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Abstract

Deep research agents use language models to investigate questions over the web, private
files and databases. They choose searches from earlier findings, retain evidence across long
investigations, and produce short answers, collections or reports. We survey these agents
by following evidence from the action that finds it to the claim it supports. This view
connects search and planning, evidence management, grounded synthesis, and the training
and evaluation of the investigation as a whole. Stopping improves when agents check the
evidence against the question’s requirements and track whether searches still find new material.
Compact notes preserve access to omitted details when they retain a way to reopen their
sources. Verification can improve the precision of an answer set while rejecting correct
members whose evidence was never retrieved. Report revision often adds requested content
while damaging earlier coverage and citation support. Training has a related dependence
on evidence: when the corpus lacks the documents a question needs, an answer reward
credits guesses, and repairing the corpus improves every reward design tested in a controlled
comparison. These findings call for evaluations that measure outcomes, support, process
and cost separately, and for methods that preserve a finding’s meaning through compression,
delegation and revision.

1 Introduction

Trained on vast amounts of text, large language models can answer questions, summarize
documents and write code from instructions or a few examples [1, 2]. Hundreds of millions of
people now use assistants built on them each week, often to look up information [3]. However,
two limitations get in the way: (i) a model’s knowledge is fixed when training ends, so it knows
nothing of what happened afterwards; and (ii) it can state false claims confidently, with no
source a reader could check. Retrieval-augmented generation (RAG) addresses both problems
by looking information up [4]. Given a question, a RAG system retrieves relevant documents
from an external collection, such as the web or a company’s files, and generates its answer from
them. The collection can be updated without retraining the model, and the answer can cite the
documents it came from. In its standard form, RAG searches once with the user’s question and
answers from the top results.

One search works only when the question names what to look for. Suppose a local journalist
asks, “What did metro Line A cost to build?” The top results are pages about Line A, and one
of them likely states its cost. Now the journalist asks, “What did the metro line to the city’s
airport cost to build?” The top results are travel guides for getting to the airport, which name
the line and give the fare but not the construction cost. Answering takes two searches: the first
finds the line’s name, and the second uses that name to find its cost. Systems that interleave
search with reasoning choose each query from what earlier searches found [5, 6], and they answer
such questions more accurately than systems that retrieve once [7].

Broader requests need many more searches, and answering them becomes a whole investigation.
The journalist might go on to ask, “Why do some cities pay far more than others to build a
metro line?” To answer, a system could compare the metro lines opened in European cities since
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2015. No single page lists them, so it must first find them. It must then find each line’s cost
and length, often in separate sources, and compare the cost per kilometre. Systems now plan
and coordinate these searches [8, 9], keep findings after the source text outgrows their context
[10, 11], and use drafts to guide further research [12, 13]. We call this family deep research agents:
language-model agents that conduct extended investigations over external sources, choosing what
to search for or read, retaining the evidence, and synthesizing an answer, collection or report
from it [14, 15]. Several commercial assistants now include such agents [14]. Deep research
extends this interleaving of search and reasoning to longer inquiries and broader sources. It also
specializes the freedom of general tool-using agents toward investigation, using browsing, code
and delegated subtasks to gather, analyze and present evidence [14, 16].

Some difficulties carry over from RAG and grow with the investigation. (i) The sources must
support the answer, not merely match the topic. A page reporting a metro line’s approved budget
may be relevant to its cost without establishing the final cost. In long reports, agents attach
citations to claims their pages do not support [17]; later revision can damage support that was
previously sound [18]. (ii) The useful evidence must fit the context. A long investigation reads
more than the model can hold at once [10]. Keeping every page buries useful findings, but a
summary can drop whether a cost was a budget or a final figure, or which year’s prices it uses.
Compression therefore changes what later searches and comparisons can establish [19]. These
inherited problems connect evidence selection and memory to the output that eventually uses
them.

Extended, adaptive search adds two further difficulties. (iii) The agent must discover what
remains to be found. A fixed RAG pipeline has a predetermined end; an investigation must
decide whether to continue. Agents search long after finding an answer, yet also stop with
missing members or wrong attributes in a collection [20–22]. (iv) Feedback does not identify which
decisions helped. A final-answer score covers many actions and cannot distinguish a successful
investigation from a guess or a leaked answer key [20, 23]. We organize the survey around these
connected difficulties. Search determines what the agent can observe (§3); evidence management
determines what remains available (§4); and synthesis turns those findings into supported outputs
(§5). Learning (§6) and evaluation (§7) must then distinguish improvements in the investigation
from improvements in the answer alone.

Earlier surveys divide deep research by component or capability, including planning, question
development, web exploration and report generation [27]; query planning, information acquisition,
memory and answers [16]; or static and dynamic workflows run by one agent or several [14]. Others
emphasize capabilities and applications [28], engineering layers [29], search-agent optimization
[30], or reinforcement-learning pipelines [31]. These accounts describe the parts, but separating
memory from report generation obscures how an early choice constrains a later one. A note
that drops a cost’s price base prevents a fair comparison, however capable the writer. We
instead follow what each stage keeps and passes on (Figure 1), using a common investigation
loop to connect decisions that component-based accounts treat separately. This yields three
contributions:

• A formulation that separates observations, retained evidence and output claims (§2.2), so
a failed search can be distinguished from a lost finding or an unsupported inference.

