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The Context Fidelity Crisis: Why Recursive
Language Models Just Made the 10M Token
Context Window Obsolete Before It Arrived

The AI industry just spent billions engineering context windows that can swallow entire
codebases whole—and MIT proved it was solving the wrong problem entirely.

The Great Context Window Arms Race Has a Fatal Flaw

There’s a peculiar kind of madness that grips the AI industry every few years. In 2023, it
was the parameter count wars. In 2024, it was multimodality. And in 2025, it became
context windows—the race to stuff ever-larger amounts of text into a single transformer
attention mechanism.

Google’s Gemini pushed to 1 million tokens. Rumors swirled of 10 million token models on
the horizon. Enterprise customers nodded approvingly at sales pitches promising they
could finally dump their entire documentation into a single prompt. The future, we were
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told, was about capacity.

But here’s what nobody wanted to talk about: your LLM with a 10 million token context
window has the attention span of a goldfish with amnesia. It just pretends otherwise.

The problem was never how much information you could feed into a model. The
problem was whether the model would actually use it.

This is the context fidelity crisis, and it’s been hiding in plain sight for years. Now, thanks to
work from MIT’s Alex Zhang and the engineering team at Prime Intellect, we finally have both
the diagnosis and the cure—and it fundamentally challenges everything the industry has
been building toward.

The “Lost in the Middle” Problem Nobody Fixed

Let me paint you a picture that every engineer working with long-context models
recognizes.

You have a 100,000 token document. You ask a question about something mentioned on
page 47. The model confidently answers based on information from pages 1-3 and 95-100,
completely ignoring the middle 90% of your document. You try again, rephrasing. Same
result. You explicitly tell it where to look. It still hallucinates based on the beginning and end.

This isn’t a bug. It’s a fundamental architectural limitation of how transformer attention
works.

Research on context length in LLMs has consistently shown that attention mechanisms
exhibit what researchers call primacy and recency bias—a tendency to weight information
at the beginning and end of inputs while functionally ignoring middle sections. The longer
your context, the worse this problem becomes.

Why Bigger Windows Make This Worse, Not Better

The intuitive assumption is that larger context windows would solve this. More capacity

https://datanorth.ai/blog/context-length
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means more room for all the information, right?

Wrong.

Here’s the counterintuitive reality: expanding context windows without fundamentally
changing how attention operates is like building a bigger library while simultaneously
making the librarian more overwhelmed. You’re not improving retrieval—you’re just creating
more places for information to get lost.

Gemini 2.0 Flash, released in January 2025, boasts an impressive 1,048,576 token input
capacity. That’s roughly 750,000 words—about 10 average-length novels. But here’s the
catch that doesn’t make it into the marketing materials: the output is capped at 8,192
tokens.

Think about what that ratio implies. You can feed the model an entire library, but it can only
respond with a few pages. The compression required to go from 1 million tokens of input to
8,000 tokens of output means massive information loss is architecturally guaranteed.

Enter Recursive Language Models: A Paradigm Shift from
MIT

In October 2025, Alex Zhang at MIT published a paper that should have set off alarm bells
across every AI lab competing on context window size. The core insight was deceptively
simple: stop trying to make models remember everything, and start letting them interact
with information like a programmer interacts with code.

Zhang’s work on Recursive Language Models introduced a fundamentally different
paradigm. Instead of treating context as a static input that gets crammed into an attention
window, RLMs treat input as an external environment—specifically, a Python REPL that the
model can query, filter, and recursively decompose.

The breakthrough wasn’t making models remember more. It was giving models
the ability to look things up intelligently.

https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-0-flash
https://alexzhang13.github.io/blog/2025/rlm/
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How RLMs Actually Work

The architecture is elegant in its simplicity. Here’s the operational flow:

Preview, Don’t Ingest: The root model receives a preview of the first few thousand1.
characters of the input, not the entire context. It knows the full document exists but
doesn’t try to load it all into memory.
Filter Relevant Sections: Based on the query, the model uses tools like regex search,2.
chunking, and peek operations to identify which portions of the document are
actually relevant.
Recursive Delegation: For complex extractions, the root model can spawn sub-LLMs3.
to handle specific chunks. These child processes operate independently, each with
their own manageable context window.
Programmatic Aggregation: Results from sub-processes are combined4.
algorithmically, not through attention. The root model stores partial outputs and
synthesizes final answers from structured intermediate results.

