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Problem Setup

Models are operating over large amounts of context, operating over many hours! 



Problem Setup

We want to enable models to ingest new content they encounter at test-time for performance and reusability!



How can we give models as much context as needed?

Scale Up Context Window!

Agent context

+ good to do!

Retrieval Augmented Generation (RAG)

Language 
Model

Knowledge

Parametric memory Non-parametric 
memory

Retrieval

- doesn’t scale to cover all information
that might be needed for a problem

+ fast to retrieve a set of related documents

- lossy, can miss critical files



How can we give models as much context as needed?

Agent context

Agentic Access

Agent context

New queries repeat search and synthesis across the same corpus

Can we instead learn to store context in organized, accessible fashion?

+ good to do!

- doesn’t scale to cover all information
that might be needed for a problem

+ scalable to arbitrarily large amount of info

- can easily miss the relevant information
if organization or look up is subpar

Scale Up Context Window!



Key Idea: Optimize context organization for downstream utility!
Curation Phase Answering Phase

Builder

QueryNext query

Response

Coverage and navigation Faithful fallback Reuse across queries

Construction receives the corpus. The evaluation query arrives later.

Answering

Workspace

Documents



Building a Workspace that Anticipates Future Queries
Raw documents

d1_chapter.txt

Traditions + science
May 2023; 3 authors

Rahel Suchintita Das
Assistant professor
Haldia, West Bengal

Brijesh K. Tiwari
PhD, UCD (2009)

/memory/

index.md

papers/

bread.md

people/

authors.md

draft.md/raw/  (3 docs)

Task queries are hidden during construction

Create
Synthesize the chapter
and author profiles.

Merge
Link chapter and authors
in index.md.

Delete
Remove draft.md,
which duplicates bread.md.

Stop
Return the workspace
with source access.

Reference Links:
bread.md -> d1; authors.md -> d2; d3

d2_das.txt

d3_tiwari.txt



Which pre-June 2023 publication explores
traditions, science, and culinary innovation,
with three authors including a West Bengal

assistant professor and a PhD holder?

Answering with the constructed memory

/memory/

index.md

papers/

bread.md

people/

authors.md

/raw/  (3 docs)

Constructed Workspace

index.md
Candidate chapter

papers/bread.md
Date and three authors

people/authors.md
West Bengal and PhD

Checks the linked raw evidence (d1–d3)

Answer: The Fundamentals of Bread Making:
The Science of Bread



Training a Builder Agent - Sequential Augmentations MDP

We represent the agent’s external memory as a workspace F, with an augmentation A

Current Workspace Edited WorkspaceWorkspace 
Augmentation



Training a Builder Agent - Dense Reward Signal

Train builder agent with RL to maximize accuracy of answering agent Sparse Reward Signal

Fix: builder agent can edit stored context, reward for change in accuracy for augmentation!



Does organizing the file system context improve performance?

Experimental Setup

Training 680 deep research web tasks
from BrowseComp-Plus

Evaluation 1. 50 held-out tasks (BrowseComp-Plus)
2. Diverse QA from BRIGHT

(StackExchange, Biology, Coding, math comp)
out of distribution

Builder Agent

Answering Agent

Qwen 3.5 4B

Qwen 3.5 4B/Gemini 3.1 Flash Lite



Performance on BrowseComp+.

33% absolute gains over best prior retrieval method!

~3x higher performance from organizing context with RL



Construction Cost of Librarian Agents

Librarian Agents has higher accuracy with construction cost comparable to baselines!



Amortization cost on BrowseComp+.

Librarian Agents enables amortization of construction cost over downstream queries!

We generate synthetic queries few-shot prompted with sample DeepDive questions



Breakeven Analysis

T(q) = B/q + A T(q) / p
Raw tokens per query Tokens per expected correct answer

0

35,683

71,366

107,049

142,732

178,415
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Queries per memory (log scale)
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RL

0

150,754

301,508

452,262

603,016

753,770
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Queries per memory (log scale)

Base
RL

q = 10

RL uses more raw tokens 33.8% lower at 10 queries



Zero-Shot transfer to Bright-QA.

Librarian Agents effectively transfers across 3 subdomains in BrightQA in both pass@1 & pass@3!

Consistent gains over retrieval methods, even for out-of-distribution domains!
- smallest gains (3-12%) on math competition problems
- substantial gains (11.5%->85.5%) on stackoverflow



Qualitative analysis of RL vs Base

An RL fine-tuned builder creates broader, more coherent set of query-relevant files!



Recovery from Reference Documents.

The answering agent can recover using reference documents to recover the answer!



Effect of Hierarchical Structure of Workspace

Without hierarchy, navigation cost for the answering agent increases, while preserving accuracy.



In PubMedQA, Building a Workspace without fine-tuning works well!

Building can work out of the box for domains such as PubMedQA!



Overview of Librarian Agents

A builder agent organizes the corpus into an accessible, reusable workspace with synthetic files, directories, and reference links, 
letting the answering agent use the curated workspace across multiple downstream queries!



Discussion and Future Work
Large builder contexts. Domains like HarveyLab operate over hundreds of 
documents. Can we deploy agents to much large corpuses (e.g all of arxiv, 
written books, etc)?

Builder and Answerer Coadaptation. Answering agent is currently fixed, but 
an agent should learn how to use the constructed filesystem better.

Going beyond static corpora. In many settings, e.g codebases, the documents 
are changing over time in a continual manner, and it would good to update 
memory representations over time.

Weight internalization. Currently the curator is scaffolding the memory into a 
form that the agent can more easily access. However, some tasks may require 
weight updates to allow the model to adapt better as seen in Cartridges.



Thank you!



Backup Slides



Training a Builder Agent - Dense Reward Signal

We define a sparse and dense reward formulation for optimization of the builder agent! 

Expected answering success

Utility of Filesystem (includes read/write costs)

Dense Reward via Telescoping



Training Reward of Librarian Agents




