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Abstract

Deep research requires synthesizing information across fragmented
sources. Existing ReAct-like agents for such multi-hop retrieval typ-
ically rely on long linear search trajectories, where early retrieval
failures compound over time. We introduce Dossier, a deep re-
search agent that replaces linear paths with locally parallel, branch-
ing search managed by a persistent Research Ledger. The Ledger
explicitly tracks claims, contradictions, and information gaps, con-
tinuously updating as new evidence is synthesized. To improve
the quality of each retrieval step, we introduce Evidence-Aligned
Query Learning (EAQL), a training mechanism that fine-tunes
query encoders to condition on the Research Ledger. This ensures
that generated queries are contextually grounded in the agent’s
evolving state rather than isolated prompts. Our evaluation demon-
strates that Dossier’s branching architecture improves end-to-end
accuracy on BrowseComp-Plus by 23 percentage points and HoVer
by 29 percentage points across multiple LLM models.
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1 Introduction

Deep research requires an LLM to iteratively retrieve and synthesize
evidence across a document corpus to answer complex, multi-hop
questions. For example, the BrowseComp benchmark [24] poses
queries such as: “What paper published at EMNLP between 2018-2023
did the first author do their undergrad at Dartmouth College and the
fourth author do their undergrad at University of Pennsylvania?” (Fig.
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la) Answering this question might require a system to find and
enumerate numerous candidate papers and to verify biographies
for multiple authors, as no single document encompasses evidence
for all these constraints directly.

Current state-of-the-art approaches typically deploy a single
agent operating in a linear Reasoning and Acting (ReAct; [27]) loop.
In this method (Fig. 1b), the agent reasons over its current history
(context), constructs a query, and appends the retrieved results to
its context for the next iteration. While effective for short-horizon
tasks, this strategy becomes brittle as retrieval hops, often set up
to 100 iterations in recent work, increases [2]. Early retrieval or
reasoning failures compound over time and steer the agent toward
irrelevant paths.

We argue that a fundamental limitation in this paradigm is that
the agent uses unstructured context history to track progress. Be-
cause it stores every retrieved document within a single context
window without a representation of verified claims versus informa-
tion gaps, its internal state eventually collapses under the weight
of irrelevant tokens. To tackle this, we introduce Dossier, a deep
research framework centered around tracking research state with
a Research Ledger. This is a dynamic knowledge structure that
partitions the agent’s current belief state into verified claims and
unresolved information gaps. By maintaining this, Dossier ensures
that each retrieval iteration is strategically targeted toward specific
unknowns and pruning distractors (Fig. 1c).

Dossier iterates through a cycle of Gap Analysis, Search, and
Information Extraction phases, with the Research Ledger serving as
the central state shared across all stages. In Gap Analysis, Dossier
synthesizes fragmented findings and remaining information gaps
from previous iterations into a unified belief state, which it then
uses to generate a set of targeted textual subqueries. During the
Search phase, a query encoder retrieves the top-k documents for
each subquery independently. Then, the Extraction phase parses
these documents in parallel to isolate atomic findings. Extraction is
performed in isolation, deferring reconciliation across documents
to the subsequent Gap Analysis stage.This loop continues until the
Ledger reaches a terminal state, at which point Dossier uses the
consolidated evidence to generate the final answer.

The efficacy of the Dossier loop depends on the retrieval model’s
ability to discern incremental relevance. Standard dense retriev-
ers are context-blind; they encode queries in isolation, without
awareness of the agent’s evolving state. In deep research, however,
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Dossier: Ledger-Driven Branching Pipeline

a Research Ledger (State)
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(A) Multi-hop reasoning requires
connecting disparate evidence across
documents.

(B) Linear approach relies on
unstructured history, causing errors to
compound and the agent to get "lost".

(C) Dossier maintains a structured
ledger, enabling parallel branching and
preventing error propagation.

Figure 1: Why ledger-driven branching scales for deep research. Dossier instead maintains a persistent Research Ledger of atomic,
document-backed claims with explicit statuses (e.g., open/verified/contradicted). Gap analysis reads the ledger to identify remaining unknown
factors, spawns parallel branches targeting specific gaps, and extracts findings back into the ledger for merge/deduplication/conflict resolution.
Iterating this branch—merge loop keeps state compact and globally consistent, enabling reliable synthesis into the final answer.

document utility is conditional on the Research Ledger because a
document is only relevant if it resolves an outstanding gap rather
than merely recapitulating verified claims. To bridge this gap, we
introduce the Evidence-Conditioned Query Encoder, which
explicitly conditions retrieval on the current Ledger state. By mak-
ing the encoder state-aware, we shift the retrieval objective from
global semantic similarity to informational incrementality, ensuring
each search step targets unresolved gaps rather than recapitulating
known facts (§4).

Training this state-aware encoder requires an Evidence-Aligned
Query Learning (EAQL) mechanism. The primary challenge lies
in obtaining high-fidelity supervision signals over long horizons:
in standard agent rollouts, early errors cause agent trajectories to
drift, producing noisy and misaligned label pairs. To address this,
we employ a technique during training that ensures accurate labels
even in later hops (§3.3). This approach allows us to collect clean
contrastive pairs for learning without allowing early retrieval errors
to corrupt downstream supervision.

From these oracle-stabilized rollouts, we extract contrastive train-
ing tuples consisting of the generated subquery, the injected ground-
truth document, and topically similar but non-gap-filling distractors.
We then optimize the encoder using a Multiple Negatives Ranking
(MNR) loss, teaching the model to prioritize documents that resolve
specific Ledger gaps over those that exhibit surface-level similarity.

Overall, this paper makes the following contributions. First, a
state-aware research architecture: Dossier replaces amorphous
context histories with a persistent Research Ledger. By maintain-
ing an explicit global state of verified claims, contradictions, and

264

information gaps, it mitigates the error propagation and context sat-
uration of REAcCT-style agents. Second, ledger-driven branching
search: We propose a three-step search cycle (Gap Analysis, Search,
and Extraction) for parallel exploration. By dynamically querying
the Research Ledger to resolve combinatorial dependencies, Dossier
systematically prioritizes high-uncertainty frontiers, preventing re-
dundant exploration and using the search budget efficiently. Third,
an Evidence-Aligned Query Learning (EAQL): We develop a
novel training objective that conditions the query encoder on the
agent’s internal belief state. Utilizing Oracle-Guided Trajectory Gen-
eration to stabilize long-horizon rollouts, EAQL trains the encoder
to prioritize informational incrementality over surface-level similar-
ity, ensuring each retrieval step yields novel evidence.

