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Deep-research agents answer complex user questions through an iterative sequence of search steps,
where the agent autonomously formulates sub-queries to retrieve the evidence needed at each stage.
However, existing retriever training typically relies only on the sub-query and its corresponding
search results at the current step as training signals, leaving the information accumulated from
previous interactions largely underutilized.

We introduce ITER, an agent interaction-aware dense retriever trained using agent trajectory learning
signals. ITER represents each query by incorporating not only the current sub-query, but also the
main question, the agent’s pre-search reasoning, and preceding sub-queries, and is trained using
trajectory-relative learning signals derived from the agent’s interactions.

Across six agent backbones from three model families, ITER consistently outperforms the existing
agent-trajectory-trained dense retriever, LRAT, achieving an average relative improvement of 6.9%
on InfoSeek-Eval and 15.4% on BrowseComp-Plus. At the matched 4B scale, ITER outperforms
AgentIR on InfoSeek-Eval for five of six backbones while achieving a higher visit-to-search recall
ratio on BrowseComp-Plus across all six backbones. Ablations further show that structured inter-
action history and pre-search reasoning provide complementary retrieval context, while previously
visited and useful documents, used as redundancy negatives in subsequent searches, provide the
strongest trajectory-relative supervision.
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Figure 1: Overview of ITER. ITER constructs a history-conditioned query from the main question, current pre-search reasoning,
current sub-query, and previous sub-queries, and derives trajectory-relative supervision from the agent’s document interactions. The
resulting retriever promotes new relevant evidence while demoting previously visited redundant documents.
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Main Question: Which player from Kobe Bryant’s 1996 draft class returned to the team that originally drafted him and then won the NBA
MYVP award in consecutive seasons?
Pre-Search Reasoning 1: Kobe Bryant is the reference point in the question, so I should first check whether he satisfies the MVP and return
conditions.
Search 1: ["Kobe Bryant" "1996 NBA draft" "MVP" "guard"]

Visit: Doc[4821]: Kobe Bryant entered the league in 1996 and won the 2008 MVP ...

Document Interpretation: Bryant belongs to the 1996 draft class but won only one regular-season MVP.
Pre-Search Reasoning 2: Since Bryant won only one MVP, I should search the wider 1996 draft class for an MVP who later returned to his
original team.
Search 2: ["1996 NBA draft" "MVP" "returned to original team"]

Visit: Doc[7316]: Allen Iverson won the 2001 MVP and returned to Philadelphia in 2009 ...

Document Interpretation: Iverson returned to the team that drafted him but did not win MVP in consecutive seasons.
Pre-Search Reasoning 3 (current): Iverson also won only one MVP, so I should narrow the remaining candidates to point guards who won
consecutive MVPs.
Search 3 (current): ["1996 NBA draft" "point guard" "MVP" "returned to original team"]

&

A (
(a) Query-only retrieval (b) Interaction-aware retrieval (ITER, ours)

Retriever input: ["1996 NBA draft" "point guard" "MVP" Retriever input: Main Question + Current Pre-Search
"returned to original team"] Reasoning + Current Sub-query + Previous Sub-queries
Top-5 results: Top-S results:

1.Doc[7316]: Iverson rejoined the 76ers in 2009 ... [visited] 1. Doc[3089]: Nash won consecutive MVPs ... [new, gold]

2.Doc[4821]: Bryant won the 2008 MVP ... [visited] 2.Doc[5774]: Nash returned to the Suns in 2004 ... [new]

3.Doc[2604]: NBA MVP winners by year ... [off target] 3.Doc[2604]: NBA MVP winners by year ... [off target]
4.Doc[9187]: Notable stars of the 1996 draft ... [off target] 4.Doc[9187]: Notable stars of the 1996 drafft ... [off target]

5.Doc[6542]: Ten memorable NBA homecomings ... [off target] 5.Doc[7316]: Iverson rejoined the 76ers in 2009 ... [visited]
The gold document is not in the list. The unread gold document is promoted, while previously visited can-

X The agent finds no new evidence, falls back on the candidate it didates rank lower.

already examined, and answers Allen Iverson — wrong. v The agent opens the Steve Nash document and answers Steve Nash
— correct.

J N

Figure 2: Query-only vs. interaction-aware retrieval in an illustrative search trajectory. Ranking by the
current query alone (a) re-surfaces candidates the agent has already visited (red) and misses the gold document.
Conditioning the same search on the current pre-search reasoning and interaction history (b) promotes the
unread gold document (green) and other supporting evidence (blue), while retaining previously visited results
at lower ranks. Results shared by both rankings are shown in gray.

1 Introduction

Search has long benefited from interaction signals. In web search, relevance feedback and click logs reveal
which results users find helpful, providing supervision for improving retrieval through techniques such as
query reformulation, query expansion, and learning torank [1, 11, 12, 15, 29]. Agentic search produces a new,
more structured form of interaction within the search loop. An agent repeatedly issues sub-queries, examines
retrieved documents, and revises what to search for next as evidence accumulates and its understanding of
the task evolves [18, 30, 34]. Each agent execution leaves a trajectory recording what the agent searched for,
which documents it examined, and what it learned from them.

Recent work has begun training retrievers for agentic search using signals derived from agent interactions,
such as an agent’s decision to visit a full document or its reasoning before issuing a sub-query [3, 44].
However, these approaches largely treat each search step in isolation, without fully accounting for previous
sub-queries or previously visited documents. This omission matters for two reasons. First, previous
sub-queries reveal which search directions the agent has already explored, helping the retriever recognize
sub-query reformulations and avoid resurfacing the same results. Second, previously visited documents
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indicate which parts of the information need may already have been satisfied, allowing the retriever to
prioritize evidence that addresses what remains unresolved. Therefore, a document’s utility should depend
not only on its relevance to the current sub-query, but also on the new information it contributes beyond the
evidence already collected. We refer to this history-dependent utility as the marginal gain of the document.
Figure 2 illustrates how a current-sub-query-only retriever can resurface previously visited candidates while
overlooking an unvisited document that addresses the remaining information need.