• A comparison of methods across those stages, showing when better search, recoverable
memory and verification repair different failures, and when they trade completeness for
support.

• A synthesis of training and evaluation evidence that explains why answer rewards can
credit guesses and why outcomes, support, process and cost need separate measurement.
The remaining problems concern evidence sufficiency, transfer and evaluation of whole
investigations (§8).
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Figure 1: Search, evidence management and synthesis connect an agent’s actions to its supported output
(§3–5). Foundations establish the task, sources and investigation loop (§2); learning shapes the decisions
(§6); evaluation measures their results (§7). Gaps found while writing can reopen the search [7, 10, 24–26].

2 Foundations

Retrieval-augmented generation gives a language model external documents from which to answer
a request. Deep research builds on that goal by letting the model investigate before settling
on an output. We develop the foundations in three layers: the RAG formulation (§2.1), the
investigation loop that adapts it to extended research (§2.2), and the field’s evolution into the
design choices compared in the body (§2.3).

2.1 Retrieval-augmented generation

A retriever scores documents in the collection D against the request q with a matching function
s and keeps the k best as evidence E ((1a)). A generator with parameters θ then produces an
output y from the request and that evidence ((1b)):

E = top- kd∈D s(q, d), (1a)
y ∼ pθ(y | q, E). (1b)

The collection can be updated without retraining the generator. The generator reads the selected
documents and answers from them, so the evidence is fixed before generation begins [4]. An
investigation changes this last condition: a finding or a draft can send the system back to retrieve
again.

2.2 Deep research and the investigation loop

An investigation retains the request q and output y of RAG, but gathers and updates evidence
over successive actions. Earlier findings supply names and relations absent from the original
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request. Generating follow-up questions from intermediate answers helps with these dependencies
(Self-Ask [5]); retrieving with successive reasoning sentences finds more supporting passages and
improves the answer (IRCoT [7]). Longer inquiries extend this feedback loop to more sources
and more demanding outputs.

Requests and requirements An investigation’s requirements are what its output must
establish. Four task families make different demands. (i) Short answers and collections. A short
answer may require combining several sources [32]; a collection must also discover members and
verify their attributes [22, 33]. For the journalist’s question, finding which metro lines qualify and
establishing comparable costs are separate requirements. (ii) Judgments over conflicting evidence.
Sources may disagree because their scopes differ or because one is wrong, so the agent must
retain source-specific findings until they can be compared [34, 35]. (iii) Reports. An explanation
of costs per kilometre needs coverage, analysis and support across many claims [36, 37]. (iv)
Interactive inquiries. Clarification or a later user turn can change the requirements, while earlier
findings remain available to reuse [38, 39]. These families can combine in one investigation: a
report may contain a collection that the user later narrows.

Sources and actions The source environment determines which actions the loop can take
and what each action returns. A fixed collection supports repeatable searches over a snapshot,
either through an index or by navigating raw files (SimpleWikiSearch [40]; LENS [41]). For
time-sensitive questions, the snapshot date determines the answer: a metro line that opened
after the snapshot does not appear in it. On the live web, a search service returns ranked
snippets, while a browser opens pages and navigates their contents [42–44]. A result snippet and
a full audit report give the agent different opportunities to find the same cost. The action must
therefore be understood together with what the environment reveals in response.

Private and multimodal sources extend these actions further. Enterprise research combines
company files with public pages [36, 45], and a database query returns structured rows that
can depend on a name found on the web [46]. Visual sources add region selection and image
interpretation: a cost shown only as a bar in a chart may be absent from extracted text. An
agent may need a visual finding to construct its next text query [47], or crop and compare page
regions to read the evidence [48, 49]. Across these environments, the loop must preserve enough
of each observation’s source and scope to support later reasoning.

Actions, observations and retained evidence Before step t, the agent holds its retained
evidence Et, including findings, quotations and source addresses, often alongside a plan of open
subquestions. A policy π chooses an action at from the request q and this retained material
((2a)). Actions include searching, opening a page, querying a database, asking the user and
delegating a subtask. The environment returns an observation ot, such as a result list, page or
image region. An update rule u decides what to keep from it ((2b)):

at ∼ π(· | q, Et), (2a)
Et+1 = u(Et, at, ot). (2b)

When the policy stops after T steps, the agent writes the output y from q and the final evidence
ET . Its sequence of actions and observations is the trajectory τ . Its cost c(τ) measures the
searches, tokens, time or money spent. The investigation seeks a supported output that meets
the request at an acceptable cost:

max
π, u

E
[
Q(y, ET ) − λ c(τ)

]
. (3)

Here quality Q assesses whether y meets the requirements of q and whether ET supports its
claims; λ ≥ 0 weights cost against quality. Benchmarks approximate these demands with answer
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Table 1: Retaining uncertainty about a cost figure prompts the next search in the journalist’s investigation.

t Action at Observation ot Kept in Et+1

1 Search for the metro line to the
city’s airport

Travel guides that name the line The line’s name and the guide’s
address

2 Search for that line’s cost A news report giving one figure,
not labeled as budget or final
cost

The figure, marked as possibly
the budget, and the report’s
address

3 Open the city’s audit report A table of the approved budget
and the final cost

Both figures, their price base
and the page’s address

Output y after T = 3 steps: the final cost, set against the approved budget and citing the audit report’s
table.

references, evidence annotations and report rubrics, criteria specifying the content and analysis a
report should contain (§7).