As a result of these design elements, Dossier consistently out-
performs prior linear and hierarchical baselines on complex closed-
corpus deep-research tasks. On BrowseComp-Plus, Dossier achieves
a state-of-the-art 75.1% success rate, improving over ReAct by
+23 percentage points and over Smolagents Deep Research by +27
points, averaged across three backbone models. On the HoVEr
multi-hop fact verification benchmark, Dossier reaches 89.8% accu-
racy, surpassing ReAct by +30 points and Smolagents Deep Research
by +29 points. Additionally, although evaluated in closed-corpus
settings, the architecture naturally extends to open-web retrieval.

2 Background & Related Work

Deep research. Deep research tasks represent a complex class
of information retrieval and synthesis problems where a simple,
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single-step search is insufficient. Formally, given an input research
question g and a large corpus C, the objective is to generate an
answer a that accurately answers g. These deep research agents re-
quire iterative retrieval and synthesis, where an agent must perform
a sequence of actions including querying subsets of C, analyzing
intermediate documents, and refining subsequent queries based on
gathered information. A defining characteristic of this domain is
the multi-hop evidence requirement: the final answer often relies on
connecting disparate pieces of evidence ey, ey, . . ., e, located across
different documents within C, which may not share explicit lexical
overlap with the original query g. Success in this regime is typically
evaluated via end-to-end accuracy a and evidence recall, i.e. the
percent of necessary documents successfully retrieved.

There has been growing interest around deep research in re-
cent years with a number of benchmarks being released. These
benchmarks can largely be broken into those that require the agent
to interact with websites [3, 5, 24] and those that simply involve
retrieving information from a provided corpus [2, 6].

Dense retrieval. Traditionally, dense retrievers have served as
the primary search mechanism in deep research [9, 17, 26], and
recently have made a resurgence in popularity for this task [2].
Dense retrievers often take in a natural language query, g, and a
desired number of documents to retrieve, k. Under the hood, dense
retrieval systems can largely be broken down into two components:
a query encoder and a previously embedded corpus C. When the
search tool is invoked, the query encoder takes the text query g
and maps it into an internal vector representation q. The corpus
C consists of document passages that have already been mapped
into this same vector space using a corresponding document en-
coder. When called, the search tool computes similarity between
q and embeddings in C, performing a k-nearest neighbor lookup,
returning the text of the top-k most similar documents. In Dossier,
we focus on fine-tuning this query encoder (§3.3). Our work draws
particular inspiration from Baleen [9], which introduced condensed
retrieval for multi-hop reasoning, using Transformer encoders to
extractively summarize pertinent facts from each retrieval step into
a compact context for subsequent queries rather than carrying for-
ward entire passages. Baleen also introduced a latent hop ordering
training algorithm for the retriever.

ReAct agents. To address these complex deep research questions,
ReAct-style [27] agents operate through an interleaved process of
reasoning and acting, utilizing tools such as dense retrievers to
bridge the knowledge gap. At each time step t, the agent generates
a distinct Thought (th;) which reasons about its current state based
on the prior information in its context window. It will then, execute
a specific tool Action (a;)—such as issuing a specific search query—
and receives an Observation (0;) from the environment, typically
in the form of retrieved document snippets. This process creates
a linear trajectory = (thy,as,01,. .., thr, ar, or). However, this
architecture is inherently constrained by its linearity and memory
management; the agent relies entirely on the LLM’s limited context
window to maintain the history of the investigation. Because these
ReAct agents must store every retrieved document snippet and rea-
soning step within their current working context, the input prompt
grows linearly with the research depth. As a result, long-horizon
tasks quickly saturate the available token budget, forcing the model
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Figure 2: Dossier system overview. Starting from a global ques-
tion Q, Gap Analysis generates a branching set of targeted sub-
queries conditioned on the persistent Research Ledger L. Each
branch performs retrieval using a ledger-conditioned query encoder
to prioritize novel, gap-filling documents, then extracts findings to
update L. Final Synthesis after a set budget will convert the conflict-
resolved ledger into a final answer with citations.

to either truncate critical earlier evidence or suffer from "lost-in-
the-middle" phenomena where reasoning capabilities degrade over
long contexts.

Multi-agent systems. Multi-agent systems (MAS) attempt to over-
come these single-agent limitations by decomposing the global re-
search question g into sub-tasks distributed among distinct worker
agents [16, 18, 22, 25]. Despite the advantages of parallelization, in
existing MAS architectures the agents often lack a global view of
the information landscape. Consequently, agents often converge
on redundant evidence or narrow retrieval paths, leaving critical
alternative perspectives within corpus C undiscovered.
Complementary approaches. Several recent systems are comple-
mentary to Dossier but target different parts of the deep-research
pipeline. Search-o1 [13] uses a separate document-analysis module
that returns findings to the main chain, but it does not maintain a
persistent structure across hops. Search-R1 and WebThinker [14]
focus on training with RL and DPO. RLMs [28] report results on a
reduced version of BrowseComp-Plus, providing a strong alterna-
tive to standard LLM reasoning calls. Lastly, STORM [21] is closest
in spirit because it builds structured artifacts, but it targets down-
stream synthesis through grounded outlines and long-form reports,
whereas Dossier operates upstream by enforcing structured accu-
mulation during evidence gathering.