To model this interaction-dependent document utility, we formulate interaction-aware retrieval, in which
document ranking is conditioned on the agent’s interaction history rather than on the current sub-query
alone. We introduce the Interaction-aware Trajectory-conditioned Embedding Retriever (ITER), an agent-
trajectory-trained dense retriever for this setting. At each search step, ITER constructs a history-conditioned
query representation by combining the main question, current pre-search reasoning, current sub-query,
and previous sub-queries. The main question preserves the overall task, the current pre-search reasoning
and current sub-query specify the immediate information need, and the previous sub-queries indicate the
search directions already explored. ITER learns from agent trajectories collected in a de-duplicated search
setting, using document interactions to construct step-specific positives and tiered negatives: documents
visited after the current search and judged relevant are positives; previously visited relevant and irrelevant
documents are redundancy and hard negatives, respectively; and current results never visited in the trajectory
are weak negatives. Figure 1 provides an overview of ITER’s history-conditioned query representation,
trajectory-relative training supervision, and resulting retrieval behaviour.

We evaluate ITER on InfoSeek-Eval [35] and BrowseComp-Plus [4]. When evaluated with Tongyi-
DeepResearch-30B, whose trajectories are used for training, the default 0.6B ITER achieves a task success
rate of 78.7 on InfoSeek-Eval, compared with 72.0 for LRAT and 72.0 for the variant using only the current
sub-query. On BrowseComp-Plus, it achieves 49.2, compared with 43.7 and 45.3, respectively. Across
six agent backbones from three model families, the 0.6B ITER outperforms LRAT in all 12 backbone—
benchmark comparisons. At the matched 4B scale, ITER achieves higher task success than AgentIR on
InfoSeek-Eval for five of six agent backbones and a higher visit-to-search recall ratio on BrowseComp-Plus
across all six backbones. Ablations show that the main question and previous sub-queries provide a robust
query representation, while pre-search reasoning provides complementary retrieval context and adding
visited documents or their interpretations reduces evidence search recall. Redundancy negatives provide the
strongest trajectory-relative supervision signal.

Our contributions are as follows:

* We formulate interaction-aware retrieval for deep-research agents, where a document’s utility reflects its
marginal gain given the current sub-query and interaction history, rather than its relevance to the current
sub-query alone.

* We introduce ITER, which combines a history-conditioned query with trajectory-relative supervision
comprising step-specific positives and tiered negatives derived from agent trajectories.

* Through matched-agent and cross-agent evaluations, we show that interaction-aware training improves
task performance across diverse agents and better aligns retrieval with the evidence that agents actually
consume; ablations further reveal how interaction signals and negative tiers contribute to these gains.
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2 Related Work

2.1 Agentic and Deep-Research Search

Retrieval-augmented generation supplements language-model generation with evidence retrieved from exter-
nal corpora [16], but early RAG pipelines typically retrieve once for the input question. Tool-using systems
such as WebGPT, ReAct, and IRCoT turn search into an action within the problem-solving process: the
model can retrieve evidence, examine what it finds, and search again [25, 31, 39]. Recent deep-research
agents build on this iterative pattern to address questions that require extended exploration across multiple
sources [9, 10, 17, 43]. They formulate a sequence of sub-queries, accumulate evidence across retrieval
steps, and eventually synthesize the collected information into an answer or report. We study the retriever
that supports these successive search requests.

2.2 Optimizing Retrieval for Agentic Search

Search agents often rely on retrievers optimized for stand-alone query—document matching [13, 36]. In
a multi-step trajectory, however, each query arises from the agent’s evolving search process and serves
an intermediate information need. Recent work adapts retrieval to this setting. NExT-Search emphasizes
feedback at intermediate stages of generative search [5], while Agentic-R trains retrievers using local query-
passage relevance and global answer correctness [20]. LRAT converts the agent’s search and browsing
actions into supervision for the retriever [44]. Other studies examine how retrieval granularity, ranking
models, query transformations, and lexical or dense matching affect deep-research agents [8, 23]. ITER
belongs to this line of work, but defines document utility relative to the interaction state in which each search
occurs.

A second direction changes how the agent accesses retrieved evidence. Direct Corpus Interaction lets the
agent operate on the collection with shell commands instead of receiving only a ranked candidate list [19].
RISE uses retrieval to form a bounded workspace that the agent can continue to inspect [45]. SIEVE changes
corpus access by combining fielded Boolean queries with structure-aware result inspection and selective
section fetching [32]. These systems optimize the retrieval workflow or corpus interface. ITER instead
retains a ranked-retrieval interface and optimizes the retriever behind it.

2.3 Context-Conditioned Retrieval

Context-conditioned retrieval uses information beyond the current query to guide retrieval. The additional
context may come from the task itself: task-aware retrievers condition on instructions that specify the desired
evidence [2]. In conversational search, context accumulates through interaction. Systems either rewrite the
latest utterance using earlier turns [40] or encode the utterance and dialogue history together [21, 24, 38, 41].
Context can also be generated: HyDE constructs hypothetical content and uses it as an intermediate retrieval
representation [7]. In each case, additional context helps the retriever better identify what information is
needed at the current step.

