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Lots of reasons we want continual learning

➔ Cumulative learning

➔ Amortizing the cost of learning

(c.f. in-context learning, where the learning 
is discarded after every instance)

➔ Specialization and 
personalization

➔ Adapt to the non-stationarity 
of the world

➔ Avoid retraining from scratch



But when AI models become dynamic, much of AI 
evaluation and alignment goes out the window

Because many techniques are built for static models.

This could be an impediment to deployment.
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When AI models become dynamic, much of AI safety 
and alignment goes out the window

Because many techniques are built for static base models.

Case 1: Safety analysis

Case 2: RL-based alignment



E.g. Model cards: “Nutrition labels” for models 
(Mitchell et al, 2018)

Involves extensive testing before deployment:

● evaluation on fixed benchmarks (Shevlane et al, 2023)
● red-teaming (Perez et al, 2022)
● detailed reporting
● …

Case 1: Safety analysis



E.g. Model cards: “Nutrition labels” for models 
(Mitchell et al, 2018)

● Standard practice for major model releases
(also called “system card”)

● Required/recommended in EU AI Act, 
US NIST AI Risk Management Framework

But evaluations are on a static model at release. 

→ The results cannot be assumed to hold, if the model is 
dynamically changing after deployment.

→ And current evaluation methods are too expensive to be 
deployed on a continual basis.

Case 1: Safety analysis



A major family of techniques for alignment

● RL from human feedback (Christiano et al, 2017)

● Instruction-tuning (Ouyang et al, 2022)

● RL from AI feedback (Bai et al, 2022)

RL-based post-training is a massive and expensive part of training foundation 
models. It cannot be done repeatedly!

Case 2: RL-based alignment



Summary: Challenges with many existing methods

● assume a static model

● performed before deployment

● expensive to perform on a continual basis

Case 1: Safety analysis

Case 2: RL-based alignment



The parameters of the ecosystem could matter

These factors affect what solutions are possible, and how serious the issues might be.

Some hypothetical scenarios to consider:

1. Every Fortune 500 company has their own model that is continually learning about 
the company and their business, updated every minute.

2. 50% of all adults worldwide have a personal assistant that is continually learning 
about a person’s life, environment, and preferences.

Q: Do these seem like realistic scenarios? Are there other parameters that matter?

How many models 
will there be?

How frequently are 
the models updating?

How large are the 
updates?



What might still work?

Online classifiers

● applied during deployment, 
not before



What might still work?

Metamorphic testing

● ensure that invariances hold
● useful when there is no oracle (e.g. 

with changing ground truths)

traffic laws 
change

For an invariance f :

if a model outputs y in response to x, 
then it should also output y in response to f(x)

AVs should respect traffic laws in the 
same way, whether day or night

AVs should still respect traffic laws in 
the same way, whether day or night

2025 2030



What might still work?

● But these have not yet been applied to the 
continual learning setting.

● And they are likely not sufficient.
(today, they are not sufficient on their own)



It’s not hypothetical
Current-day examples from weak continual learning: Fine-tuning

“simply fine-tuning with benign and commonly 
used datasets can inadvertently degrade the safety 
alignment of LLMs”

converted the new GPT-OSS-20b into a “base” model 
simply by training on a small web corpus

(credit: Jack Morris)



It’s not hypothetical
Current-day examples from weak continual learning: In-context learning

Hyperstition

Negative side effects manifest after deployment, unlike normal reward hacking.



It’s not hypothetical

Continual learning exacerbates 
distribution shift – e.g. auto-induced 
data distribution shift 

Goal misgeneralization from distribution shift
(Shah et al, 2022; Langosco et al, 2022)



New issues that are specific to continual learning
If we run the same evaluations on a continual basis, models might adapt 
and overfit to the evaluations. 

Especially if evaluations / feedback is implicit – in this case, the eval 
becomes part of the learning signal.

Eval Eval Eval



These issues are deeply related to existing research 
areas in continual learning

Maintaining alignment in the face of continual learning:

● stability-plasticity dilemma / catastrophic forgetting
● robustness to distribution shift

In a sense, if CL is “solved” in the right ways, then we can avoid these issues.

Q: Do you agree?



Quine’s “web of beliefs”

inner beliefs 
e.g. rules of logic, 
fundamental values.
Strongly supported, and 
retained more tightly

h/t Murray Shanahan

peripheral beliefs
touched by experience



Quine’s “web of beliefs”

Perhaps neural networks already learn 
in this hierarchical way, with inner 
“beliefs” that are harder to change 
(Jain et al, 2023; Okawa et al, 2023; 
Michaud et al, 2025;) 

Q: Can we ensure that the inner beliefs 
are the “right” ones?

Q: Can we repurpose existing 
algorithms, e.g. via prioritized replay, 
elastic weight consolidation, having 
core beliefs modules that are 
unchanged?



Interesting open challenges
➔ Continual learning techniques that maintain existing alignment

➔ What are the right ways of specifying a sequence of “tasks” to capture this, if any?

➔ Continual steering – towards values/alignment already in the model, and new values

➔ Cheap, fast evaluations that we can run frequently – and which do not induce 
overfitting or “alignment faking”

➔ How do we know what to keep constant under changing distributions and objectives, 
and what to update?

➔ [ethics / societal] How flexible do we want the model’s values and behavior to be?

➔ Q: others?



Takeaways
● Many current safety evaluation and 

alignment techniques will be inadequate for 
continually learning models

● The open challenges are deeply 
intertwined with current research directions 
in continual learning.. this is a great 
opportunity!