3 System Overview

Dossier operates as a cyclic engine composed of three distinct func-
tional components that form the core loop, shown in Figure 2 and
discussed in detail below. First, Gap Analysis evaluates the cur-
rent state of knowledge to identify missing information or conflicts,
generating targeted sub-queries to resolve them. Second, Evidence-
Conditioned Retrieval executes these searches using a learned
encoder that conditions on both the query and the current ledger
state to prioritize finding novel, high-value evidence. Third, Infor-
mation Extraction distills relevant findings from raw documents
and records them in isolation, deferring reconciliation to the Gap
Analysis step. This loop repeats until a set number of iterations,
at which point a final Synthesis step transforms the accumulated
evidence into a final language answer.
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3.1 The Research Ledger

The core of our architecture is the Research Ledger (L), a structured,
persistent data object that serves as the global belief state for the
system. Unlike unstructured context windows that simply append
raw text, £ is maintained as a curated list of provenance-tracked
epistemic claims. Formally, each entry ¢ € L is assigned a discrete
status s(c) reflecting the system’s current confidence. We use the
following states:

e [verified]: Claims explicitly confirmed by one retrieved docu-
ment (with citation).

e [corroborated]: Claims supported by multiple independent
sources, increasing confidence.

e [unverified]: Claims extracted from secondary sources or con-
text that lack primary provenance.

e [contradicted]: Hypotheses that have been explicitly refuted
by evidence.

e [hypothesis]: Analytical inferences or logical bridges proposed
by the model to guide future search.

While these status categories were initially derived through au-
tomatic prompt optimization using a GEPA [1] run over our archi-
tecture, we find that these emergent categories transfer across deep
research tasks without modification (§4), suggesting they provide
a sufficiently general structure for multi-hop discovery. However,
though this is not guaranteed, in practice, this prompt optimization
process can be rerun for a new backbone or environment.

Importantly, the primary architectural grounding of Dossier is
the Research Ledger itself: a consolidated, evolving state object
that surfaces contradictions, enables branch communication, and
grounds future retrieval. In our implementation, GEPA (or any
prompt, whether human-tuned or automatic) is used only to opti-
mize the specific policies operating within this framework (i.e., how
findings are synthesized, entries are merged, and information is
extracted). Thus, we observe that GEPA regularizes ledger behavior
for a specific model; the core mechanism is ledger-driven search
rather than simple prompt engineering.

3.2 Branching Search and Query Generation

To navigate the corpus, Dossier employs a cyclic process. At step
t, the Gap Analysis module receives the current question g, the
state of the ledger £;_1, and the isolated findings, 77, ..., s, from
all the s branches of the previous step. It first reconciles these
findings into a unified ledger state £; before jointly analyzing
the original question and the current evidence in £; to identify
outstanding gaps—specific facts required to answer the question
that are currently missing or labeled [unverified].

The module then generates a set of s sub-queries {q7, ..., g5},
each spawning an independent branch b;. Every branch b; executes
Retrieval and Extraction independently, producing a local set of
candidate findings ;. At the start of the next cycle, Gap Analysis
receives all branch outputs {77, ..., s} and reconciles them into
the unified ledger state L;41. This decomposition serves two pur-
poses. First, it breaks multi-faceted questions into distinct, atomic
retrieval tasks (e.g., separating a query about "hardware specs”
from "release dates"), ensuring the dense retriever focuses on one
semantic target at a time. Second, it allows the system to generate
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queries specifically designed to verify or refute [hypothesis] tags
currently in the ledger (e.g., “Check if 5TB drives existed in 2013”).

Following retrieval, each branch b; independently executes an
Evidence Extraction step, ingesting the raw retrieved documents
and distilling them into candidate findings #;, each tagged with a
provisional status and source citation.

Then, after some set number of iterations, the Final Synthesis
component uses the ledger £ to output a final answer.

3.3 Evidence-Aligned Query Learning (EAQL)

To effectively retrieve evidence for deep research, the retrieval
mechanism must not be confined to searching individual sub-queries
in isolation of the broader deep research state. In a multi-hop tra-
jectory, a generated query is weak without the grounding context
of the original research goal and the findings accumulated so far.
Therefore, rather than encoding only the search string g,,;, we
employ an Evidence-Conditioned Query Encoder.

Formally, the input to the encoder is a concatenation of the
current sub-query (at the start and at the end), the original global
question Q, and the linearized state of the Ledger £:

eq = Encoder(gs,, ® Q ® L ® qsyp)

However, utilizing this context presents a challenge: standard
dense retrievers are not trained to process such multi-part inputs
[4, 8, 11, 12]. Off-the-shelf models, typically optimized for simple
self-contained queries, often fail to use the relevant details in the
ledger. To correct this behavior, we fine-tune the encoder on this
composite input structure using full agentic trajectories.

Oracle-Guided Trajectory Generation. To ensure the retriever
learns from accurate workflows, we generate training data by ac-
tively executing the agent’s full reasoning loop against the corpus.
During this execution, the system constructs an idealized trajectory
where an oracle ensures that every plausible step yields valid evi-
dence, allowing us to capture high-quality query-document pairs
even for complex, late-stage hops.

Formally, at each hop we record a training snapshot
(qsub> Dret Dpos, Dneg), Where qg,p is the generated sub-query,
Dyt is the retrieved candidate pool, Dys is the ground-truth evi-
dence, and Dpey is a set of hard negatives mined from high-ranking
but incorrect documents in Dy.;. For each query, the retriever pro-
duces a candidate pool (e.g., top-50), from which the top-k docu-
ments are passed to the agent. If Dpos ¢ top-k but Dpos € Dret, the
oracle injects Dpos into the agent’s top-k context. This ensures the
agent follows a valid trajectory while exposing failures in the dense
retriever, enabling the collection of contrastive training samples.

Contrastive Optimization. We train the query encoder using
a Multiple Negatives Ranking (MNR) Loss. For a minibatch of size
B, each sub-query g; is paired with one positive document p; and
K hard negatives h; 1, ..., h; k sampled from distraction documents
Dpeg. We also treat positive documents from other query-document
pairs in the batch as additional negatives. These hard negatives
teach the encoder to distinguish documents that provide new evi-
dence from those that are only topically similar.
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Table 1: Performance on a 400-question sample of BrowseComp-Plus across three models. Dossier consistently outperforms linear
(ReAct) and hierarchy-based (Smolagents) baselines, as well as a parallelized ReAct variant that mimics branching without structured ledger
state. Gains are largest on weaker backbones, such as a +24.8-point Accuracy improvement over ReAct on Qwen3-8B, but remain substantial
on stronger models, such as 75.1% versus 53.9% on GPT-5-mini. Dossier uniformly wins on Accuracy, while Parallel ReAct attains higher

recall than Dossier on GPT-5-mini and GPT-o0ss-20B.