Deep-research trajectories provide interaction context from the agent’s own search process. AgentIR
augments the current sub-query with pre-search reasoning to provide additional context for retrieval [3]. In
ITER, pre-search reasoning is combined with the main question and previous sub-queries to form structured
interaction context that anchors retrieval to the agent’s current search state, reflecting what has already been
explored.
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Figure 3: Agent search behaviour on the 26,482 trajectories released by LRAT (Tongyi-DeepResearch, standard
top-10 retrieval setting, four retrieval backends). (a) Adjacent sub-queries remain semantically close under a
dense encoder that receives only the current sub-query. (b) Repeated documents occupy an increasing share
of the ranking as the trajectory progresses. (c¢) Most visited documents are returned again by later searches.
(d) When they reappear, they concentrate at the top of the ranking.

3 Observations from Agent Search

To identify useful interaction signals for retrieval, we analyze the 26,482 agent trajectories released by
LRAT [44], collected with Tongyi-DeepResearch across four retrieval backends in a standard top-10 retrieval
setting. Figure 3 reports sub-query similarity, result novelty, and the recurrence of visited documents over
successive searches.

Finding 1: Query reformulation alone does not prevent repeated results.

Agents typically refine an earlier sub-query to address a remaining information gap. As shown in
Figure 3(a), adjacent sub-queries have a mean cosine similarity of .657. Non-adjacent sub-queries from the
same trajectory also remain similar (.575), whereas random cross-trajectory pairs average only .237. This
continuity extends to the rankings: the number of first-time documents in the top 10 steadily decreases from
10.0 at the first search to 7.6 at the second and 6.6 at the third, and continues to decline as the trajectory
progresses. From the eighth search onward, only 3.9 out of 10 results are new on average (Figure 3(b)).
Previous sub-queries therefore reveal which search directions have already been explored and can help
retrieval prioritize new evidence.

Finding 2: Previously visited documents frequently resurface at the top.

However, recurrence alone does not establish redundancy. A returned but unvisited document may have
been overlooked or deferred and may still be useful. A visited document has already been examined and,
if judged relevant, has contributed useful evidence. Across the four retrieval backends, on average 54.9%
of visited documents appear again in a subsequent search (Figure 3(c)). Of these reappearances, 44.3%
occur at rank 1 and 70.1% within the top three positions (Figure 3(d)). A retriever that sees only the current
sub-query cannot make this distinction, making previously visited relevant documents a natural redundancy
signal for subsequent searches.
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3.1 Interaction-Aware Retrieval

Together, these observations reveal a mismatch between multi-step agent search and conventional retrievers
that process each search query independently. As the agent examines documents, some information needs are
resolved while others remain. Yet the retriever sees only the latest sub-query, not the agent’s earlier queries
or document visits, and may therefore rank previously examined documents above documents containing
new evidence.

Interaction-aware retrieval addresses this mismatch by ranking documents using the current sub-query,
current pre-search reasoning, and the interaction history. Document utility is therefore interaction-dependent.
At step ¢, the utility of document d is its marginal gain,

8:(d) = gain(d | q;,7:, Hy),

rather than its relevance to g, alone. Once a document has been visited, its utility may decrease even if it
remains topically relevant.

To define the interaction history, consider a trajectory at search step . The agent produces pre-search
reasoning 7; and then issues a sub-query ¢,, retrieves k documents with short snippets, and may visit selected
documents before searching again. Before issuing g;, it has the history

H; = (Q, {Qi}i<t, R, Vs, I<t) s

where Q is the main question; {g;};<,; contains the previous sub-queries; R, and V., denote the documents
retrieved and visited before step ¢, respectively; and I, contains document-specific interpretations extracted
from post-visit reasoning, summarizing what the agent learned from each visited document.

This formulation motivates two design choices for ITER. First, the retriever receives current pre-search
reasoning and context from earlier searches. Second, document interactions provide training signals that
reflect a document’s utility at each search step.

4 ITER: Query Representation and Training

ITER implements the two design choices motivated in Section 3: conditioning retrieval on current pre-search
reasoning and the interaction history and deriving trajectory-relative supervision from document interactions.

4.1 History-Conditioned Query Representation

The interaction history contains several sources of information that may guide retrieval, including the main
question, previous sub-queries, visited documents, and their associated interpretations. ITER incorporates
this history by serializing selected components together with the current sub-query as input to the query
encoder.

The default query representation combines the main question Q, current pre-search reasoning 7, current
sub-query ¢;, and previous sub-queries g<; = {gi}i<;. The main question preserves the overall task, the
current pre-search reasoning and the current sub-query specify the immediate information need, and the
previous sub-queries indicate the search directions already explored. At the first search step, g, is empty.
Here, 7, is the reasoning produced before issuing g; and, following AgentIR [3], is serialized together with
reasoning-specific instruction text. Figure 4 illustrates the resulting query representation. The effects of
visited documents, document interpretations, and other combinations of interaction history are examined in
the query-representation ablation.
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Instruction: Given the main question, the agent’s reasoning and the current sub-query it led to, and the sub-
queries already tried in previous interactions, retrieve documents relevant to the current sub-query that provide new
information not yet found.

Main Question: Which player from Kobe Bryant’s 1996 draft class returned to the team that originally drafted him
and then won the NBA MVP award in consecutive seasons?

Current Pre-Search Reasoning: Kobe Bryant and Allen Iverson were both selected in 1996, but each won only
one regular-season MVP. We need another point guard from that draft class who returned to his original team and
won the award in consecutive seasons.
Current Sub-query: ["1996 NBA draft" "point guard” "MVP" "returned to original team"]
Previous Interactions:

Previous Sub-query 1: ["Kobe Bryant" "1996 NBA draft" "MVP" "guard"]

Previous Sub-query 2: ["1996 NBA draft" "MVP" "returned to original team"]

J

Figure 4: The default ITER query representation uses all content shown. Omitting pre-search reasoning
removes the reasoning and reasoning-specific instruction text shown in blue. The example is truncated for
display.

d first-time result  d returned earlier d promoted from below top-k
(a) Standard search results

Step 1: [dy dr d3 da ds ... ]

Step2: [drdg di dy ds...]

