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super hard to define in isolation! too many 
interpretations. instead let’s look at 
thoughts from those in the field and try to 
define it in terms of problems, 
shortcomings and desiderata:
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the problem has very certainly been 
misconstrued to a great degree. it’s time to 
track back and reframe it s.t. it is tractable!
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future expectations)



There is no one-shot solution in isolation.


And that is amazing!



What we desire Already an open problem called

Ultra-long 

contexts

Long-context modelling (either 

via architecture or context 

management)

Minimal 

forgetting

Plasticity, capacity

Learning from 

very little

Sample efficiency

New 

abstractions

Generalisation

Transfer 

between tasks

Transfer learning

Deciding what to 

remember

Memory and compression, 

long-horizon tasks





a very common misframing:
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An economist’s view of continual learning  

Pretraining is a central planner. It decides what matters by how often the world 

wrote it down (or how much data teams at labs or their vendors are appreciative 

of it).  

Real-world deployment lives in the long tail: sparse, local, often proprietary 

knowledge that never reaches pretraining.


Hayek’s “knowledge of the particular circumstances of time and place” that a 

central planner can’t foresee.  

Continual learning is most needed there. Everything else, the next pretrain can 

absorb.


F. A. Hayek


“The Use of Knowledge in Society”



“Every AI agent today is an amnesiac intern.”


Roughly-stated goal: an intern that gets better the longer it works somewhere.
  

slightly better criteria:


Correctly choose what is to be learnt, and learn it at the right level of 

abstraction with as few samples as possible


Don’t overwrite what the base model knew


Don’t forget what the earlier updates added


Don’t degrade general capability, including the potential of learning the next 

thing.


criteria 2–4 after Charlie O’Neill


“Trying to actually define continual learning” 
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https://charlesponeill.com/
https://charlesponeill.com/posts/defining-continual-learning/


Pretraining as a successful “central planner” 



Pretraining decides what to learn, and generalises from it 

remarkably well, without anyone telling it what matters. 



A deployed model never gets to make that decision. 

Whoever writes its prompt, data or reward makes it instead. 

The “learning” part isn’t exactly in the hands of the learner.



First: why does it work for pretraining?







Fun experiment: Invent facts no model has ever seen, 

and try to teach them.



“Zorvathine is a metal that melts when cooled below 

−10 °C.”



Finetune on it. Then ask:


“What is Zorvathine’s phase behavior?”


“Would a Zorvathine vessel stay solid while holding 

liquid nitrogen?”


“How does Zorvathine respond to cooling, unlike an 

ordinary metal?”

O’Neill et al.


“Can a Language Model Learn Facts Continually in Its Weights?”



The model fails to correctly answer derived 

questions, though correctly recites the fact itself. 

Gap(fact-recitation, generalisation) ~= 26 points. 

(persists across model scales i.e. Qwen 4B and 8B)



But! Write 24 examples of the same fact, and the gap 

between recitation and generalising reduces to ~3 

points.



What just happened?

O’Neill et al.


“Can a Language Model Learn Facts Continually in Its Weights?”



Let’s add to the puzzlingness.
 

Which matters more for remembering prior facts? 


You teach the model one fact, then ten more. You 

can give it varied examples of the first fact, or varied 

examples of the next ten. What would you choose?




O’Neill et al.


“Can a Language Model Learn Facts Continually in Its Weights?”



Surprising result: Augmenting the examples for the next ten 

facts improved retention of the first by 38 percentage 

points!


O’Neill et al.


“Can a Language Model Learn Facts Continually in Its Weights?”



Some related lessons from another study that 

observes a similar story:  


“for knowledge to be reliably extracted, it must be 

sufficiently augmented”



“We emphasize the importance of pre-training 

data rewriting (augmentation), particularly for rare 

but critical data.”

Allen-Zhu, Li


“Physics of Language Models: Part 3.1, Knowledge Storage and Extraction”



Pretraining does all of that already:  

Consider a random fact about the world. 


The data-generation process of the world (later fed as standard pretraining data) is such 

that...


Facts show up with augmentations. The world rewrites every fact in many forms and 

works out its consequences.


The frequency/proportion of a fact is naturally weighted by its importance.