Backbone Method Accuracy Evidence Recall Gold Recall All-or-Nothing Recall
GPT-5-mini  ReAct 53.9% =+ 257 66.9% =+ 1.7 69.0% = 2.17 58.1% = 2.5%
Smolagents 67.4% =+ 18 68.1% + 2.1 58.2% + 25
Parallel ReAct (Dossier-Inspired)  65.2% + 2.4% 84.0% -+ 1.4 84.2% - 1.7% 78.2% + 2.1%
Dossier 75.1% = 2.2% 76.0% + 1.7% 79.2% = 1.9 74.4% = 2.2%
GPT-0ss-20B ReAct 39.0% =+ 2.47 57.6% =+ 1.97 58.1% = 237 48.5% = 2.5%
Smolagents 33.4% =247 41.5% + 18 44.6% + 2.2 33.2% + 247
Parallel ReAct (Dossier-Inspired)  44.4% = 2.5 72.8% = 1 73.1% = 20 65.1% = 2.4
Dossier 62.5% = 2.47 67.0% + 1.9 69.9% = 2.2 63.5% = 2.4%
Qwen3-8B ReAct 8.2% + 1.4% 10.1% + 10 9.2% + 1.2% 4.8% = 117
Smolagents 1.5% = 0.6% 16.6% = 13 15.0% = 1.6¢ 9.7% + 1.5
Parallel ReAct (Dossier-Inspired)  23.8% + 2.1« 20.9% = 1.4% 19.7% + 1.7% 12.5% + 177
Dossier 33.0% = 2.47 46.4% = 157 51.4% = 2.2 39.5% + 2.4%

Table 2: Results on a 400-question sample of HoVer, a multi-hop fact verification benchmark. Across both LLM and embedding
models, Dossier improves Accuracy by +27-33.1 points over ReAct and increases All-or-Nothing Recall by +16.3-60 points. *The marked
backbone is evaluated on only a 100-question subset due to time/resource constraints.

Backbone Method Accuracy Evidence Recall All-or-Nothing Recall
ReAct 56.7% = 2.5% 78.3% =+ 1.7% 61.5% = 247
GPT-0ss-20B LLM + Qwen3-8B Embedding Smolagents 70.4% + 237 73.5% + 147 42.3% = 2.5%
Dossier (Ours) 89.8% + 157 91.7% + 0.9% 77.8% = 2.1%
ReAct 60% 50.1% 15%
Qwen3-4B LLM + Qwen3-0.6B Embedding® Smolagents 49% 65.3% 29%
Dossier (Ours) 87% 88.4% 75%

4 Experiments

We evaluate on two closed-corpus benchmarks to ensure controlled,
reproducible comparisons and to enable query-encoder training.
Dossier could naturally be used in an open-web setting where
retrieved webpages would be treated as documents:
BrowseComp-Plus (BC+). BC+ is a controlled proxy for realistic
web research derived from OpenAI’s BrowseComp deep research
task [2, 24]. Here questions are engineered to be hard for keyword
search (rare conjunctions of constraints) but straightforward to
verify once the right sources are located. Unlike live browsing, BC+
replaces the web with a fixed corpus (= 100k documents), enabling
deterministic evaluation and reproducible rollouts. This static set-
ting is essential for our training procedure. BC+ also includes mined
hard negatives—topically related documents that do not resolve the
missing constraint—which are critical for EAQL.

HoVer. HoVer [6] is a multi-hop verification benchmark built from
Wikipedia abstracts, where each claim requires aggregating evi-
dence from up to four disjoint articles. Unlike entity-answer QA,
the output is a binary label (True or not True).
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We report multiple retrieval-focused metrics and one end-to-
end metric, with minor dataset-specific instantiations. First, Ev-
idence Recall: fraction of annotated supporting evidence docu-
ments retrieved in the trajectory, macro-averaged over examples.
Second, Gold Recall (BC+ only): fraction of answer-containing
document(s) which are retrieved (definition aligned to BC+ anno-
tations). Third, All-or-Nothing Recall: percentage of questions
where all required evidence documents are retrieved at least once
(0 or 1 per question). And, lastly, Accuracy: answer correctness in
BC+ and verification label correctness in HoVer.

These metrics are complementary: Evidence Recall measures
coverage, All-or-Nothing captures completeness for multi-hop con-
straints, and Accuracy reflects whether the system ultimately syn-
thesizes or verifies correctly. A question can be correct without
retrieving all annotated evidence, since models may rely on partial
evidence or parametric knowledge, but this reduces transparency
and robustness, motivating emphasizing recall alongside accuracy.

4.1 Baselines

We compare Dossier against representative agentic baselines under
a fixed compute budget. For all methods, we allocate a total of 100
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Table 3: Ablation of learning mechanisms on a random sample of BC-Plus (GPT-o0ss-20B). A ledger-conditioned encoder without
learning underperforms the default encoder (49% vs. 51% Accuracy), showing that naive conditioning is not sufficient. Evidence-Aligned
Query Learning (EAQL) yields large improvements (Evidence Recall: 61.3%—64.4%; Gold Recall: 61.4% — 70.1%; All-or-Nothing Recall: 52%
— 66%), nearly matching the Oracle upper bound (66% Accuracy). These highlight EAQL as a substantial contributor to overall performance.