Three of five positions repeat earlier results.

(b) De-duplicated search results
Step 2 top-k: [deg d7 dg do dyg...]
returned earlier: di, d», d3
Every ranked position is new; earlier results remain openable via get_document.

\ J

Figure 5: Standard and de-duplicated search settings. Under standard retrieval, previously returned documents
occupy positions in the next result list. The de-duplicated interface fills those positions with unseen documents
and moves the repeated documents to a returned earlier section, where they remain accessible through the
get_document tool.

4.2 Constructing Training Signals from Agent Trajectories

Agent trajectories record when documents are returned, when they are visited, and whether they contribute
useful information. The timing of these interactions is important: a document visited and judged relevant
after search ¢ provides a positive signal for that search, but may indicate redundancy in later searches.
Conversely, a document not visited when first returned may still prove useful later. We therefore collect
trajectories in a de-duplicated search setting and use the resulting document interactions to construct positive
pairs and tiered negatives.

4.2.1 De-duplicated Trajectory Collection

Successive sub-queries often return the same highly ranked documents, leaving fewer positions for unseen
candidates. To increase candidate coverage without removing access to earlier results, we use a de-duplicated
search setting that separates first-time results from previously returned documents.

At each search step, the search tool retrieves K=100 candidates, removes documents returned at earlier
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steps, and presents the top k=10 unseen documents. If a previously returned document appears in the raw
top-10 results for the current sub-query, its identifier and title are displayed separately under returned
earlier. The agent can still open the document using get_document. Figure 5 contrasts the standard and
de-duplicated settings.

We run Tongyi-DeepResearch-30B [30] on 10,000 InfoSeek training questions [35] with four retrieval
backends: BM25 [28] and the zero-shot Qwen3-Embedding models [42] at 0.6B, 4B, and 8B scales. This
produces 40,000 trajectories with different candidate distributions. We retain the 20,893 trajectories whose
final answers match the references.

The de-duplicated setting presents more unseen candidates while preserving access to earlier results.
Among the 67,934 positive pairs derived from the retained trajectories, 18,138 (26.7%) involve delayed
visits, where the agent visits a document returned by an earlier search. These delayed visits show that not
visiting a document when it first appears does not establish that it is unhelpful.

4.2.2 Positive Signals from Document Visits

For each search step ¢, we pair the history-conditioned query representation for g, with documents visited
after g, and before the next search. A visited document may come from either the current results or returned
earlier. If a document was returned at an earlier step but visited only after ¢,, it is paired with g, and the
corresponding interaction history, rather than with the sub-query that first returned it.

A visit alone does not establish relevance because the document may prove unhelpful after the agent
examines its full content. Following LRAT [44], we provide the reasoning produced after each visit to
Qwen3-30B-A3B-Thinking-2507 [37], which judges whether the document contributed useful information.
The verifier outputs RELEVANT or NoT RELEvVANT, and only documents judged RELEVANT are retained as
positives.

4.2.3 Negative Signals from Document Interactions

For each positive pair at search step ¢, ITER organizes negative documents into three tiers according to the
agent’s interactions with them:

* Redundancy negatives: documents visited before step ¢ and judged relevant. They remain topically
related but have already provided useful information to the agent.

* Hard negatives: documents visited before step ¢ and judged irrelevant. Their snippets appeared useful
enough to prompt a visit, but their full content was judged unhelpful.

* Weak negatives: documents returned at step ¢ but never visited anywhere in the complete trajectory.
Because the agent never examined them, their utility remains uncertain.

Documents returned only at earlier steps and never visited remain unlabeled. As the delayed visits
demonstrate, the absence of an immediate visit does not establish that a document is unhelpful.

Each training group contains one positive and nine negatives. We sample up to three redundancy
negatives, followed by up to three hard negatives, and fill the rest with weak negatives.
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4.3 Trajectory-Relative Training

Given the constructed training groups, ITER is optimized with a weighted contrastive objective. The
objective uses two forms of weighting: an instance-level weight derived from the reasoning associated with
each positive document and a tier-specific weight for each sampled negative.

4.3.1 Positive-Instance Weighting

Relevance filtering provides a binary label, but the reasoning associated with a positive document can provide
a graded signal of its utility. LRAT observes that longer post-visit reasoning traces are associated with more
useful documents [44]. Following LRAT, we apply the same length-to-weight mapping.

Let £; denote the token length of the post-visit reasoning associated with the positive document in training
instance 7, and let 8 be the median positive reasoning length in the training set. We compute the saturating

raw score 2
n
a=1- exp(——fi , (1
B
and normalize it to have mean one: .
ai= ——. @
E;la;]

The raw score reaches half of its asymptotic value at ¢; = 8 and gradually saturates for longer reasoning
traces. The resulting a; controls the contribution of training instance i to the final objective.

4.3.2 Negative-Tier Weighting

The negative tiers defined in Section 4.2.3 provide different levels of evidence that a document should
be ranked below the current positive. We therefore assign them different weights: (Wred, Whards Wweak) =
(3.0,1.0,0.3).

Redundancy negatives receive the largest weight because they were previously judged useful but have
already provided information to the agent. Hard negatives receive the standard weight, while weak negatives
are discounted because their utility was never directly observed. Table 4 evaluates the effects of the negative
tiers and their weights.

4.3.3 Weighted Contrastive Loss

For a mini-batch of history-conditioned query representations g;, positive documents d;, and sampled

negative groups G;, documents from other training instances also serve as in-batch negatives. Let 8 contain

all documents in the batch, let s(-, -) denote cosine similarity, and let T = 0.02 be the softmax temperature.
For each training instance i, we define

os(ardi) [

Z wl-(d)es(q"’d)/T,

deB

Li = —log 3)

where w;(d) takes the corresponding tier weight when d € G; and is one for the positive document and
all other in-batch documents. Multiplying a negative term by w;(d) is equivalent to adding logw;(d) to
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its logit, thereby controlling how strongly the negative competes with the positive. The instance weights a;
from Eq. 2 are then used to aggregate the per-instance losses:

_2iaiL
- 2 di '

Thus, w;(d) controls how strongly each sampled negative competes with the positive within an instance,
while a; controls the contribution of the entire instance to the final objective.