Everything is shuffled together. Pretraining is i.i.d. Every batch is a random sample of 

everything and thus no single update overwrites what the rest of the data still needs. 

(“Catastrophic forgetting” is minimal)



A model at deployment does not have these privileges. It sees new facts sparsely, 

unaugmented, and rarely in a stream that’s shuffled.
 

Related: Generalisation needs pressure: with spare capacity a model can memorise. With 

more data than capacity it’s pushed to learn higher-order features.





Elephant in the room: 


In-context learning. 


Putting Zorvathine in the prompt results in the model getting the derived 

questions correct: 4% without the fact → 91% with it (lenient grading).



In context, the model needs no augmentation, as it reasons with the fact on the 

spot, which itself is perhaps pretraining’s most important outcome.



ICL is strong proof of existence for models being able to “learn” and “use” 

sparse, unaugmented, non-i.i.d. facts non-trivially. Though this is obviously 

limited by the context lengths.



O’Neill et al.


“Can a Language Model Learn Facts Continually in Its Weights?”



“We find overall that in data-matched settings, in-context learning can 

generalize several types of inferences more flexibly than fine-tuning”



“We build on these findings to propose a method to enable improved 

generalization from fine-tuning: adding in-context reasoning traces to finetuning 

data. We show that this method improves generalization and deductive 

reasoning across various splits of our datasets and other benchmarks”



This is intuitively verified in practice by the current barrage of coding agent 

harnesses. Reasoning helps as well.

Lampinen et al.


“On the generalization of language models from in-context learning and finetuning:


a controlled study”



Context

Writing

instant: just read it

Lasts

this session only

Catch

costs memory for

every token it holds, hard limits

fast and temporary

External notes

Writing

cheap: write a file

Lasts

until deleted

Catch

only as good as what

got written down

Weights

Writing

slow: gradient steps

Lasts

permanently

Catch

shared by everything it knows:

new writes disturb old ones

slow and lasting



ICL is not free:



For Llama 3.1 70B (80 layers, 8 KV heads, h_dim = 128, 16-bit precision), size is 

320 KiB per token. At roughly 430k tokens the cache is larger than the model’s 

own weights.




But, externalisation in many forms is rampant already. memory.md files, external 

knowledge stores, trained context window compaction, cartridges (more later!) 


Longer context windows cannot be ruled out either. 

Eyuboglu, Ehrlich, Arora et al.


“Cartridges: Lightweight and general-purpose long context representations via self-study”



Restating the criteria:


Correctly choose what is to be learnt, and learn it at the right level of 

abstraction with as few samples as possible


Don’t overwrite what the base model knew


Don’t forget what the earlier updates added


Don’t degrade general capability, including the potential of learning the next 

thing.



Quick rundown of current methods that address related issues:


Tradeoffs between: learns from one exposure · scales without degrading · uses what it learned · decides what matters


Train on your own samples Don’t write to weights at all “Dreaming”

On-policy RL, on-policy 

distillation, self-distillation (SDFT, 

OPSD, SDPO).

Cartridges, Still, KV 

externalisation, iterative 

compaction, context language 

models.

Self-play-like data: rewrites, 

replay, simulations, automated 

env creation. 

Context length unlocks

Better architectures (linear 

attention, hybrids).

Targeted updates/Memory-

first architectural 

components

Lin et al. sparse memory 

finetuning, DeepSeek Engram 

modules, test-time training 

(Titans, TTT-E2E).

Model updates itself

SEAL (Zweiger et al.), weight-

space programming (Takehi et al.)



On Compaction:



Compaction clearly works! Models trained through it learn what to keep, and 

this is optimised in a closed loop instead of just a basic “summarise” prompt. 

Ideas like CLMs go further: they edit their own context directly.  

But these are learned transformations (feeding on backpropagated signals from 

RL rewards in designed envs). They learn what matters only for payoffs inside 

their training horizon. 




RL/train on your own samples

For a task/completion of interest...



SFT: take this gold-standard sample and memorise it. 

This memorises something EXTERNAL.



On-policy RL: sample some completions, a reward picks the best 

ones.


This upweights something INTERNAL.