Strategy Accuracy Evidence Recall Gold Recall All-or-Nothing Recall
Default Encoder 51% 61.3% 61.4% 52%
Evidence-Conditioned Query Encoder + no-learning 49% 53.6% 52.5% 48%
Evidence-Conditioned Query Encoder + EAQL Learning 64% 64.4% 70.1% 66%
Oracle 66% 80.4% 82.7% 76%

LLM calls per query for BC+ and 30 for HoVer, following prior
work [2, 9]. This constraint ensures that improvements arise from
architectural design rather than increased compute.
ReAct. ReAct [27] operates as a single linear reasoning-and-acting
loop in which the model alternates between generating a thought,
issuing a search query, and appending retrieved snippets into a
growing context window. The full 100-call budget is used within
this single trajectory, requiring the agent to manage long-horizon
reasoning entirely through unstructured prompt history, making it
susceptible to context saturation and early-error compounding.
For BC+, we use the official implementation and default prompts
released with the benchmark [2]. Consistent with the benchmark,
we provide the agent with trimmed document previews and a
get_document tool for retrieving full document contents when
needed. For HoVer, we use GEPA [1] to create the prompt and pro-
vide the model with full previews as the maximum document size
is a few hundred tokens.
Smolagents Open Deep Research. This framework implements
a manager—subagent architecture, where a controller decomposes
tasks and delegates retrieval subtasks to worker agents through
message-based coordination. We additionally equip the system with
document summarization and history-compaction tools to mitigate
context window growth, ensuring the baseline benefits from stan-
dard engineering best practices; however, coordination still occurs
through unstructured conversational messages rather than a persis-
tent, structured global state. The total interaction across manager
and workers is constrained to the same 100-call budget [20].
Parallel ReAct (Dossier-inspired). To isolate the effect of paral-
lelization alone, we run five independent ReAct agents in parallel
and aggregate their outputs (e.g., union of retrieved evidence or
majority voting over answers). To ensure fairness, the total 100-
call budget is evenly divided across agents, giving each ReAct in-
stance 20 calls. This baseline tests whether simply increasing search
breadth via parallel trajectories is sufficient, or whether Dossier’s
explicit Research Ledger and coordinated gap analysis provide addi-
tional benefit beyond raw parallel exploration. We report the union
of the retrieved documents for recall and a successful accuracy if
any of the 5 are correct (benefiting the baseline).

4.2 Implementation Details

Dossier configuration. Dossier uses branching factor s = 5 and
retrieves k = 10 documents per sub-query per hop.

Backbones and retrievers. We evaluate across multiple LLM back-
bones [15, 19, 23] (Table 1; Table 2) and pair them with dense retriev-
ers as indicated in the tables. The query encoder is initialized from
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the respective encoders and fine-tuned using Evidence-Aligned
Query Learning on 75 training questions with a batch size of 8, a
learning rate of 5 x 1079, and 1 epoch. Each query is paired with
9 hard negatives sampled from the top-retrieved documents, and
training uses a contrastive loss with temperature 7 = 1. We validate
every 400 minibatches on a fixed set of 10 held-out questions and
save the best checkpoint by evidence recall@10.

Prompt optimization (GEPA). We apply GEPA to tune the Dossier
prompts. We also evaluate prompt transfer across tasks to test
whether optimized prompting is dataset-specific or captures more
general deep-research behavior. On both benchmarks, we use a
training set of 20 questions and a validation set of 15 questions.
For BC+, we optimize a reward signal that assigns a value of 1 to
correct answers and otherwise uses Evidence Recall as the fallback
objective from 0-1. Since HoVer is a binary classification task, we
only use Evidence Recall. Our DSPy signatures are in Appendix A
and represent the "baseline prompts" [10].

Evaluation uncertainty. In Table 1 and 2, we evaluate each method
on N = 400 held-out questions. Each question is evaluated once
with a complete agent rollout, producing a per-question score
x;j. For Accuracy and All-or-Nothing Recall, x; is binary; for Ev-
idence and Gold Recall, x; is the per-question recall value. We
report the mean score together with the standard error of the mean,
i.e., 100x + 100SE(x) in percentage points, where x = ﬁ Zfil Xi,
SE(x) = ﬁ and s? = ﬁ Zﬁl(xi — %)2. This estimates the

sampling variability of the reported aggregate result.

4.3 Main Results

Table 1 summarizes performance on BC+ across backbones. Dossier
achieves the best end-to-end accuracy across the reported back-
bones, improving substantially over linear ReAct and hierarchical
baselines. We present 3 main takeaways from Table 1 and Table 2:

Deep research benefits from explicit global state beyond
raw retrieval. Across backbones, systems with similar Evidence
Recall can exhibit dramatically different Accuracy. For example, on
BC+ with GPT-0ss-20B, Parallel ReAct and Dossier achieve close
All-or-Nothing Recall (65.1% vs. 63.5%), yet differ by 18.1 points in
Accuracy (44.4% vs. 62.5%).

We believe this indicates that deep research performance de-
pends not only on surfacing relevant documents, but on extracting
and synthesizing the correct information from them. Dossier’s abil-
ity to extract information from documents independently before
combining multiple different lines of inquiry allows for structured
reconciliation across long trajectories.
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External state can compensate for limited backbone capac-
ity. The advantage of Dossier becomes more pronounced as model
capacity decreases. On BC+ with Qwen3-8B, Dossier improves Ac-
curacy from 23.8% (Parallel ReAct) and 8.2% (ReAct) to 33.0%, while
also substantially increasing Evidence Recall (20.9% — 46.4%). Simi-
larly, improvements can be seen in the main HoVer results in Table
2, where Dossier has a particularly pronounced performance gap
compared to the other backbones when using the smaller Qwen3-4B
+ Qwen3-0.6B Embedding. This widening gap suggests that explicit
state tracking reduces reliance on long-context internal reasoning,
effectively offloading constraint management from the LLM into a
structured external memory.

Parallel search alone does not yield coordinated reason-
ing. Increasing search breadth improves recall (e.g., 84.0% Evidence
Recall for Parallel ReAct on GPT-5-mini), but does not reliably con-
vert into higher Accuracy, indicating independent trajectories lack
a shared representation for reconciling partial findings or resolv-
ing contradictions. Dossier’s unified Research Ledger synchronizes
branches into a single global viewpoint, allowing parallel explo-
ration to translate into coherent multi-constraint reasoning.
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Figure 3: Accuracy as a function of cumulative input tokens
(up) and cost (below) on 100 questions of BC+. Dossier reaches
higher accuracy than ReAct at comparable token/cost budgets and
achieves strong performance after only a small number of iterations.

4.3.1 Efficiency and Trajectory Cost. Fig. 3 shows cost by running
answer generation after each iteration and measuring cumulative
tokens consumed up to that iteration. At the same token budget,
Dossier substantially outperforms ReAct and achieves strong per-
formance with few iterations. Appendix C compares cost when
matching LLM calls.
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4.4 Ablation Studies

For the following subsections, we report results on a 100-question
subset of the earlier 400-question subset for both BC+ and HoVer.