L “)

4.3.4 Training Parameters

We implement retriever training with the FlagEmbedding framework [6]. We fully fine-tune Qwen3-
Embedding-0.6B [42], the backbone used by LRAT, for two epochs using AdamW with a learning rate of
107, a 0.1 warmup ratio, batch size 32, bf16 precision, last-token pooling, and normalized embeddings.
Documents are truncated to 512 tokens, while query inputs are truncated to 8,192 tokens to accommodate
the alternative interaction inputs. We use the same training procedure for the 4B scaling experiment.

5 Experimental Setup

5.1 Evaluation Benchmarks

We evaluate ITER on two fixed-corpus deep-research benchmarks using the same in-domain and out-of-
domain setup as LRAT [44].

InfoSeek-Eval [35] contains 300 multi-hop information-seeking questions strictly disjoint from the
InfoSeekQA questions used for trajectory collection. Retrieval uses Wiki-25-Dump', which contains 11.2
million documents of up to 512 tokens. Because training and evaluation share the task distribution and
retrieval corpus, but not questions, we treat InfoSeek-Eval as the in-domain benchmark.

BrowseComp-Plus [4] is a reproducible benchmark derived from BrowseComp [33] and designed for
deep-research agents. It contains 830 complex, human-authored questions requiring multi-step reasoning
and evidence aggregation, often through long search trajectories. Following the official setup, retrieval uses a
corpus of 100,195 documents. The benchmark provides document-level gold and evidence qrels for retrieval
evaluation. Neither its questions nor its corpus is used during ITER training, making it our out-of-domain
benchmark.

5.2 Evaluation Metrics

We report three groups of metrics. End-to-end effectiveness is measured by task success rate (SR), the
fraction of questions answered correctly. We use Qwen3-30B-A3B-Thinking-2507 [37] as the LLM judge
for BrowseComp-Plus and exact string matching for InfoSeek-Eval.

Retrieval quality on BrowseComp-Plus is measured using two metrics. Evidence search recall is the
fraction of annotated evidence documents retrieved at any point in an agent trajectory. Evidence visit recall
is the fraction of those documents that the agent visits through the get_document tool. Both are macro-
averaged over questions. Execution efficiency is measured by the average number of tool calls per question
(Avg. Steps). For paired comparisons over the same question set, we report exact McNemar p-values on
per-question answer outcomes [22].

1ht‘cps ://huggingface.co/datasets/Lk123/wiki-25-512
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5.3 Compared Retrievers

We compare ITER against sparse and dense retrievers. The dense retrievers use the Qwen3-Embedding
family [42]. We use the 0.6B encoder for comparisons with LRAT and the 4B encoder with the default
representation to study retriever scaling and compare with AgentIR at the same scale:

* BM25 [28]: a sparse lexical baseline without training, queried with the current sub-query alone;

* Base: the pretrained Qwen3-Embedding model without trajectory fine-tuning, queried with the current
sub-query alone;

* LRAT [44]: a trajectory-trained retriever queried with the current sub-query alone. We use its released
Qwen3-Embedding-0.6B checkpoint; LRAT does not provide a 4B model;

» AgentIR [3]: the officially released AgentIR-4B model, evaluated with its reasoning-aware query repre-
sentation consisting of the pre-search reasoning, current sub-query, and instruction prefix;

* ITER (ours): a retriever trained with the trajectory-relative supervision described in Section 4.2. We
evaluate three query representations: the default representation combining the main question, pre-search
reasoning, current sub-query, and previous sub-queries; a diagnostic representation using only the current
sub-query; and a second diagnostic representation that omits pre-search reasoning from the default. These
representations are described in Section 4.1.

During evaluation, all retrievers return unfiltered, non-de-duplicated top-k rankings through the same
search tool.

5.4 Agent Backbones

We use Tongyi-DeepResearch-30B [30], which was used for trajectory collection, in the matched-agent
evaluation. To assess cross-agent transfer, we additionally evaluate five unseen backbones from two other
model families, ranging from 4B to 120B parameters: Qwen3.5-4B/9B/27B, Qwen3.6-27B [27], and gpt-
0ss-120B [26].

5.5 Implementation Details

All agent backbones are served locally with vLLM [14]. We use the recommended generation settings for
each backbone and keep them fixed across retrievers. At each search step, every retriever returns the top-10
documents with 64-token snippets. Agents can access full documents through the get_document tool and
are limited to 50 tool-calling turns per question.

6 Main Results

We evaluate ITER in two settings. The matched-agent evaluation uses Tongyi-DeepResearch-30B for both
trajectory collection and evaluation, while the cross-agent evaluation tests transfer to five unseen agent
backbones.

11
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Table 1: Matched-agent evaluation with Tongyi-DeepResearch-30B. SR = task success rate; Search/Visit Recall
= BrowseComp-Plus evidence search/visit recall; Steps = mean tool calls. MQ/SQ/PSQ/PR = main question,
current sub-query, previous sub-queries, pre-search reasoning. SR and recall annotations in the 0.6B ITER
block show relative changes over LRAT (red: increase). Stars indicate significant differences from LRAT under
two-sided exact McNemar tests: *p<.05.