Moving away from the base model is bad (measured in KL 

divergence). For matched accuracy, RL is shown to have less KL 

div than SFT. 



Shenfeld, Pari, Agrawal


“RL’s Razor: Why Online Reinforcement Learning Forgets Less”



Self-distillation methods.

On-policy RL assumes your model can produce an acceptable response. In many 

cases when trying to learn something new, it cannot.



On-policy distillation: The student still samples its own answers, but a teacher 

scores every token (“I’d have put more probability here”). Dense feedback, but still 

assumes the existence of a stronger teacher.



Self-distillation (SDFT, OPSD, SDPO): in absence of a stronger teacher, use the 

same model, with the answer in its context as a hint. That hint could be a 

demonstration (SDFT), a worked solution (OPSD), or the error message from its 

own failed attempt (SDPO).



Intuitively: you use in-context learning to bootstrap a teacher, and get a low KL 

weight update.


Lu et al. “On-Policy Distillation” · Shenfeld et al. “Self-Distillation Enables Continual Learning”


Zhao et al. “Self-Distilled Reasoner: On-Policy Self-Distillation for Large Language Models”


Hübotter et al. “Reinforcement Learning via Self-Distillation”



Issues:

Bottlenecked by in-context learning ability, does not make 

“learning what to learn” easier, RL can learn atomic behaviors 

without learning the underlying knowledge. 



Practitioners aren’t very positive w.r.t. OPSD!











takeaway: super strong low-forgetting, low-interference method 

IF DONE CORRECTLY. Definitely better than SFT.



“Don’t write to weights at all” 



Cartridges: 

Train a small KV cache on a corpus by “self-study”. It matches full in-context 

quality with 38× less memory.



A trained KV cache is approximable to an MLP layer¹. So a bank of cartridges 

plus a router that picks one is taking MoEs to the limit: one expert per context.



Again, exploits ICL as a fast-learner.


Eyuboglu, Ehrlich, Arora et al.


“Cartridges: Lightweight and general-purpose long context representations via self-study”


¹ Sukhbaatar et al. “Augmenting Self-attention with Persistent Memory”



Dreaming/self-play



Claude Code Auto Dream: Between sessions, a background agent merges, 

fixes and prunes its own memory files. (leaked feature)



During a session: the model writes notes using its best guess about 

what’s salient.


Between sessions: it goes back over the record with hindsight and 

reorganises. That offline pass is what they call dreaming.


scope: defines memory as context saved between sessions, and explicitly 

excludes changes to the weights.




Bonus tailwind: the advent of user simulator models.


Lance Martin, Anthropic


“The components of agent memory”

https://www.anthropic.com/research/components-of-agent-memory
https://www.anthropic.com/research/components-of-agent-memory


“Claude has learned to judge salience”


On Pokémon Red: “Sonnet 3.7 assumed everything might matter and wrote to memory 

indiscriminately […] and earned one badge. […] Fable 5, by comparison, wrote nine files in two 

folders, plus a single top-level file called global.md, and earned four badges”

Lance Martin, Anthropic


“The components of agent memory”

https://www.anthropic.com/research/components-of-agent-memory
https://www.anthropic.com/research/components-of-agent-memory


The model learns to update itself:



SEAL: Given a passage, instead of finetuning on the passage itself, model 

writes its own training data about it, then finetunes on that.



generate several self-edits, finetune a copy of the model on each, and test 

the result. Reward = 1 if the update improved performance, 0 if not. Keep 

the edits that worked and train the model to write more like them



pros: direct data augmentation, model learns how to update itself.


cons: still has to be given what to learn! reward is super short-horizon i.e. 

does it help on downstream questions (mostly just knowledge tasks)


Zweiger, Pari et al.


“Self-Adapting Language Models”



The model learns to update itself, part 2:



GPT-6 Astra, when given Qwen3.5-0.8B’s raw weights and a budget of 

forward passes, with no gradients, edits 0.016% of them. MATH-500: 7.9% 

→ 48.1%.  

Super early ⚠: it removed a fault hiding an ability, it couldn’t add one. But a 

taste for things to come.


Takehi et al.


“Sparks of Weight-Space Programming:


LLMs can natively read & write neural network weights”



The model learns to update itself, part 3:



“Context Language Models”



Allow models to edit their own context by making it a file with unrestricted 

edits. 


