with only a handful of corrective training examples. 
In a continual instruction tuning benchmark (8 sequential tasks), task accuracies often 
fell to zero then later rebounded as new tasks were learned. These patterns occur 
across different datasets and settings, reinforcing that the forgetting was spurious.



3. Solution

“Freeze” Strategy to Preserve Alignment

Freeze (our approach):
Keep the bottom layers frozen (unchanged) when fine-tuning on new tasks. In practice, 
this means not updating the lower network layers (including embeddings) during 
continual learning, only training the top layers on new task data.



3. Solution

“Freeze” Strategy to Preserve Alignment

Rationale: By locking the foundational layers that encode general features and prior 
task alignments, we prevent the undoing of old task alignment ​. This aligns with our 
finding that most misalignment originates in bottom layers – if they don’t change, the 
model’s representation of earlier tasks stays intact. The upper layers adapt to new tasks 
while the core knowledge remains stable.



3. Solution

“Freeze” Strategy to Preserve Alignment

Impact – dramatic performance gain: The Freeze strategy yielded a major improvement
in sequential task learning. For example, on a continual learning benchmark, a naive 
sequential fine-tune (no old data) retained only ~11% accuracy on Task 0, whereas 
Freezing bottom layers boosted this to ~44% ​. This is about 2× higher than the best 
alternative method (which was ~22%). Notably, Freeze achieved this while updating less 
than half of the model’s parameters​



4. Comparative Evaluation

Freeze vs. Other Continual Learning Methods

Prior methods tried: Tested a range of continual learning (CL) techniques – regularization-
based (penalizing changes to important weights, like EWC), generative replay (using 
generated pseudo-data for past tasks), model merging, and gradient-based modifications ​. 
These conventional methods had limited success on preventing spurious forgetting in 
language models.



4. Comparative Evaluation

Freeze vs. Other Continual Learning Methods

Performance comparison: Most baselines could only retain a fraction of the original task 
performance (in our study, old task accuracy topped out around ~22% with the best 
traditional method). In contrast, Freeze achieved ~44%, roughly doubling the retained 
performance of the best alternative. This is a significant margin, highlighting Freeze’s 
effectiveness.



5. Conclusion

 Spurious forgetting: 
Identified a new paradigm of forgetting in LLMs where performance drops are due to 
misaligned knowledge, not actual knowledge destruction​. This shifts how we think about 
continual learning failures – the model often remembers but can’t apply its memory 
without realignment.
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5. Conclusion

 Evidence & explanation: 
Through controlled experiments and real-world cases, we showed that tiny amounts of 
re-training can recover lost performance, confirming that underlying knowledge persists. 
We provided a theoretical explanation (orthogonal weight updates) for why this 
happens​, reinforcing that preserving alignment is critical.
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5. Conclusion

 Effective solution – Freeze: 
We introduced Freeze, a simple yet powerful fix for spurious forgetting, which keeps lower 
layers static. Freeze delivered substantially better results than classic CL methods​, 
improving old-task retention without needing old data. It empirically validates our 
hypothesis by maintaining alignment between tasks.
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5. Conclusion

 Future work (stability–plasticity trade-off): 
Freezing too much can slow new learning – there is a trade-off between stability and 
plasticity​. Future research can explore adaptive freezing (e.g., freeze fewer layers or use 
early stopping​) to balance retaining old alignments with acquiring new tasks. Additionally, 
developing metrics to detect spurious forgetting early and generalizing these strategies to 
other model architectures or domains will be valuable directions.
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