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Information retrieval systems have traditionally been designed and trained for human 
users, with learning-to-rank methods relying heavily on large-scale human interaction logs 
such as clicks and dwell time.

Retrieval is increasingly consumed by agents rather than human beings, and is embedded 
as a core component within multi-turn reasoning and action loops.



 Search agents typically rely on general-purpose retrieval models, which are 
overwhelmingly trained from human interaction logs and implicitly encode human-
centric assumptions.

 Agent queries are not issued to satisfy immediate informational needs, but to advance 
intermediate reasoning objectives during problem-solving. (utility?

 Retrieval models should be trained directly from agent interaction data, rather than 
repurposed from human-centric search.



Given an initial user query q, a Deep Research Agent follows a ReAct-style interaction 
pattern, repeatedly alternating between thinking and acting.



At each turn �, the agent maintains an internal reasoning state �� that guides subsequent 
actions ��, incorporates new observed information ��.

• [Think]: At the beginning of each turn �, the 
agent first produces an explicit reasoning 
state ��.

• Conditioned on this reasoning state, the agent 
selects an action �� to interact with the external 
environment. Two typical actions:

• [Search] 
• [Browse]

• [Answer]: The agent determines that sufficient 
information has been gathered to answer the 
original query.



• [Think]: At the beginning of each turn �, the agent first produces an explicit reasoning state ��.

• Conditioned on this reasoning state, the agent selects an action �� to interact with the external environment. 
Two typical actions:

• [Search]: The agent generates an search query �� that targets a specific information gap identified in ��. 
Retriever returns top-K documents, typically a snippet list (e.g., titles and brief summaries) as 
observation ��.

• [Browse]: The agent selects one document from the retrieved candidates and requests to read it in full. 
Retriever returns the complete content of the selected document as observation �� for this turn.

• [Answer]: The agent determines that sufficient information has been gathered to answer the original query.



Analysis of Agent Trajectories

Tongyi-DeepResearch-30B-A3B; InfoSeekQA dataset top 10k quries; Wiki-25-Dump as the corpus; top-10 candidate 
documents;  the first 64 tokens of the document as document snippet; maximum 100 interaction rounds.

 Failed trajectories exhibit a substantially lower ratio between [Browse] and [Search] actions (B/S).

 Successful trajectories show fewer repetitive search actions and a markedly higher frequency of 
browsing behaviors.



Analysis of Agent Trajectories

 Successful trajectories show a significantly higher probability of transitioning from [Search] (S) to 
[Browse] (B).

 Task success increases monotonically with the number of browsed evidence documents.

treating browsed documents as primary candidates for positive supervision



Analysis of Agent Trajectories

 In human-centric click logs, negative signals are notoriously ambiguous due to well-known position 
bias or exposure bias.

 The agent’s browsing behavior is not sharply concentrated at top ranks.

all unbrowsed documents within a retrieved candidate 
set can be treated as reliable negatives



Analysis of Agent Trajectories

 Trajectories that ultimately produce correct answers are associated with significantly longer reasoning 
following browsing actions than those that lead to incorrect answers.

 Documents that contain ground-truth evidence are followed by markedly longer reasoning traces 
than non-evidence documents.

post-browse reasoning traces provide a reliable signal 
of document utility



Learning to Retrieve from Trajectories



Learning to Retrieve from Trajectories

 If the agent performs a [Browse] action on one of the candidates at the next turn, we view the browsed 
document as a naive positive sample.

 We treat all other candidates in the same retrieved set that are not browsed as naive negatives.

 For each browsed document, we collect the agent’s immediate post-browse reasoning trace and apply an 
LLM-based verifier to determine whether the reasoning explicitly uses the document content to 
support progress on the task.



Learning to Retrieve from Trajectories

 Dwell time has long been recognized as an effective proxy for relevance intensity.

 Longer reasoning chains following a browsing action are strongly correlated with higher document 
usefulness for the agent’s subsequent planning and problem solving.

In the time-aware click model, the marginal gain at dwell length x 
follows an exponentially decaying function.

Our analysis of post-browse reasoning lengths shows a similar 
exponential decay in agent trajectories. Cumulative relevance utility:





Ablation Study



Scalability



Data Flywheel Simulation

Retrievers trained with both correct and incorrect trajectories consistently outperform the base retriever.

we adopt the Tongyi-DeepResearch agent and sample 10K queries from InfoSeekQA at each step.

LRAT can reliably support iterative retriever updates and sustain a positive data flywheel.