Table 4: Overall system ablation from ReAct to Dossier on
BC+ using GPT-o0ss-20B. Performance improves as the system
moves from a linear trajectory to the full Dossier execution pat-
tern: persistent ledger state, always-on ledger updates, coordinated
branching, and EAQL.

Method Accuracy Evidence Recall Gold Recall All-or-Nothing Recall
ReAct - benchmark prompts 33.0% 52.7% 55.8% 49.0%
ReAct - optimized prompts 32.0% 43.0% 45.2% 34.0%
Dossier - 1 branch 39.0% 43.5% 46.5% 38.0%
Dossier - 5 branches 51.0% 61.3% 61.4% 52.0%
Dossier - EAQL, 5 branches 64.0% 64.4% 70.1% 66.0%

4.4.1 Overall System Ablation. Each component is incremen-
tally beneficial where a single addition can provide imme-
diate gains. We conduct an incremental ablation starting from a
standard ReAct baseline on BC+ in Table 4. We observe that opti-
mizing prompts for the linear ReAct loop provides no significant
benefit, with accuracy stagnating at 32-33%. Transitioning to a
single-branch Dossier configuration improves accuracy to 39% de-
spite nearly identical evidence recall to the optimized ReAct baseline
(43.5% vs. 43.0%). This suggests that the Research Ledger improves
the agent’s ability to synthesize and extract information from re-
trieved documents even without the benefit of parallel search. The
introduction of 5-way branching provides the most substantial per-
formance boost, increasing evidence recall from 43.5% to 61.3%
and boosting accuracy to 51%. Finally, Evidence-Aligned Query
Learning (EAQL) provides the full performance of 64% accuracy.

4.4.2  Impact of Learning Mechanisms. Tables 3 and 8 isolate the
effect of (i) conditioning retrieval on the ledger and (ii) training the
query encoder with Evidence-Aligned Query Learning. We observe
the following takeaways:

Conditioning without learning can hurt. The “Evidence-
Conditioned Query Encoder (no-learning)” underperforms the de-
fault encoder (Table 3). This supports the core motivation: off-the-
shelf embedding models are not trained to interpret long, structured
ledger context. Naively concatenating the ledger can cause the en-
coder to be distracted by the ledger, which degrades retrieval.

Evidence-Aligned Query Learning restores and improves
retrieval utility. Once the encoder is trained on oracle-guided
rollouts, retrieval becomes state-aware in the intended sense: it
ranks gap-filling documents above merely topically similar doc-
uments already represented in the ledger. This is reflected most
in All-or-Nothing Recall and Accuracy gains (for example, +15%,
Table 8), the metrics most sensitive to missing a single critical hop.

4.4.3  Structured Ledger Behavior vs. Unstructured Note Passing. As
we mentioned in §3.1, we do not impose an absolute structure on
the system or the research ledger. So here we evaluate the impact of
GEPA-tuned prompts (Table 5) and the structure’s ability to transfer
across different tasks (Table 6). We see the following:

GEPA enforces structured ledger behavior rather than im-
proving retrieval. When retrieval is held fixed on BC+, GEPA sub-
stantially improves Accuracy (54.0% — 64.0%) and All-or-Nothing
Recall (61.0% — 66.0%) while leaving Evidence Recall unchanged
(64.4% — 64.4%). This suggests that the additional structure imposed
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Table 5: Impact of GEPA Prompt Optimization on BC+ using
GPT-0ss-20B. We observe that for Dossier, GEPA improves Accu-
racy and All-or-Nothing Recall without affecting Evidence Recall.
This indicates that better prompting and structure enhances ledger
management and information extraction rather than retrieval rank-
ing alone. GEPA only partially explains Dossier’s gains and provides
only a modest improvement for Parallel ReAct.

Prompt Setting Method Accuracy Evidence Recall Gold Recall All-or-Nothing Recall

ReAct 33.0% 52.7% 55.8% 49.0%
No GEPA Parallel ReAct 38.0% 63.8% 65.1% 55.0%
Dossier 54.0% 64.4% 71.1% 61.0%
ReAct 32.0% 43.0% 45.2% 34.0%
GEPA Parallel ReAct 40.0% 66.6% 70.8% 57.0%
Dossier 64.0% 64.4% 70.1% 66.0%

Table 6: Impact of GEPA under Oracle Retrieval (GPT-oss-
20B). Both GEPA variants achieve nearly identical performance,
indicating that once sufficient prompts are available, gains from
modifying the prompts governing the ledger are marginal. This
suggests the ledger design generalizes across deep research tasks.

Strategy Accuracy Evidence Recall Gold Recall All-or-Nothing Recall
HoVer Oracle Results

GEPA on BC+ (Dossier) 91.0% 96.6% 96.0% 91.0%

GEPA on HoVer (Dossier) 89.0% 96.2% 95.7% 89.0%

by the prompt strengthens how retrieved evidence is incorporated
into the Research Ledger.

Without GEPA, the default ledger will degrade into a series of
loosely structured notes passed between components; while tech-
nically persistent, such unstructured memory fails to reliably en-
force constraint reconciliation. The improvements therefore demon-
strate that Dossier’s effectiveness depends on disciplined, schema-
consistent ledger updates rather than mere memory accumulation.

The ledger abstraction generalizes beyond benchmark-
specific prompting. Under oracle retrieval (Table 6), GEPA tuned
on BC+ and GEPA tuned on HoVer achieve nearly identical perfor-
mance (e.g., 96.6% vs. 96.2% Evidence Recall and 91.0% vs. 89.0% Ac-
curacy on HoVer). The small remaining gaps are likely attributable
to differences in GEPA optimization runs (e.g., prompt initialization
and search stochasticity) rather than structural mismatch. The near-
alignment across datasets suggests that improvements stem from
enforcing general deep-research principles—explicit gap tracking,
contradiction marking, and consistent ledger updates—rather than
dataset-specific heuristics. This suggests that the Research Ledger is
a fundamental architectural abstraction, with prompt optimization
regularizing its behavior rather than redefine it per benchmark.

Table 7: Impact of Branching Factor on BC-Plus. Increasing
width to a factor of 5 improves recall but incurs higher cost.