. InfoSeek-Eval (ID) BrowseComp-Plus (OOD)
Method Configuration
SR (1) Steps (]) SR (1) Search Recall (1) Visit Recall (T) Steps (])
BM25 (sparse) 71.3 174 31.1 442 248 41.1
Baselines Base (0.6B) 58.0 26.3 324 479 249 41.5
LRAT (0.6B) 72.0 18.8 43.7 .596 321 40.0
SQ only 72.0 19.1 45.3 (+3.7%) .624 (+4.7%) .343 (+6.9%) 39.9
ITER (0.6B) MQ+SQ+PSQ 793 (+10.1%)"  17.6 45.7 (+4.6%) .641 (+7.6%) .342 (+6.5%) 40.5
MQ+SQ+PSQ+PR (default) 78.7 (+9.3%)" 182  49.2(+12.69%)"  .661 (+10.9%) .350 (+9.0%) 39.5
SQ only 73.3 18.3 46.0 .644 .348 39.5
ITER (4B)  MQ+SQ+PSQ 78.7 18.5 48.3 .637 349 39.5
MQ+SQ+PSQ+PR (default) 80.3 16.7 51.2 .651 370 394

6.1 Matched-Agent Evaluation

Table 1 reports the matched-agent results. From these comparisons, we draw three findings about trajectory-
relative training, interaction history, and retriever scale.

Finding 1: Trajectory-relative training improves out-of-domain performance with
the current sub-query held fixed.

To isolate the effect of trajectory-relative training, we compare LRAT with the current-sub-query-only
ITER variant while holding the encoder backbone and query representation fixed. Both use Qwen3-
Embedding-0.6B and receive only the current sub-query, but differ in how their training signals are con-
structed from agent trajectories. On InfoSeek-Eval, ITER matches LRAT at 72.0 task success, with
comparable average tool calls (19.1 versus 18.8). On BrowseComp-Plus, it increases evidence search recall
from .596 to .624 and task success from 43.7 to 45.3. Because the retrieval input is identical, these out-of-
domain gains isolate the benefit of constructing supervision relative to the agent’s position in the trajectory,
while the InfoSeek-Eval result shows that the benefit does not transfer uniformly across benchmarks.

Finding 2: Encoding the main question and previous sub-queries provides further
gains.

We next compare the query representations used to train and evaluate ITER. Adding the main question
and previous sub-queries to the current-sub-query-only representation raises InfoSeek-Eval task success from
72.0 to 79.3. On BrowseComp-Plus, evidence search recall increases from .624 to .641 and task success
from 45.3 to 45.7. These components therefore provide the largest gain on InfoSeek-Eval and improve
evidence retrieval on BrowseComp-Plus. Further adding pre-search reasoning increases BrowseComp-Plus
evidence search recall to .661 and task success to 49.2, but lowers InfoSeek-Eval task success by 0.6 point.
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Thus, the main question and previous sub-queries provide useful context beyond the current sub-query, while
pre-search reasoning produces mixed gains across the two benchmarks.

Finding 3: Increasing retriever scale generally improves task success.

Scaling ITER from 0.6B to 4B generally improves task success. All three query representations improve
on BrowseComp-Plus; on InfoSeek-Eval, the default and SQ-only representations improve, whereas the
MQ+SQ+PSQ representation decreases slightly. Evidence search recall remains mixed across representa-
tions.

History conditioning remains beneficial at the larger scale. At 4B, the default representation outperforms
the setting using only the current sub-query by 7.0 points on InfoSeek-Eval and 5.2 points on BrowseComp-
Plus. Because LRAT does not provide a 4B model, these results characterize how ITER behaves when
scaled from 0.6B to 4B rather than providing a same-scale comparison with LRAT. Increasing retriever scale
therefore does not replace history conditioning, which remains beneficial even with the larger encoder.

6.2 Cross-Agent Evaluation

Table 2 reports retriever performance across six agent backbones, including Tongyi-DeepResearch-30B,
which generated the training trajectories. For each backbone, we hold the agent configuration fixed and
change only the retriever. These comparisons yield three findings about cross-agent transfer, retriever
scaling across agent backbones, and performance relative to AgentIR.

Finding 1: ITER consistently outperforms LRAT across agent backbones.

Across the six agent backbones, the 0.6B ITER consistently outperforms LRAT in all 12 backbone—
benchmark comparisons, achieving average relative improvements of 6.9% on InfoSeek-Eval and 15.4% on
BrowseComp-Plus. On BrowseComp-Plus, evidence search recall and visit recall also improve for all six
backbones, by 5.3 and 3.4 percentage points on average, respectively. The benefit of ITER is therefore not
limited to the agent that generated its training trajectories, but extends across three model families and agent
scales ranging from 4B to 120B.

Finding 2: Scaling ITER yields consistent out-of-domain gains across agent
backbones.

Scaling ITER from 0.6B to 4B improves BrowseComp-Plus task success for all six agent backbones, by
3.3 points on average. Visit recall and the visit-to-search recall ratio also improve for every backbone, with
the latter increasing from 59.1% to 62.3% on average, while search recall improves for five of six backbones.
This consistency across agent backbones extends the matched-agent scaling result in Table 1, showing that
the benefit is not specific to the agent used for trajectory collection. On InfoSeek-Eval, task success improves
for three backbones and decreases for three, indicating that the cross-agent scaling benefit is concentrated on
the out-of-domain setting.
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Table 2: Cross-agent evaluation of LRAT, AgentIR, and ITER across six agent backbones. SR = task success
rate; Search/Visit Recall = BrowseComp-Plus evidence search/visit recall; V/S = visit-to-search recall ratio, a
proxy for how effectively retrieved gold evidence is converted into agent-visited evidence; Steps = mean tool
calls. SR annotations use scale-matched references: 0.6B ITER is relative to LRAT (0.6B), and 4B ITER is
relative to AgentIR (4B) (red: increase; green: decrease); bold marks the best value in each column within each
retriever-scale block. Stars indicate significant differences under two-sided exact McNemar tests for the same
agent backbone: 0.6B ITER is compared with LRAT (0.6B), and 4B ITER with AgentIR (4B): *p<.05.