Table 1 gives the full trace for the journalist’s question. The first search identifies the airport
line. The next returns a cost without saying whether it is the approved budget or the final figure.
Keeping that uncertainty and the source address prompts the agent to open the audit report,
which distinguishes both figures and states their price base. Keeping only the number would
leave the answer model unable to justify calling it the final cost. The update rule thus changes
which action follows and which claim the final evidence can support.

The loop does not run one way from search to writing. Drafting the comparison between two
metro lines can reveal that their costs use different price bases, which sends the agent back to
search for the adjustment. Systems that organize their evidence into a draft or an outline before
answering use this signal to find gaps and unused findings [13, 50]. A conflict between sources
can trigger another search in the same way [34], and a missing premise can add subquestions to
the plan [51] or rewrite the next query [52]. The decision to continue is therefore made inside
the loop, from what Et shows to be missing or contested (§3.4).

2.3 Evolution and design space

Early search agents alternated reasoning with retrieval or browsed through a text interface and
quoted sources [5–7, 53]. Figure 2 shows how this starting point developed into four directions of
work. Search expanded into long reasoning chains, parallel execution and delegated investigations
[8, 9, 54]. Evidence management added summaries and folded contexts, then source recovery to
restore details omitted from memory [10, 48, 55]. Synthesis grew from cited answers and outlined
articles into draft-guided research and evidence-linked arguments [12, 24, 50, 56]. Learning
moved from demonstrations to reward-trained search and joint training of cooperating agents
[25, 53, 57, 58]. Each direction changes a different part of the same loop.

We organize the design space around these four parts of an investigation. The policy π selects
actions and decides whether to continue (§3); the update rule u selects and retains their evidence
(§4); synthesis uses that evidence to construct supported outputs (§5); and learning determines
how these behaviors are obtained (§6). Evaluation measures their contributions to quality and
cost separately (§7), making it possible to tell an improved search from an improved use of the
same sources.
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Figure 2: Early search-and-browse agents developed into four connected research directions: search and
planning (§3), evidence management (§4), grounded synthesis (§5), and policy learning (§6). Each branch
traces the capabilities that expanded the investigation loop [6–10, 12, 24, 25, 48, 50, 53–58].

3 Search and planning

Search and planning determine which evidence an agent gets to see. A search may supply a
missing name, a page visit may test a candidate, and a finding may change which question comes
next. Useful actions fill a gap; others repeat known facts or follow a wrong lead. We compare
four decisions: which search or inspection action to take (§3.1); how to form and revise the plan
(§3.2); how to divide independent work (§3.3); and when to stop (§3.4). Table 2 compares how
systems combine these choices.

3.1 Search actions

A search returns previews, not evidence. The agent must still decide which pages to open, find
the relevant passage inside each one and, for an image, choose how closely to look. These steps
limit what the agent can find as much as its queries do. Treating them as actions of their own
lets an agent reach evidence that searching alone would miss.

Search and inspection The search service controls how much its previews reveal (§2.2).
Three search APIs yield similar answer accuracy, yet one exposes supporting text in its snippets
for almost twice as many questions as the others [68]. In a long audit report, the relevant
part can be a table hundreds of pages in. One approach separates an outer loop that decides
what to investigate from an inner browser loop that clicks, scrolls and extracts the relevant
content (NestBrowse [69]). Another navigates persistent views of a document collection instead
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Table 2: Search policies differ in their actions, plan updates, division of work and stopping rules.

System Actions How the plan adapts How work runs When it stops

ReAct [6] Search Wikipedia;
look up text in a page

Each thought chooses
the next action

One step at a time
over the full history

A finish action

IRCoT [7] Keyword search over
paragraphs

The latest reasoning
sentence becomes the
next query

Alternates reasoning
and retrieval, keeping
every retrieved
paragraph

An answer marker, or
a cap on steps or
paragraphs

PL-Search [59] Search; retrieve
documents; refine
them

Ordered subquestions
written before retrieval

One subquestion at a
time, carrying refined
evidence forward

The model answers
once it judges the
evidence enough

Dep-Search [60] Dense retrieval with
reranking; memory
lookups

Graph of subquestions
solved in dependency
order

One step at a time;
facts kept in a
persistent memory

An answer, or a step
budget

TreeSeeker [61] Web search; page
crawl; code

Deepens, explores,
prunes or returns
within a tree of goals

Goals whose inputs
are ready run in
parallel, each branch
with its own memory

The evidence is judged
sufficient, or a global
step cap

DAGent [62] Search; page access;
recall of an earlier
step’s full trace

Evaluates completed
steps, then grows or
revises the graph

Independent steps run
in batches and pass
short summaries to
the steps that need
them

An answer step; up to
three retries of a failed
step

Flash-Searcher
[8]

Web search; crawl and
summarize pages

Dependency graph,
revised periodically

Subtasks whose inputs
are ready, and early
probes, run in parallel
over shared state

No subtasks remain

Hybrid
DeepSearcher
[63]

Web-search API;
external summarizer

Reasoning chooses
sequential or parallel
queries

Several queries per
turn, each returned
with its summary

The model answers, or
caps on turns and calls

WebSwarm [64] Web search; page
browsing

Each node probes the
web, then searches
itself or delegates

Children run in series
or in parallel; results
pass upward, and
siblings share
experience