This approach treats the LLM less like an all-knowing oracle and more like a skilled research
assistant who knows how to use a search function.

Prime Intellect’s RLMEnv: From Academic Paper to
Production Reality

Academic papers are one thing. Production-ready implementations are another. In January
2026, Prime Intellect took Zhang’s theoretical framework and turned it into RLMEnv—a
system that actually processes 10 million+ token contexts in real-world applications.

Prime Intellect’s blog post positions this as nothing less than “the paradigm of 2026,” and
the benchmarks support the claim.

The Benchmark Results Are Staggering

Let’s look at the numbers, because they tell a story that marketing copy never could:

https://www.primeintellect.ai/blog/rlm
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Benchmark RLM
Performance

Direct LLM
Call

Summarization
Approach Improvement

CodeQA 62% accuracy 24%
accuracy 41.33% accuracy 158% over direct

OOLONG Pairs 58 F1 score 0.04 F1 score N/A 1,450x
improvement

Read that OOLONG Pairs result again. The direct LLM call—using a model with a massive
context window—scored 0.04 F1. That’s not a typo. That’s essentially random noise. The
RLM approach scored 58 F1, which represents a 1,450x improvement.

MarkTechPost’s analysis of this research confirms these findings across multiple
benchmarks, including BrowseComp-Plus, S-NIAH, and DeepDive—all designed specifically
to test long-context reasoning capabilities.

Why These Benchmarks Matter

The OOLONG Pairs benchmark specifically tests a model’s ability to find and connect
information buried deep in long contexts. It’s designed to expose the “lost in the middle”
problem.

When a state-of-the-art model with a million-token context window scores 0.04 on a test
of whether it can actually use that context, we have definitive proof that context window
size and context utilization are completely different capabilities.

CodeQA tests code understanding across large repositories. The 62% vs 24% accuracy gap
demonstrates that RLMs don’t just marginally improve performance—they represent a
categorical leap in capability for tasks requiring genuine long-context comprehension.

The Tool-Based Approach: What RLMEnv Actually Does

Detailed analysis from AI Dev Signals breaks down the specific tools that make RLMEnv
work:

Peek: Retrieve previews of specific sections without loading entire documents
Regex Search: Pattern-match across massive contexts to identify relevant portions

https://www.marktechpost.com/2026/01/02/recursive-language-models-rlms-from-mits-blueprint-to-prime-intellects-rlmenv-for-long-horizon-llm-agents/
https://www.aidevsignals.com/p/from-mit-s-blueprint-to-prime-intellect-s-rlmenv-for-long-horizon-llm-agents
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Chunking: Intelligently segment documents based on semantic boundaries
Recursive Delegation: Spawn sub-LLMs to handle focused extraction tasks
Partial Output Storage: Maintain intermediate results for programmatic aggregation

The key insight is that each of these tools operates on the external context, not within the
attention window. The LLM’s finite attention capacity is reserved for reasoning about what
to look up and how to combine results—not for trying to remember everything at once.

Why RAG Isn’t the Answer Either

At this point, some readers are probably thinking: “Wait, isn’t this just fancy RAG?”

It’s not, and the distinction matters.

Retrieval-Augmented Generation retrieves relevant chunks before the LLM processes
them, then stuffs those chunks into the context window. It’s better than pure brute-force
attention, but it still ultimately relies on the model to reason over whatever gets retrieved in
a single pass.

RLMs are fundamentally different because they allow iterative, recursive interaction with
the source material. The model doesn’t just retrieve once—it queries, examines results,
refines its search, delegates sub-queries, aggregates partial answers, and synthesizes
conclusions through multiple passes.

The benchmarks prove this distinction has real consequences. On hard evaluation tasks,
RLMs outperform RAG-like retrieval agents (specifically CodeAct-style approaches) by
significant margins. The recursive decomposition approach handles tasks that retrieval-
then-reason architectures simply cannot.

The Economic Argument: Better and Cheaper

Here’s where the case for RLMs becomes truly compelling from a business perspective:
they’re not just more accurate—they’re often cheaper than brute-force long-context
approaches.
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Processing 10 million tokens through direct ingestion is computationally expensive.
Attention mechanisms scale quadratically with sequence length, meaning a 10x increase in
context length creates a 100x increase in compute requirements for the attention layers.