Branch Accuracy Evidence Recall Gold Recall All-or-Nothing Recall

1 52.0% 54.9% 61.8% 52.0%
3 60.0% 63.4% 68.8% 62.0%
5 64.0% 64.4% 70.1% 66.0%
7 62.0% 63.7% 68.1% 62.0%

4.4.4  Impact of Branching Factor. In Table 7, we vary s, the maxi-
mum number of subqueries allowed in an iteration. Importantly, we
do not adjust the number of global iterations, so a branching factor
of 1 has roughly 1/5 the amount of LLM calls as a branching factor
of 5. We observe that increasing the branching factor to a moderate
width (5) improves both recall and accuracy by allowing the system
to pursue independent evidence gaps in parallel. This minimizes the
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risk of a single poor query derailing the entire trajectory. However,
expanding beyond a moderate width causes performance gains to
saturate or decline where branches converge on similar evidence.

5 Trajectory Analysis
This section provides trajectory-level analysis for BC+ comparing
the agentic trajectories using GPT-5-mini traces.

5.1 Baseline: Context Saturation and Giving Up

Abridged Query: Actor (as of Dec. 31, 2023): taxicab driver; TV
debut in 2004; girlfriend played volleyball; appeared in a film
with a Disney Channel star; switched schools at least 10 times.
Ground Truth: Cory Monteith

We observe that both ReAct and Smolagents process evidence lin-
early. When they retrieve documents verifying some constraints
but failing others, they struggle to generate targeted subqueries
for the missing pieces. As their context window fills with failed
attempts, they prematurely abandon the hypothesis and once par-
tial matches appear without closure, the trajectory devolves into
broad, repetitive searches. For example, REACT starts with an over-
constrained query which attempting answering the whole question
at once:

ReAct search query: actor was a taxicab driver TV debut
2004 girlfriend used to play volleyball switched schools 10
times ’taxicab driver’ ’switched schools’ 'volleyball’ girlfriend
"TV debut 2004’ actor

When this "mega-query" fails to return a single golden document
(non-existent), ReAct correctly breaks the query down into slightly
smaller chunks (Step 3: "switched schools" "10 times" actor
interview). However, even when it retrieves correct documents,
it fails to link these back to a clear hypothesis, continually trying
random partial searches. After 26 steps and reading 120 documents,
it gives up entirely, asking the user for help.

Smolagents shows a complementary failure mode: extreme breadth
without convergence. The manager continues to delegate aggres-
sively (nearly 600 documents in 23 steps), but the coordination fails
to converge, also yielding a “no-solution” judgment.

In contrast, DossIER surfaces Cory Monteith early but refuses
to finalize until all constraints are verified or explicitly marked as
unresolved. This behavior is driven by the Research Ledger:

Ledger (Iteration 1):

[verified] The profile titled "Monteith’s Life: In His Own
Words" states he worked as a roofer and a taxi driver (docid:
77808)

[contradicted] The requirement that the actor’s TV debut
occurred in 2004 is contradicted; the context places his first
TV credit in 2006

[outstanding gap] There is no evidence in the context that
any actor switched schools at least 10 times

Chypothesis] The complete set of personal details is likely
contained in a single feature interview or long-form profile




Dossier: Deep Research via Ledger-Driven Branching Search and Query Encoding Learning

CAIS ’26, May 26-29, 2026, San Jose, CA, USA

[outstanding gap] No context document confirms that Mon-
teith’s girlfriend (Lea Michele) used to play volleyball

Because those unresolved constraints are codified as [outstanding
gap] entries, they shape the next hop’s subqueries, Dossier very
quickly transitions from broad discovery to highly targeted searches.
For instance, in the next iteration, subquery (0) closes the last out-
standing gap in the ledger above:

Dossier subqueries (Iteration 2):

(0) "Lea Michele" volleyball roster OR "played volleyball"
biography

(1) Cory Monteith "television debut" 2004 OR earliest TV
appearance

(2) "Cory Monteith" "switched schools" interview

By the 10th iteration, Dossier resolves the gaps and gracefully
outputs the correct answer, recovering from an initial state of un-
certainty that completely doomed the baseline agents.

5.2 Recall # Accuracy

An important observation is that Dossier enforces quality evidence
synthesis instead of only improving document retrieval. In the fol-
lowing trace, both ReAct and Smolagents achieve 100% evidence re-
call, yet confidently return the wrong entity. The failure is therefore
not due to missing information, but to how the retrieved evidence
is analyzed and integrated.

Abridged Query: 2010s international soccer match: winning
team by >2 goals; 40k+ attendance; pre-match injuries; a substi-
tute scored after <10 goals on loan in the prior season. Which
loan club?

Ground Truth: FC Arsenal Tula

Both ReAct and Smolagents retrieve the decisive documents but
still answer incorrectly. This failure is not due to missing evidence,
but to the absence of a structured falsification step in the trajectory.

In fact, both systems correctly identified that the match is Russia
vs. Saudi Arabia (2018 World Cup). However, two substitutes scored
for Russia: Denis Cheryshev and Artem Dzyuba. The baselines "lock-
on" to Cheryshev who had a loan at a different team (Villarreal)
a few years prior. However, despite future documents verifying
Artem Dzyuba (who spent the prior season on loan at FC Arsenal
Tula), the unstructured trajectories lack a mechanism to refute the
plausible partial match.

Instead, Dossier is specifically designed to work with this imper-
fect hypothesis but does not allow synthesis to proceed unless the
ledger can satisfy all constraints coherently:

[verified] The Russia 5-0 Saudi Arabia World Cup opener
on 14 June 2018 had an attendance of 78,011 and a five-goal
winning margin

[contradicted] The requirement that the match included
more than 30 fouls is contradicted by the Russia v Saudi Arabia
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report, which records only ten fouls

[outstanding gap] None of the provided documents contain
pre-match injury lists confirming a defender who made more
than 25 league appearances

Dossier avoids early commitment because of the [contradicted]
foul count (it had retrieved incomplete stats). Over 10 hops, it finds
the correct comprehensive match report, resolves all constraints,
and correctly synthesizes Dzyuba’s loan.

5.3 The Limits of Parallel Breadth

Query Prompt: As of Dec. 2023, identify the historical structure:
erected by a renowned Portuguese navigator; named in his honor;
first arrival in a non-Christian region; located ~1 mile from a
fort museum.