The parent revises or
ends the task; a step
cap

SearchOS-V1
[65]

Search, open and find;
tools for each role

Missing required fields
set task priorities and
dependencies

Each task starts as
soon as an agent is
free; agents share a
record of tasks,
evidence, coverage and
failures

The coordinator
decides; caps on
iterations, searches
and time

Enterprise DR
[66]

Public search;
connectors to
enterprise data

Dependency graph
from an outline;
limited replanning,
then fixed

Independent steps run
once their inputs are
ready, each seeing only
the outputs it depends
on

Evidence criteria set
for each step

HALT [67] The host agent’s
sentence retrieval

Keeps the host agent’s
plan; adds the claims
each hop must
establish

Host agent’s loop
unchanged; tracks
which claims are
supported

Every expected claim
is supported, or the
host’s cap

of repeatedly submitting searches (AtlasNav [70]). The latter targets a substantial failure on
BrowseComp-Plus, a fixed-corpus investigation benchmark: about three quarters of the previous
best system’s wrong answers involved evidence lost before it was fully located. These approaches
make locating the relevant passage an explicit part of the action, so retrieving a document is
followed by finding the evidence inside it.
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Visual acquisition Visual inspection adds a choice of resolution and region. To read the
audit report’s cost chart, the agent must locate the page and then enlarge the labels. A page-
level overview helps choose where to spend this effort: looking at thumbnails before fetching
full-resolution pages improves accuracy (Doc-V* [71]). Within a page, cropping and zooming let
an agent test a region and return to an earlier reasoning step when the crop is unhelpful (VISOR
[72]). On the web, these operations can be combined with text, image and reverse-image search
(Visual-Seeker [73]).

Inspection also depends on whether the question describes the target page directly. In one
comparison, a visual retriever ranks directly described pages first 97.5% of the time, but only 2.5%
when two intermediate pages are needed. Iterative agents recover much of this loss, ranking the
target first 67.5% of the time with page images versus 37.5% with extracted text [74]. Following
intermediate clues and reading the original image together make evidence reachable that direct
matching misses.

3.2 Adaptive planning

A plan records the subquestions needed for an answer and their dependencies. Compare “What
did metro Line A cost to build?” with “What did the metro line to the city’s airport cost to
build?” The first names the search target; the second needs its identity established first, unless
the model already knows it. A collection adds subquestions only as new metro lines are discovered.
Planning methods differ in whether these steps remain implicit in reasoning, are recorded and
checked, or grow into alternative paths. User clarification can change the requirements on which
any of these plans rests.

Interleaved reasoning and retrieval An implicit plan lets the model interpret each obser-
vation and choose its next action in free-form reasoning (ReAct [6]). This improves on acting
without reasoning, but retrieval failures can erase the benefit: on HotpotQA, a multi-document
question-answering benchmark, the approach falls slightly behind reasoning without search.
Reasoning models extend the same mechanism over longer chains, summarizing search results
into their reasoning (Search-o1 [54]) or drafting parts of a report along the way (WebThinker
[75]). The original request can then anchor a search that starts to drift. On legal and regulatory
documents, searching with the original question alongside its first rewrite counters drift, while
deleting unhelpful passages prevents early stops caused by a full context [76]. Free-form reasoning
supports flexible follow-ups, and retaining the original question keeps that flexibility directed at
the user’s task.

Plans and support checks Recording the plan makes a failed step easier to identify. Ordered
subquestions tie searches to the requirement they serve and reduce drift (PL-Search [59]). A
more local check states a goal before each search, tests whether the results meet it, and rewrites
an unsuccessful query; this improves robustness to misleading results and small question changes
(RE-Searcher [77]). Recording dependencies addresses repeated work instead: a later step can
reuse a fact already held in memory (Dep-Search [60]). Each record catches a different failure:
(i) a subquestion sequence counters drift; (ii) per-search goals expose failed retrieval; and (iii)
dependencies reveal work that can be reused.

Alternative paths and growing graphs An early wrong turn becomes expensive when
later searches depend on it. A search for the airport line might return both a metro line and a
separate airport rail link. Committing to the rail link sends later cost searches toward the wrong
project. Exploring competing hypotheses before committing raises success by 13 points over
a single trajectory on a small BrowseComp subset, with fewer calls than majority voting over
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complete trajectories (HypoSearch [78]). A search tree adds a way to return to earlier alternatives,
recording each branch’s findings and deciding whether to deepen, explore or prune it (TreeSeeker
[61]). Dependency graphs instead record which results later steps need. Evaluating completed
steps before growing such a graph improves accuracy and reduces calls relative to planning the
full graph first and patching it (DAGent [62]). Even a single query benefits from conditional
decomposition: splitting it only when retrieved passages fail to answer it beats iterative retrieval
at matched model calls and lower cost (Hi-Q [79]). Across these designs, tested findings guide
the next expansion more effectively than a plan fixed before retrieval.

Clarification and user steering Some planning errors require the user’s help. Two cost
figures may count different things, revealing that the journalist never specified whether trains
and stations belong in the total. In search benchmarks with a simulated user, models ask useful
clarifying questions once they notice the ambiguity, but often fail to notice it. Prompting them
to watch for ambiguity raises average detection F1 from 45% to 65%; without that prompt, the
strongest model answers only 43% of questions correctly end to end (DiscoBench [80]). User
input can enter before or during research. An agent can consult user history and ask questions
until it has a workable brief (G-STEER [81]), while an interactive interface lets the user revise
retrieval directions and candidate sources before synthesis (FootprintRAG [82]). Clarification
improves the target of the plan; steering improves the evidence collected for it.