RLMs avoid this scaling trap by never actually loading the full context into attention. The
root model works with manageable chunks. Sub-LLMs handle focused extractions. The
computational cost stays roughly linear with document size rather than quadratic.

Prime Intellect’s implementation achieves comparable or lower cost than direct long-
context calls while delivering 2-3x better accuracy on complex reasoning tasks. In
enterprise terms, that’s not just a technical improvement—it’s a fundamentally better ROI.

What This Means for the Context Window Arms Race

Let me be direct about the implications: the industry has been optimizing the wrong metric.

Gemini, GPT, Claude, and every other major model family have invested enormous
resources into expanding context windows. These investments aren’t worthless—there are
real use cases for large context capacity. But the benchmarks prove that context capacity
without context fidelity creates an illusion of capability that breaks down on hard tasks.

We’ve been building bigger bowls without asking whether the model can actually
eat what’s in them.

The RLM paradigm suggests that the future of long-context AI isn’t about making attention
mechanisms handle more tokens. It’s about building sophisticated interaction layers
between models and their information sources.

The Architectural Implications

If RLMs represent the future, what does that mean for model architecture decisions?

Context windows become staging areas, not storage. Instead of trying to hold entire
documents in attention, context windows become workspaces for active reasoning about
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which information to retrieve and how to combine it.

Tool use becomes as important as pre-training. An LLM’s ability to effectively use
search, filtering, and delegation tools matters as much as its raw language understanding
capabilities.

Multi-model orchestration replaces monolithic scaling. Instead of building ever-larger
single models, the path forward involves smaller models that effectively coordinate on
complex tasks.

Enterprise Applications: Where This Actually Matters

Let’s ground this in practical scenarios where the RLM advantage is most pronounced:

Large Codebase Analysis

Modern enterprise codebases easily exceed millions of tokens. Traditional approaches
require either arbitrary truncation (losing potentially critical context) or RAG-based
retrieval (which may miss relevant code that doesn’t match retrieval queries).

RLMs allow a model to navigate a codebase like an experienced developer—starting with an
overview, drilling into specific modules, tracing dependencies across files, and synthesizing
understanding across multiple focused explorations.

The 62% vs 24% accuracy gap on CodeQA demonstrates this isn’t theoretical. For tasks like
code review, vulnerability detection, or legacy system documentation, RLMs provide
capabilities that brute-force approaches simply cannot match.

Legal Document Analysis

Contract review often involves comparing clauses across hundreds of pages against
standard templates and identifying subtle variations that create liability. Critical details
frequently appear in middle sections that standard models ignore.

The “lost in the middle” problem isn’t just an accuracy issue in legal contexts—it’s a liability
issue. Missing a clause buried on page 47 of a 100-page contract could mean missing a
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critical obligation or risk.

RLMs’ ability to systematically search, compare, and extract across long documents
addresses this directly. The recursive decomposition approach can methodically work
through each section rather than hoping attention mechanisms catch everything.

Research and Due Diligence

Analyzing hundreds of documents for investment due diligence, competitive intelligence, or
academic research requires connecting information across sources. Traditional
approaches either summarize (losing detail) or retrieve (missing connections not
anticipated by query design).

RLMs excel at this because they can iteratively explore document collections, identify
unexpected connections, and synthesize findings through multiple passes rather than
single-shot analysis.

The Competitive Landscape Shift

Prime Intellect’s production deployment of RLMEnv changes the competitive calculus for AI
applications.

Companies that have been waiting for larger context windows to solve their long-
document challenges now have an alternative path that’s both more capable and more
cost-effective. The question is no longer “which model has the biggest context window?”
but rather “which system can most effectively reason over our information?”

This shift favors:

Orchestration-layer startups that build sophisticated tool-use and delegation
systems around existing models
Enterprise AI teams that invest in prompt engineering and system design rather than
just model selection
Open-source implementations that can be customized for specific domain
requirements
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It potentially disadvantages:

Model providers competing primarily on context window size as a differentiator
Applications designed around single-pass long-context inference without
fallback strategies
Pricing models based on token throughput rather than task completion quality

Limitations and Open Questions

No paradigm shift comes without caveats, and intellectual honesty requires acknowledging
what we don’t yet know about RLMs:

Latency Implications

Recursive approaches inherently require multiple model calls. For applications requiring
real-time responses, the latency overhead of iterative query-refine-aggregate cycles may
be prohibitive. The benchmarks prove accuracy improvements, but production latency
characteristics need more study.