Ground Truth: Magellan’s Cross

Parallel ReAct is intended to isolate the effect of exploration breadth
by running five independent trajectories and unioning their results.
In this setting, each run is executed with high temperature, produc-
ing materially different reasoning traces and query sequences. This
example shows that even substantial stochastic diversity does not
correct semantic drift in unstructured agents.

Despite following distinct trajectories, all five runs failed to
retrieve Magellan’s Cross and instead converged on the same se-
mantically similar but factually incorrect distractor: Vasco da Gama
Pillar (Malindi, Kenya). The single-run ReAct baseline made the
identical error.

The failure is therefore not due to insufficient exploration or lack
of diversity, but to missing coordination and constraint enforcement.
Once a trajectory retrieves Vasco da Gama Pillar—a Portuguese
explorer’s marker near a fort—it satisfies superficial aspects of the
query and becomes self-reinforcing. Because each branch reasons
in isolation, parallelism simply replicates the same confirmation-
biased attractor under different surface-level reasoning paths.

Increasing parallel breadth improves recall coverage but does
not address state management or global constraint reconciliation.
In contrast, Dossier synchronizes evidence through a structured
ledger and anchors on Magellan’s Cross at Hop-1 with near-perfect
evidence recall, demonstrating that the correct documents were
fully accessible; what the baselines lacked was structured cross-
branch synchronization and explicit falsification.

6 Conclusion

We introduced Dossier, a ledger-driven deep research architec-
ture that replaces linear, unstructured trajectories with structured
branching search over a persistent Research Ledger, combined with
Evidence-Aligned Query Learning to train state-aware retrieval.
On BrowseComp-Plus, Dossier improved over ReAct by +23 per-
centage points and over Smolagents Deep Research by +27 points.
Likewise, on HOVER, Dossier improved over ReAct by +30 points
and Smolagents Deep Research by +29 points.
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A DSPy Signatures

Listing 1: DSPy Signatures Used in Dossier

class GenerateSubquerySignature (dspy.Signature):
question: str = dspy.InputField(
desc="The original question being asked"
)
notes: List[str] = dspy.InputField(
desc="A cummulation of knoweldge so far which may be useful for generating the next
)
past_subqueries: List[str] = dspy.InputField(
desc="A list of previous subqueries asked so far"
)
updated_notes: List[str] = dspy.OutputField(
desc="An updated notes which is summarized for your plan"
)
subqueries: List[str] = dspy.OutputField(

O. Chabra et al.

subquery"

desc="A list of subqueries to ask in future steps. The subqueries should be as far from each

other as possible. Should be exactly 5"

class AppendNotesSignature(dspy.Signature):
question: str = dspy.InputField(
desc="The original question being asked"
)
notes: List[str] = dspy.InputField(
desc="A cummulation of knoweldge so far which may be useful for generating the next
)
subquery: str = dspy.InputField(
desc="The subquery that was just asked to the search engine"
)
context: List[str] = dspy.InputField(
desc="The list of documents returned from the search engine for the given subquery"
)
new_notes: List[str] = dspy.OutputField(
desc="The new notes to append to the existing notes"”
)
titles: List[str] = dspy.OutputField(
desc="The titles of the documents retrieved from the search engine"

class FinalAnswerSignature(dspy.Signature):
question: str = dspy.InputField(
desc="The original question being asked"
)
titles: List[str] = dspy.InputField(
desc="The titles of all documents retrieved during the hops"
)
notes: List[str] = dspy.InputField(
desc="A cummulation of knoweldge gathered during all hops"
)
answer: str = dspy.OutputField(
desc="The final answer to the original question"
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Table 8: Ablation of Learning Mechanisms on HoVer across backbones.

Backbone Strategy Accuracy Evidence Recall All-or-Nothing Recall
GPT-0ss-20B + Qwen3-8B Embed Default Query Encoding 91.0% 92.1% 81.0%
Evidence-Conditioned Query Encoder + EAQL on BC+ 93.0% 91.0% 80.0%
 Evidence-Conditioned Query Encoder + EAQL on HoVer _ 93.0% 927% ] 840%
Oracle 91.0% 96.6% 91.0%
Qwen3-4B + Qwen3-0.6B Embed  Default Query Encoding 87.0% 80.9% 60.0%
. Bvidence-Conditioned Query Encoder + EAQL on HoVer __87.0% ! 8847 ] 50%
Oracle 88.0% 89.3% 73.0%

Table 9: Efficiency comparison on BrowseComp-Plus using GPT-5-mini. We report median input/output tokens (thousands) and
number of search and LLM calls per query. Dossier exhibits higher token usage because it retrieves and injects substantially more evidence
into context, reflecting improved coverage rather than redundant search.

Method Input (kTok) Output (kTok) Search Calls LLM Calls
ReAct 314 4 10 11
Smolagents 675 74 168 42
Parallel ReAct (Dossier-Inspired) 1543 18 50 55
Dossier 2243 207 55 68

B HoVer Training Ablation

Table 8 reports an ablation of learning mechanisms on HoVer across backbones, comparing default query encoding, Evidence-Conditioned
encoding with EAQL, and an oracle upper bound. The results show that EAQL consistently improves All-or-Nothing Recall (and matches or
slightly improves Accuracy) over the default encoder, while the oracle establishes the ceiling for retrieval completeness.

C Efficiency Comparison

Table 9 reports the median input/output tokens and search/LLM call counts on BrowseComp-Plus using GPT-5-mini under a fixed 100 LLM
call budget. Dossier uses more tokens than the linear baselines because it retrieves and processes more evidence, rather than terminating early
or compressing the trajectory into an unstructured context history. This higher usage reflects the system’s ability to sustain longer-horizon
evidence gathering: Dossier performs 55 search calls and 68 LLM calls per query, compared to 10 and 11 for ReAct. Parallel ReAct also incurs
a high input-token cost, but lacks a shared state for reconciling evidence across branches, so its additional computation does not provide the
same coordinated synthesis benefits. Overall, the table shows that Dossier is more reliable for long-horizon reasoning.

D Generative Al

We used assistance from generative Al tools in preparing portions of this manuscript. All outputs were reviewed, verified, and edited by the
authors.
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