3.3 Parallel and multi-agent search

The journalist’s question contains both dependent and independent searches. The agent needs
the names of the metro lines before looking up their costs, but the cost searches can run at the
same time. We distinguish the dependency graph, the execution schedule, and the division of
reasoning between a controller and workers (Figure 3). Concurrency changes when actions run;
delegation also changes who reasons over their results and what returns to the coordinator.

Concurrent actions One controller can run independent searches concurrently while keeping
the reasoning in one place. Executing a model-written query graph in parallel and returning
tagged results uses about 70% fewer context tokens and half the latency of compared multi-agent
frameworks (R-Search [83]). Revising a graph during execution and starting early probes before
all prerequisites finish also reduces time relative to a baseline agent framework (Flash-Searcher
[8]). Parallelism can also widen a search rather than only shorten it. Alternating broad query
expansion and aggregation with sequential reasoning keeps improving as more turns or calls
become available [63], and searching several visual entities in one round provides a similar benefit
[85]. Independent attempts need different starting points to gain this breadth: choosing diverse
first queries raises multi-hop accuracy by 5 to 7 points at matched computation [86]. Concurrent
searches save time when their inputs are ready and improve discovery when they pursue different
evidence.

Delegation and shared progress Delegation gives a subtask its own reasoning process and
context, then returns selected findings to a coordinator. A worker for each city could find the
metro lines it opened since 2015 and their costs. The hierarchy can grow with task breadth
(WideSeek [9]), let each worker decide whether to delegate further (WebSwarm [64]), or separate
parallel retrieval from aggregation (A-MapReduce [87]). Communication determines how much of
the resulting work the coordinator must read. Keeping tool traces private and returning concise
results makes one system three to five times faster than compared commercial deep research
agents (InfoSeeker [84]). A shared record of tasks, evidence and failures instead helps workers
avoid repeated searches (SearchOS-V1 [65]). Private contexts reduce what the coordinator reads;
shared progress records reduce what the team repeats.

9



Figure 3: The same search dependencies permit different schedules and divisions of reasoning. Left,
prerequisites; middle, sequential or concurrent execution; right, one controller or delegated workers [7, 8,
83, 84].

Choosing the subproblems accounts for much of delegation’s benefit in a controlled comparison.
With answer generation held fixed, separating delegation from execution raises exact match by 4.5
to 8.6 points over one shared search context. Scaling the delegating model adds about 11 points,
versus about 2.6 for scaling the executor. A smaller executor trained on filtered demonstrations
also matches the frontier executor with 37% fewer tokens [88]. For these tasks, model capacity is
better spent deciding what workers should investigate than making every worker larger.

3.4 Search budgets and stopping

A stopping decision weighs the cost of another action against the chance of finding needed
evidence, the trade-off in Eq. (3). Agents both over-search and stop too soon. On one open
training set, successful trajectories average about 85 searches although the answer first appears
around the ninth [20]. On questions an agent under-searched, requiring evidence for every hop
doubles exact match [67]. We distinguish hard resource limits, checks against known requirements,
and judgments about whether further searches will add useful evidence.

Cost budgets A hard cap bounds resource use, so budget methods try to spend each available
action where it helps most. Giving an agent its remaining search and token allowances improves
its allocation, though returns diminish as the search allowance grows (BCAS [89]). A controller
can rank actions by expected value under the remaining budget [90], or divide retrieval between
untested subqueries and ones that previously found useful material [91]. The amount of text
returned also consumes the budget. Coarse-to-fine retrieval through a document hierarchy raises
accuracy on BrowseComp-Plus from 44% to 67% (BEAR [92]), while jointly learning when to stop
and how much detail to expose adds about 9 points over an answer reward alone (DeepControl
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[93]). A useful budget policy allocates both actions and reading effort, rather than treating every
search as equally costly and informative.

Task-relative completion When the required facts are known, the agent can check them
directly. HALT turns a multi-hop question into claims and stops the host agent once retrieved
sentences support each one [67]. It cuts loops with at most a 2-point loss in exact match in five
of six settings, while the same check extends searches that stopped too early. Enterprise agents
similarly write termination criteria for each outline step [66]; a record of confirmed facts, missing
information and conflicts helps preserve these criteria during the search [94]. Completion depends
on decisive support, rather than the volume read. One audit table can settle the journalist’s
cost question, just as a few visual clues can settle a misleading video’s claim under a limited
acquisition budget [95]. Checking the required claims lets an agent stop after a small amount of
evidence when that evidence answers the question.

Stopping under uncertain judgments Collections make this check harder because some
required members have not yet been discovered. When new searches return only metro lines
already found, the search looks exhausted, but the collection may still be incomplete. Controllers
therefore track both remaining gaps and the yield of new searches. Tracking requirement
coverage, new documents, query variation and drift saves about 14 searches per question on
BrowseComp-Plus while improving accuracy (RAAC [96]). A record of support, gaps and conflicts
can likewise guide a choice between searching, rewriting, verifying and answering with fewer
tokens (BELIEFRAG [97]). These signals do more than asking a judge whether the evidence
looks sufficient. In a trained search policy, 27% of searches occur after the answer is reachable,
yet a sufficiency judge removes only 3.7% of calls and costs some exact match [98]. Stopping
improves when the controller checks what remains unanswered and whether its searches still add
evidence.