Tool Design Complexity

RLMEnv’s effectiveness depends on well-designed tools for the specific use case. Peek,
regex search, and chunking work well for text documents, but extending to other modalities
(images, structured data, multimedia) requires additional tool development.

Failure Mode Characterization

When RLMs fail, do they fail gracefully or catastrophically? If a recursive search goes down
a wrong path, can the system recover? These questions matter enormously for high-stakes
applications.

Integration with Existing Systems

Most enterprise AI deployments aren’t greenfield. Retrofitting RLM approaches into existing
RAG pipelines and application architectures presents practical challenges that the
benchmarks don’t address.
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The Road Ahead: What Comes Next

Several developments seem likely in the wake of the RLM paradigm:

Hybrid architectures will emerge. Pure RLM approaches won’t replace large context
windows entirely. More likely, we’ll see hybrid systems that use expanded context windows
for immediate working memory while leveraging recursive approaches for broader context
access.

Model training may incorporate recursive reasoning. Currently, RLMs use base models
trained on standard objectives. Future training regimes may specifically optimize for
effective tool use and recursive decomposition.

Benchmarks will evolve. Standard LLM benchmarks poorly capture long-context fidelity.
Expect new evaluation frameworks specifically designed to measure whether models
actually use their full context effectively.

Pricing models will adapt. Current token-based pricing assumes single-pass inference.
RLM approaches with multiple sub-calls require different economic models that account
for accuracy improvements alongside compute costs.

Practical Recommendations

For technical leaders evaluating these developments, here’s my guidance:

If You’re Building Long-Context Applications

Don’t assume context window expansion will solve your accuracy problems. Test your
current approaches specifically for “lost in the middle” failures. If you find them (you will),
explore RLM-style architectures before investing in larger context window migrations.

If You’re Selecting AI Providers

Context window size should no longer be your primary selection criterion for long-
document use cases. Ask vendors specifically about context fidelity, not just capacity.
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Request benchmark results on tasks requiring information from middle sections of long
documents.

If You’re an AI Engineer

Start building expertise in tool-use frameworks and multi-model orchestration. The skills
that will matter most in 2026 and beyond aren’t just prompt engineering for single
models—they’re system design for coordinated model ensembles.

If You’re Evaluating AI Investments

The RLM paradigm suggests significant opportunity in orchestration and tool-use layers.
Pure model scaling plays may face diminishing returns as architectural innovations like
RLMs prove more effective for complex tasks.

The Bigger Picture

Recursive Language Models represent something more significant than just a better way to
handle long contexts. They represent a philosophical shift in how we think about AI
capabilities.

The brute-force approach assumes intelligence comes from scale—more parameters, more
training data, more context capacity. Keep scaling, and eventually the model will be smart
enough to handle anything.

The RLM approach assumes intelligence comes from effective tool use—the ability to
strategically interact with information sources, decompose complex problems, and
aggregate solutions from focused sub-components.

Humans don’t solve complex research problems by memorizing entire libraries. We use
search tools, take notes, break big questions into smaller investigations, and synthesize
findings iteratively. RLMs embody this approach in artificial systems.

The MIT research and Prime Intellect’s implementation prove this methodology works—and
works dramatically better than the brute-force alternative for tasks requiring genuine long-
context reasoning.
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Conclusion

The context window arms race isn’t over, but its relevance has fundamentally changed.
While labs continue pushing toward 10 million token windows and beyond, MIT and Prime
Intellect have demonstrated that a paradigm based on recursive decomposition and
iterative tool use outperforms brute-force attention by staggering margins.

The 1,450x improvement on OOLONG Pairs isn’t noise. The 158% improvement on CodeQA
isn’t cherry-picking. These results represent a categorical difference in capability that no
amount of context window expansion will overcome through scaling alone.

For enterprises struggling with long-document AI applications, this is arguably the most
important development of the past year. For AI researchers, it’s a fundamental challenge to
assumptions about what capabilities require scale versus architecture. For the industry as
a whole, it’s a reminder that the most impactful innovations often come from rethinking
problems rather than throwing more compute at them.

The 10 million token context window was supposed to be the future. It just became a
footnote.

Context capacity without context fidelity is a vanity metric—and Recursive Language
Models just proved that the path to genuinely useful long-context AI runs through
intelligent decomposition, not brute-force attention.
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