Agent Backbone Retriever InfoSeek-Eval (ID) BrowseComp-Plus (OOD)
SR () Steps (1) SR (T) Search Recall (T) Visit Recall (T) V/S (%) (T) Steps (])
LRAT (0.6B) 72.0 18.8 43.7 .596 321 53.8 40.0
. ITER (0.6B) 78.7 (+9.3%)" 182  49.2 (+12.6%)" 661 350 52.9 39.5
Tongyi-30B
AgentIR (4B) 71.3 17.2 50.4 724 375 51.9 39.3
ITER (4B) 80.3 (+3.9%) 16.7 51.2 (+1.6%) .651 370 56.9 394
LRAT (0.6B) 70.7 14.2 25.5 452 265 58.7 24.5
Qwen3.5-4B ITER (0.6B)  74.0 (+4.7%) 13.8  28.2 (+10.6%) 472 277 58.7 24.7
AgentIR (4B) 74.3 13.3 329 .568 345 60.8 23.9
ITER (4B) 75.3 (+1.3%) 13.8 30.1 (-8.5%) 517 325 62.9 23.5
LRAT (0.6B) 73.3 13.2 30.5 522 312 59.8 25.3
Qwen3.5-9B ITER (0.6B) 77.3(+55%)  12.9  34.9 (+14.4%) 544 344 63.3 25.5
AgentIR (4B) 76.7 12.1 39.0 632 411 65.1 25.1
ITER (4B) 78.7 (+2.6%) 11.7 38.8 (~0.5%) 577 392 67.9 25.0
LRAT (0.6B) 81.0 12.7 42.5 .602 426 70.7 24.9
Qwen3.527B ITER (0.6B)  84.0 (+3.7%) 11.8 44.9 (+5.6%) .610 446 73.2 25.1
AgentIR (4B) 81.3 11.5 52.4 .699 518 74.1 25.0
ITER (4B) 82.3 (+1.2%) 124 51.3(-2.1%) .658 497 75.6 24.7
LRAT (0.6B) 71.0 13.9 29.0 378 .189 50.0 17.2
Qwen3.6-27B ITER (0.6B) 82.0 (+155%) 11.8  37.2(+28.3%) 510 261 51.1 18.3
AgentIR (4B) 79.7 11.3 41.4 613 313 51.1 18.8
ITER (4B) 80.3 (+0.8%) 123 41.9 (+1.2%) .555 .296 53.3 18.6
LRAT (0.6B) 68.0 10.4 352 543 .296 54.5 19.1
ITER (0.6B) 69.7 (+2.5%) 9.0  42.5(+20.7%)" 611 337 55.1 19.4
gpt-oss-120B
AgentIR (4B) 71.0 9.6 43.7 .694 372 53.6 19.2
ITER (4B) 69.3 (-2.4%) 9.4 43.6 (-0.2%) .629 .359 57.1 18.5
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Table 3: Query-input ablation with Tongyi. All ITER variants share the same training setup; LRAT is included
for reference. DI = document interpretation extracted from post-visit reasoning; docs = visited-document text;
other abbreviations as in Table 1. Recall = evidence search recall. Superscripts ¢ and » mark significant
differences from LRAT and the default i7 setting, respectively, using two-sided exact McNemar tests for SR and
paired z-tests for recall, with Bonferroni correction by metric and anchor family at p < .05.

. . InfoSeek-Eval BCP  BCP
Retriever input

SR SR Recall
LRAT SQ 72.0 43.7 .59
i0 SQ 72.0° 453 624"
il MQ, SQ 78.0 442% 6362
i2 MQ, SQ, PSQ 79.32 457 6412
i3 MQ, SQ, PSQ, docs 75.0 42.0° 5502
i4 MQ, SQ, PSQ, DI 75.7 43.5%  594b
i5 MQ, SQ, PSQ, docs, DI 75.0 42.7% 568"
i6 SQ, PR 76.3 48.1  .6682
i7 MQ, SQ, PSQ, PR (default) 78.7% 49.2% 6612

Finding 3: ITER remains competitive with AgentIR using implicit interaction
signals.

AgentlR is a strong reasoning-aware retriever. Its DR-Synth pipeline adds gold positive documents to the
candidate pool and uses an LLM reranker to select positives and hard negatives [3]. This direct optimization
of document relevance may explain AgentIR’s high search recall. In contrast, ITER constructs training data
directly from agent trajectories, using interaction signals already produced during trajectory collection that
require no gold document labels or oracle-augmented reranking.

This difference is reflected in how retrieved evidence translates into agent visits and task success.
Although ITER’s search recall is 5.7 points lower than AgentIR’s on average, the gap narrows to 1.6 points in
visit recall. ITER achieves a higher visit-to-search recall ratio for every backbone, averaging 62.3% versus
59.4%. Despite its lower search recall, its end-to-end effectiveness is not correspondingly reduced: ITER
achieves higher task success in 7 of the 12 backbone—benchmark comparisons.

Beyond the current offline setting, unlike AgentIR, ITER could in principle support continual online
retriever updates by turning newly completed agent trajectories directly into training data.

7 Ablation Analysis

We analyze the two main design choices in the default ITER configuration: the history-conditioned query
representation and trajectory-relative negative supervision. We vary each component separately while
holding the other fixed.

7.1 Query Representation

We first vary the query representation while holding the training examples, negative tiers, and training recipe
fixed. Each representation is used during both training and evaluation. Table 3 compares eight variants.

15



Preprint. Under review.

Table 4: Negative-tier ablation of the default ITER configuration with Tongyi. Weights are ordered as
(Wred> Whard> Wweak ). INotation follows Table 3.