4 Evidence management

Evidence management turns an observation ot into retained evidence Et+1. Keeping everything
carries noise into later steps; keeping too little can discard a condition the answer needs. For
example, a cost without its price base cannot support a fair comparison with another metro line.
We distinguish selection, which decides what to admit and how to label it (§4.1), from context
management, which keeps admitted evidence usable beyond the context window (§4.2). Table 3
compares the retained material, update timing and routes back to original sources.

4.1 Evidence selection

A passage that matches the question is not always worth keeping. It may repeat something the
agent already knows, give a figure for a different project, or come from an unreliable source. The
agent should therefore judge each passage by what it adds to the answer, not by how well it
matches. That depends on three things: whether the passage answers something still open, what
exactly it claims, and whether its source can be trusted.

Requirement-aware selection Selection should favor a passage that fills an unanswered
requirement over another copy of a known fact. Three news reports repeating the approved
budget leave the final cost unanswered. For example, LineageRAG records which requirement
retrieved each passage and selects a set that covers different requirements [99]. It also gives the
answer model verbatim spans; this improves exact match on MuSiQue by about 6 points without
changing the retrieved passages. Region selection can also improve support without changing the
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answer much: in raw documents, it greatly improves evidence recovery and citation while giving
similar answer accuracy to an iterative agent [41]. Selection improves both the set’s coverage
and the inspectability of its support, even when the final answer score changes little.

Support, conflict and scope A selected passage must retain what it is about and whether it
supports or conflicts with a claim. A budget differs from a final cost without contradicting it.
Two different final costs may conflict, but only if they concern the same project and scope. Claim
graphs make this distinction explicit by linking quoted spans to the claims they support or oppose.
In EviGraph, a verifier assigns these links, another role proposes updates, and deterministic
checks keep the graph consistent [100]. Separating the roles raises accuracy on BrowseComp-Plus
from 2.7% to 26.9%, partly by preventing premature stopping; reinforcement learning raises
it further to 35.9%. Admission checks can enforce scope before a claim is assessed. A clinical
verifier admits a record only after matching the patient, occurrence and original source, and
makes no false support claims when the required evidence is removed [101]. The equivalent cost
check preserves which metro line or extension the figure covers and whether trains are included.
Recording scope before support prevents unlike figures from being treated as comparable evidence.

Visual evidence For visual evidence, selection also allocates image detail. An agent can admit
pages that answer open requirements, penalize redundant ones, condense resolved observations
and reserve high resolution for regions needing closer inspection. On questions requiring at least
four searches, this raises accuracy from 46% to 74% while cutting images sent to the model
from about 93 to 15 per question (TAEC [102]). For the audit report, the chart needs full detail
while its labels are being read; afterwards a value with its scope and source pointer can carry
the finding forward. Selecting detail by the unresolved question reduces visual context without
discarding the information the answer still needs.

Credibility and selection effects A page can match the question while giving an outdated
or fabricated cost. Relevance alone gives the agent no reason to trust the figure. Giving a
fact-checking model publisher backgrounds helps it weigh conflicting evidence, especially when
the answer stage explicitly reasons about source reliability [103]. Plausible methodology can
nevertheless overpower a clear defect: when sources are combined, a source with impossible
statistics retains about 79% of the influence it has with valid statistics, even though models
detect the fabrication in isolation [104]. Source assessment therefore has to affect synthesis,
rather than remain a separate judgment that the writer ignores.

The agent’s own selection also biases the evidence it sees. If highly ranked pages mostly report
overruns, reading only those pages can inflate the estimated frequency of overruns. Logging each
document’s probability of being opened lets an auditor reweight the read pages toward the full
candidate pool. For a public deep research agent, this reduces error against that pool’s conclusion
by 60% (CESS [105]). This correction addresses the agent’s choice within the pool; assessing
publishers addresses the credibility of the pool’s contents. Both matter before agreement among
selected pages is treated as evidence of consensus.

4.2 Context management

The raw history includes navigation text, repeated passages and abandoned reasoning alongside
useful findings. Context-management methods differ in when they compress this history, what
replaces it and whether an original source remains recoverable. Figure 4 illustrates recovery. A
note may preserve a finding f , such as the final cost, while dropping a source detail d, such as its
price base. A page address lets the agent recover that detail before comparing costs.
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Figure 4: A source address lets a compact note recover omitted detail. The note keeps finding f ;
reopening the page or region restores detail d for the answer (top), while a note alone leaves it unavailable
(bottom) [48].

Summarization and revision A summary replaces the accumulated history with the question
and a compact account of progress. This lets an agent search beyond its context limit, and
training on summarized trajectories improves the gain over adding summaries only at test time
(ReSum [10]). Timing compression to the remaining context budget can even let a much smaller
model with a shorter context outperform a larger one on BrowseComp-Plus (ContextBudget
[106]). Updating the summary matters as much as producing it. Rewriting memory and the
objective checklist when progress stalls or findings conflict improves accuracy by up to 11 points
over passive compression (ARC [107]). If a later page identifies a recorded cost as a budget, the
note must replace that assumption. A useful summary preserves current evidence rather than
accumulating every earlier belief.

