
Long-running agents: 

the long and short of it

Daniel Khashabi



State of today: agents are all the rage 

2

Claude Code CodexGemini Code



State of today: agents are all the rage 

3

Claude Code CodexGemini Code

Coding agents: 

Implement a feature, run 

tests, and revise until it works.
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Day-to-day copilots: 

Coordinating across users, 

their emails, documents, 

and interaction history.

Copilots
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Research and discovery agents: 

Develop hypotheses, run experiments, 

and revise plans as evidence arrives.

Copilots
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Today’s agents organize work into 

separate chats, projects, and 

environments.

What is learned or decided in one 

session doesn’t reliably carry into 

others as the work evolves.



The future is ever-longer-running agents 

• Agents that reason and adapt, 24/7, over weeks and months.

• Example: The agent that coordinated last month’s kickoff 

remembers decisions, tracks commitments, and adapts plans 

for the next phase.

• One agent throughout; not many isolated chats/projects.
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How do we scale long-running agents?

• Approach 1: Expand context:

• Keep more of the history directly available.

• Approach 2: Manage a bounded context: 

• Selectively preserve what matters through compression and retrieval.
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The bet on ever-scaling context windows 

• Keep more of an agent’s history directly available.

• Most SOTA LLMs* have context window of >1M tokens. 

• GPT6-Astra, Opus 5, Gemini 3.8
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The bet on ever-scaling context windows 
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But dwindling progress? Consistent growth over time



The bet on ever-scaling context windows 

• What needs to be unlocked to continue to scale it? 

1. Efficiency barrier: going beyond the quadratic cost. 

2. Data barrier: quality long-context data is scarce. 
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What if long data is abundant (one day)?



A thought experiment on context scaling 

• A hypothetical future: 

• Assume we have endless long-context data.

• Also, assume sufficient compute. 
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A thought experiment on context scaling 

• A hypothetical future: 

• Assume we have endless long-context data.
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Would simply increasing the training window 

reliably improve what the model learns?



A skeptical take

• Cognitive offloading := the tendency (of humans) to use external 

resources (notes, phones, search engines) to reduce mental effort. 

• Example: The “Google effect” (or "digital amnesia") 

• People who expect info to remain accessible, remember less. 

• Reaction to the context scaling thought experiment: 

• Could more available context reduce what a model internalizes?

Sparrow et al. Google effects on memory: cognitive consequences 

of having information at our fingertips, 2011.
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A controlled experiment for scaling context 

• Fixed Data: Long documents from Project Gutenberg

• Fixed token budget: 10B tokens 

• Vary the training window size:

𝑊train ∈ {512, 1K, 2K, 4K, 8K, 16K, 32K} 

• Evaluation: existing (not-very-long) tasks.

• Q: How does this control manifest itself in downstream evals?
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(*another variable is compute-per-model; longer models require 

more compute, despite being token-matched.) 
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CE loss: ℓ𝑡 = − log 𝑃(𝑦𝑡|𝑦<𝑡 , 𝑋) 
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Training time

auto-regressive 

decoding

LM
trained

Test time
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available during training
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 during the test time



Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

A controlled experiment for scaling context 



Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

A controlled experiment for scaling context 



Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

A controlled experiment for scaling context 

Inflection point beyond which 

training on longer context is 

hurting performance



Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

A controlled experiment for scaling context As pretraining context window grows, performance 

improves up to an optimum window length. 

Inflection point beyond which 

training on longer context is 

hurting performance



Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

A controlled experiment for scaling context As pretraining context window grows, performance 

improves up to an optimum window length. 



Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

A controlled experiment for scaling context As pretraining context window grows, performance 

improves up to an optimum window length. 



Information Abundance Paradox 

Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.



Information Abundance Paradox 

More available context (in training) 

can reduce the pressure to internalize information.

Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.



Information Abundance Paradox: 

Perspective from learning mechanisms

• Prediction loss can decrease in two ways: 

a) Parametric internalization: Encode information in model parameters.

b) Contextualization: Use information available in the current context.

• Certain experimental settings can create a tug-of-war between 

these mechanisms. 

65Uzunoglu et al. Information Abundance Paradox: Long-Context Training Undermines Parametric Knowledge, 2026.

Longer training context may shift the 

balance toward contextualization.
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Information Abundance Paradox: 

Takeaways and Implications

• Context scaling changes the nature of learning: More informative 

context at train-time weakens knowledge internalization.

• We’re not ruling out very long context models. 

• They remain possible. 

• But scaling data alone is not the complete recipe.

71
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Roadmap: long-running agents

• Approach 1: Expand context:

• Keep more of the history directly available.

• Approach 2: Manage a bounded context: 

• Selectively preserve what matters through compression and retrieval.
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Why bounded context? 

Challenge of scaling context



• There are fundamental challenges in how to effectively scale 

the context window of models (cf. our earlier discussion). 
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Why bounded context? 

Cost 

$$$



• Increasing context lowers attention fidelity 
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Why bounded context?  

Context rot 

Hsieh et al. RULER: What’s the Real Context Size of 

Your Long-Context Language Models? COLM, 2024. 

The effective context window of 

models is much smaller than 

what they’re claimed to be. 
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The common mechanism to shorten context: 

“Compaction”



• Compaction :=  

1. condenses that context into a short summary, 

2. releases the memory, and 

3. generation continues from the summary.
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The common mechanism to shorten context: 

“Compaction”



• Nowadays compaction is used in all agentic tools. 

• It used to be that it triggered near the point of exceeding the window. 

• Increasingly compaction is frequent and invisible. 

• It works more or less, but: 

• Hard to study it scientifically. 

• Not perfect and not doing it at the right time will be harmful. 
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Can off-the-shelf LLMs decide 

when and how to compact their own history? 
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• The Rubric prompt is the crucial design component. 

• Guidelines for when to compact we found effectives: 

1. A subtask is complete:

• Preserve its result; discard unnecessary intermediate work.

2. The model is stuck: 

• Consolidate findings; compaction gives it an opportunity to break out.
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Improves accuracy of fixed-interval compaction 

while maintaining cost.
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Why it works: compaction frequency 

Li et al. Self-Compacting Language Model Agents, 2026.
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Why it works: compaction frequency 

Li et al. Self-Compacting Language Model Agents, 2026.

Fixed-Interval triggers at the threshold by construction; 

SelfCompact spreads them across the budget.
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Why it works: ease of problems 

Li et al. Self-Compacting Language Model Agents, 2026.
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Why it works: ease of problems 

Li et al. Self-Compacting Language Model Agents, 2026.

SelfCompact matches the others on easy bins

and pulls ahead on the hardest bins.



• Self-Compact: rubric-gated adaptive compaction. 

• Lightweight and training-free. 

• A meta-cognitive capability. 

• Strong empirical results 

• Our study is quite simple and likely there is a lot of headroom.

• Call for scientific study of context management.
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Circling back: 

Toward agents that learn and remember over time

• Context scaling: 

• There are fundamental challenges in scaling context window of LLMs. 

• Long-running agents [probably] need more than longer histories.

• Context management: 

• Context management (e.g., compaction) as a useful hill to climb. 

• Most of these are these are hard-coded harnesses. 

• We need to make them a subject of science to study. 

• Elephant in the room: Continual learning/training
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