InfoSeek-Eval BCP BCP

Variant SR SR Recall

LRAT 72.0 43.7 596

default (3.0, 1.0,0.3) 78.7% 49.2* .661°
w/o redundancy 79.02 43.5° .600°
w/o hard 77.0 46.0 .658%
uniform (1,1, 1) 77.0 453  .633%
stronger red. (5, 1,0.2) 80.32 469 .6532

Variants i0-i2 progressively add the main question and previous sub-queries; i3—i5 incorporate visited
documents, post-visit document interpretations, or both; and i6—i7 examine pre-search reasoning. Variant i6
follows the representation used by AgentIR [3], while i7 adds pre-search reasoning to i2 and serves as the
default representation.

Finding 1: The main question and previous sub-queries provide complementary
context.

Adding the main question (i0 — i1) raises InfoSeek-Eval task success from 72.0 to 78.0 and evidence
search recall from .624 to .636, but lowers BrowseComp-Plus task success from 45.3 to 44.2. Further adding
previous sub-queries (il — i2) improves all three metrics, raising them to 79.3, 45.7, and .641, respectively.
The main question preserves the overall task, while previous sub-queries indicate which search directions
have already been explored. Their combination therefore provides the strongest representation among 10—i2.

Finding 2: Explicitly encoding visited content hurts retrieval.

Adding visited documents (i3), post-visit interpretations (i4), or both (i5) lowers InfoSeek-Eval task
success to 75.0-75.7, BrowseComp-Plus task success to 42.0-43.5, and evidence search recall to .550-.594,
with all three variants performing worse than i2.

One possible explanation is that visited-document text conflicts with the training signal: it places
consumed evidence in the query representation while the same documents may serve as redundancy negatives
that the retriever is trained to rank lower. Document interpretations summarize what the agent learned more
abstractly, which may explain why i4 performs better than i3 on BrowseComp-Plus. Nevertheless, all three
variants remain below i2. This result indicates that representing previously explored directions through
sub-queries is more effective than directly encoding consumed evidence or its interpretation.

Finding 3: Pre-search reasoning primarily improves out-of-domain retrieval.

Adding pre-search reasoning consistently improves BrowseComp-Plus task success and evidence recall,
whether paired only with the current sub-query or added to the structured history. The full i7 representation
provides the strongest out-of-domain performance while remaining competitive on InfoSeek-Eval, motivating
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its use as the default. These results suggest that pre-search reasoning primarily benefits out-of-domain
retrieval.

7.2 Negative Supervision

We next examine the construction and weighting of trajectory-relative negatives. Table 4 compares the
effects of removing negative tiers and varying their loss weights.

Finding 1: Redundancy negatives provide the strongest out-of-domain
trajectory-relative signal.

Removing redundancy negatives has the largest out-of-domain effect, reducing BrowseComp-Plus task
success from 49.2 to 43.5 and evidence search recall from .661 to .600, while InfoSeek-Eval task success
increases by 0.3 point. This result captures the central distinction of interaction-aware retrieval: a document
may remain relevant to the current sub-query while providing little additional value after its information has
been consumed. The large out-of-domain drop shows that learning to recognize this changing utility is the
main contribution of trajectory-relative negative supervision.

Finding 2: Hard negatives provide complementary relevance supervision.

Removing hard negatives reduces task success from 78.7 to 77.0 on InfoSeek-Eval and from 49.2 to
46.0 on BrowseComp-Plus. Although these effects are smaller than those of redundancy negatives, the
declines on both benchmarks show that conventional relevance supervision remains useful. Hard negatives
help distinguish irrelevant documents from useful evidence, complementing the history-dependent signal
provided by redundancy negatives.

Finding 3: Negative-tier weighting trades off in-domain and out-of-domain
performance.

Uniform weighting (1, 1, 1) assigns uncertain weak negatives the same weight as redundancy negatives.
This reduces BrowseComp-Plus task success from 49.2 to 45.3 and evidence search recall from .661 to
.633. The default weighting (3, 1, 0.3) instead reflects the strength of the interaction evidence: redundancy
negatives receive the largest weight, visited but irrelevant documents retain the standard weight, and unvisited
documents are discounted. It provides the best out-of-domain balance, reaching task success of 78.7 on
InfoSeek-Eval and 49.2 on BrowseComp-Plus.

Further increasing the separation with weights (5, 1, 0.2) does not improve BrowseComp-Plus (46.9) and
improves InfoSeek-Eval task success to 80.3. The negative tiers should therefore not be treated uniformly. The
default weighting balances strong evidence of redundancy against the uncertainty of unvisited documents,
leading to more robust transfer beyond the training distribution.

8 Conclusion

Deep-research agents search cumulatively: each sub-query and document visit changes what evidence
remains useful. We introduced ITER, an interaction-aware dense retriever that models a document’s marginal

17



Preprint. Under review.

gain using a history-conditioned query representation and trajectory-relative supervision.

Across two benchmarks and six agent backbones, ITER consistently outperforms LRAT and remains
competitive with AgentIR at the matched 4B scale, while it does not require sophisticated and expensive
training data creation. Our analyses show that the main question, previous sub-queries, and pre-search
reasoning provide complementary retrieval context, whereas document visits are more effective as supervision
than as query content. Scaling ITER further improves performance across agent backbones.

More broadly, these results suggest that agentic retrieval should optimize progress through a search
trajectory, rather than relevance at an isolated step. Agent trajectories provide a useful starting point, but
fully capturing the agent’s evolving information state remains an open problem. Important questions include
how to represent what an agent has learned, transfer interaction signals across agents, and jointly optimize
retrieval and search decisions. Addressing them could shift retrieval from finding relevant evidence to finding
the evidence most useful next for the agent.
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