Isolation and folding Isolated contexts keep detailed work out of the main history before it
needs compression. A tool or subtask returns findings and source identifiers while its intermediate
deliberation stays private. On GAIA, a general-assistant benchmark, this raises accuracy from
12% to 33% without substantially more tokens or calls (HyMem [108]). Folding goes further
by replacing a completed branch with a short return message and discarding its trace. Trained
folding outperforms standard reinforcement learning on BrowseComp-Plus despite using about a
tenth of the active context, 62% versus 54% (Context-Folding [11]). The same operation can
condense one interaction or a resolved sequence of steps (AgentFold [55]). These designs choose
the unit of compression to match completed work. Folding each capital’s search into its returned
rows keeps the coordinator focused on the collection rather than every page visit.

Source recovery Keeping source addresses lets the agent recover details omitted by compres-
sion. A visual agent can store findings with page identifiers and crop coordinates, then reload
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Table 3: Evidence stores differ in what they retain, when they change and whether sources can be
reopened.

System Retained material When it updates Source recovery

ReSum
[10]

Goal-oriented summary Periodic summary calls Only the sources the
summary names

ARC
[107]

Checklist, interaction
memory, latest raw turn

Each turn; rewrite when
progress stalls or contradicts
itself

None beyond the latest turn

HyMem
[108]

Findings returned by
isolated subtasks; records of
past episodes, current work
and tool results

Planner folds a subtask, or a
context or activity threshold
is reached

Source IDs kept with
findings; raw observations
deleted

AgentFold
[55]

Summary blocks; latest raw
interaction

Each step: condense it or
merge a resolved range

None reported

Context-
Folding
[11]

Main thread; each subtask’s
return message

Subtask ends with a return
action

None; the subtask’s trace is
removed

SCORE
[48]

Observation summaries and
image pointers

Each relevant observation;
final reload

Reloads original images by
page and crop pointer

DocAtlas
[109]

Notes tied to pages;
annotated document tree

Agent writes notes; read
pages can be archived

Fetches the original pages or
the notes on demand

EviGraph
[100]

Claims, quoted spans,
support and conflict edges

Proposed updates pass a
validator

Source ID, quote and its
position when available

LineageRAG
[99]

Which requirement retrieved
each passage; verbatim span

Retrieval per requirement,
joint selection, grounding

Requirement IDs, retrieval
ranks, verbatim spans

Masking study
[19]

Reasoning, actions, recent
observations

Observations older than five
turns are masked

Masked pages stay in a pool
the agent can reopen

the original images for final selection and answering; both admission to the ledger and reloading
improve accuracy (SCORE [48]). A document agent can similarly keep page-linked notes apart
from bulky pages and fetch either on demand (DocAtlas [109]). The shared mechanism is a
compact finding attached to a recoverable original. It lets the agent recover a price base omitted
from the note without repeating the search that found the audit report.

When pruning helps Pruning tests whether an agent still benefits from older observations.
In a controlled study, observations older than five turns are masked while their pages remain
available to reopen [19]. With a weak retriever, pruning improves accuracy by 6 to 7 points across
models: removing neglected text frees room for additional searches. With a strong retriever, the
result depends on the model. A mid-sized model gains about 12 points on BrowseComp-Plus,
while the strongest models lose about 1 point there and 5 on live-web GAIA. These models were
still using the evidence that masking removed. Pruning helps when old text mainly consumes
context, and harms when the model can already select and combine its useful content.

5 Grounded synthesis

Synthesis must turn retained evidence ET into a supported and complete output y. These
demands can fail separately: a report can cite real pages for claims they never make, or support
every sentence while omitting part of the request. Fluent prose hides both. In a benchmark
that checks the evidence and intermediate claims behind conclusions, models succeed only 4 to
12% of the time, mainly failing to identify evidence or build the intermediate claims [110]. We
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distinguish choosing and verifying answers (§5.1), organizing and revising reports (§5.2), and
preserving support through citations (§5.3).

5.1 Answer synthesis and verification

An agent should accept an answer only when the evidence supports it, not when several attempts
happen to agree on it. Checking the evidence one condition or premise at a time shows exactly
which support is missing. The agent can then search for that support or claim less, for example
by reporting a conflict instead of picking one side.

Candidate-specific verification Candidate verification checks each condition rather than
choosing the most plausible answer. Invert the journalist’s question to ask for one metro line:
“Which metro line ended up costing more than twice its budget?” Add that the line must have
opened in a European city since 2015, and different searches return candidates that meet only
some of these conditions. FineVerify classifies each candidate’s conditions as supported, not
found or contradicted and then applies explicit selection rules [111]. It beats majority voting
by 11 points on BrowseComp-Plus, and counting only supported conditions works better than
scores assigned by the model itself. Compressing trajectories into each candidate’s supporting
evidence, conflicting evidence and reasoning gives a verifier a more focused comparison (STEC
[112]). Both approaches replace agreement among sampled answers with a comparison of the
evidence for each candidate.