Instead of appending forever or summarising at the end, the model edits 

its own context like a file: rewrite, delete, insert. 




Against summary compaction (same model, 32K 

budget): TBLite 73.7% vs 67.0%; 12-hour EdgeBench 

runs 44.6 vs 42.3 at ~60% less compute.



Also worth checking out: RLMs


Shao et al. “Context Language Models”


Zhang, Kraska, Khattab “Recursive Language Models”

https://arxiv.org/abs/2609.37725
https://arxiv.org/abs/2512.24601


Architectural changes:



“Sparse Memory Finetuning”



A memory layer replaces some feedforward layers with a very large table 

of memory “slots”. 



When learning something new, don’t update every slot the new data 

touches, use some metrics to target “slots” to edit. 



High update sparsity, forgetting: 89% (full FT) → 11% (Memory slots)

Lin et al.


“Continual Learning via Sparse Memory Finetuning”



More architectural changes



DeepSeek Engram: 


Add a huge table of embeddings indexed by hashing the last few tokens 

(an N-gram). The model’s hidden state decides how much of the retrieved 

vector to use (a gate). i.e. learns when to look things up vs. compute them.




New architectural changes to scale up context length, ex: 


Zyphra Hierarchical Attention, a sparse attention method that constructs 

and searches through a hierarchical tree to determine the relevant set of 

tokens for each query.

Cheng et al. “Conditional Memory via Scalable Lookup:


A New Axis of Sparsity for Large Language Models”


Lufkin et al. “Subquadratic Attention with a Hierarchical Tree-Structured Indexer”



Rough classification:



Persists past Learns from

the session one exposure

Long context / ICL

Compaction, cartridges, memory files

Plain finetuning (SFT)

Dreaming (rewrites, replay)

Train on own samples
(RL, self-distillation)

Memory-first architectures

Model updates itself
(SEAL, WSP)

varies

good partial poor not measured not applicable

Scales without

degrading

Uses what

it learned

Decides what

matters





Out with all the talk that talks about what we do to the learner, in with all the talk that talks about 

what the learner does to itself

Slide credits: Hyung Won Chung



Out with all the talk that talks about what we do to the learner, in with all the talk that talks about 

what the learner does to itself



What can close the loop? What work would be most useful?  

That policy has to be trained somewhere, and very little today trains it 

over the horizons that matter.  

Synthetic streams that resemble learning on the job, usable both as an 

RL environment and as an eval. Knobs like horizon, frequency, drift, facts 

vs skills.  

Continual learning as rate–distortion (h/t Karthik Balaji): under a budget 

of tokens, memory, weight updates and self-edits, keep whatever 

minimises error on future questions.  




More benchmarks!  

CL-Bench: Expert-checked tasks in six areas, including SWE, forecasting, 

game strats. Each area has tasks sharing a structure that an agent with 

persistent state can learn and a stateless one can’t.



Current findings: plain ICL beats dedicated memory. Sequences are 

anyway short and thus context can be lossless.



FutureSim: Replays 88 days of real news with O(100k) news articles. 

Agent has to forecast 330 questions that resolve in the period.



These are still short horizons! 



More work on identifying tradeoffs between approaches quantitatively 

would be super valuable.  

Asawa et al. “Continual Learning Bench: Evaluating Frontier AI Systems in Real-World Stateful Environments”


Goel, Chandak, Arun et al. “FutureSim: Replaying World Events to Evaluate Adaptive Agents”

https://arxiv.org/abs/2606.05661
https://arxiv.org/abs/2605.15188


very little exists, or will exist, the way it is thought to exist



Thank you.  

My thoughts draw heavily on conversations with, and posts from, Karthik 

Balaji (@akbirthko), 


and on posts from Will Brown (@willcb), Charlie O’Neill (@oneill_c), Beren 

Millidge (@BerenMillidge), Jessy Lin (@realJessyLin), Ilija Lichkovski 

(@carnot_cyclist) and Andrew Lampinen (@AndrewLampinen).



Slides with references at hiranmay.com/cl-talk



HMU: @hdarshane or darshanehiranmay@gmail.com