Complete answer sets For a collection, verification must remove false members while retaining
every true one. A tram, or a metro line opened in 2014, should be rejected; a qualifying metro line
should stay. One approach collects candidates from passages read independently, then generates
questions to verify each candidate against more text from the retrieved pool (RI2VER [113]).
This raises precision and set F1 for both tested answer models, but removes correct members too.
Most of the correct members dropped were generated from partial evidence or model knowledge,
with no retrieved passage to confirm them. Verification makes these missing sources visible.
Recovering the members with support requires additional retrieval rather than a more permissive
acceptance rule.

Identity and ambiguity complicate completeness further. About half the apparent false
positives in the answer-set study are answers the annotations miss, name differently or record at
another granularity [113]. A metro line’s construction name and opening-day service name can
otherwise become two rows for one project. Ambiguity changes membership rather than naming:
a metro line opened in stages from 2014 to 2017 qualifies under one reading of “since 2015” and
not another. On ambiguous multi-hop questions, models retain precision above about 70% but
recover far fewer correct answers [114]. Complete sets require both resolving duplicate identities
and covering the different readings of the request.

Aggregation and adjudication Aggregation connects findings into an argument. Explaining
cost per kilometre requires joining each metro line’s cost and length before relating that quantity
to factors such as tunnelling. Evidence can be combined bottom-up through a tree, with sibling
subquestions sharing findings [51], or organized into claim-linked chains from which sections
are written (DeepWeaver [50]). The latter improves completeness and detail over writing from
the full source pool. The next check is whether every premise is present. Models can fill gaps
from memory and call the conclusion supported; explicitly testing whether the supplied evidence
entails it catches more such cases [115]. A cost comparison that silently assumes a common price
base has this missing-premise error. Linking the conclusion to its premises makes the required
adjustment visible.
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When sources disagree, adjudication determines what the conflict permits the answer to
say. Keeping source-specific candidates separate exposes conflicts before they disappear into
a summary (§2.2). A verifier can then request another search only where the conflict remains.
Alternating search with a decision to verify or stop matches strong fact-checking frameworks
at much lower model and search cost (FIRE [116]). Splitting reasoning and search between
jointly trained agents instead makes each factual subquestion a traceable step in the verdict
(HARIS [117]). A verifier can also report supported, conflicting, refuted or insufficient evidence
instead of forcing a yes-or-no conclusion [101]. For disputed costs, these designs support either
an explanation of different scopes or an explicit unresolved conflict, rather than an unjustified
single figure.

5.2 Report generation

A report organizes supported claims into an explanation. Its structure can be set after initial
research, revised alongside the evidence, or changed by gaps found during drafting. For the
metro report, sections on tunnelling, procurement and wages may be planned first; a later
comparison may reveal that land acquisition needs separate treatment. We compare these points
of interaction between research and writing, then examine consistency and preservation during
revision.

Research before drafting Research before drafting can give an outline a broader basis.
STORM first collects perspectives from related articles, then stages conversations in which
writers question experts answering from search results [24]. Only afterwards does it outline and
write the article. In the metro report, engineering, procurement and economics perspectives
would prompt different searches. Experienced Wikipedia editors judge the resulting articles well
organized 25 percentage points more often than an outline-driven retrieval baseline. Linking
evidence to the outline also narrows each section’s writing context: a section-by-section writer
beats one given the whole evidence bank on every report-quality measure tested (WebWeaver
[13]). Broad research and focused writing serve different purposes. The first expands what the
report can cover; the second keeps each section tied to its own support.

Revising knowledge and outlines An outline can look complete while leaving an explanatory
relation untested. A section about tunnelling may never connect tunnel share to cost per kilometre.
A knowledge graph records findings and their relations. Keeping this graph beside the outline
makes weak relations and disconnected findings explicit search targets. Compared with using
an outline alone, this improves report quality and the number of supported citations, despite
a slightly lower fraction of citations supporting their statements (DualGraph [118]). Another
approach scores proposed outline changes by their contribution to retrieval, organization and
a trial draft (ScaffoldAgent [119]). Both revise structure in response to evidence. A separate
knowledge record is especially useful when the missing element is a relation between findings
rather than another heading.

Draft-driven research A draft makes evidence needs concrete at the point of use. Claiming
that greater tunnel share explains higher cost per kilometre requires the tunnel share for each
metro line; if it is missing, the writer has a precise search target. At sentence scale, a model
can retrieve with a provisional next sentence and regenerate it after checking uncertain content
(FLARE [120]). The same feedback can change a report’s structure: inspecting successive drafts
and adding research subsections improves quality until gains level off at about nine iterations.
Reinforcement learning teaches agents to stop near that point, while imitation alone stops too
early (AgentCPM-Report [121]). Whole-report revision combined with generating, critiquing and
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merging alternatives also improves preference win rate against a commercial agent (TTD-DR
[12]). Drafts turn an intention to cover a topic into specific claims whose missing evidence can
be searched for.

Consistency across sections and figures Consistency requires each section and figure to
use compatible terms and support the same argument. A survey generator can store prior text
and terminology, schedule sections by their dependencies, and revise the unwritten plan from
that record (SurveyGen-I [122]). Figures need a corresponding connection to claims. A report
agent can filter decorative images, rank source figures against the outline and route each figure
to the section whose claim it supports (ViDR [123]). This produces reports containing original
charts that earlier multimodal systems rarely included. Checking that a visual element supplies
evidence also separates it from decoration [124]. A shared account of the report’s claims gives
both text and figures a reason to be included and a basis for consistency checks.

Preservation during revision Revision must preserve established coverage and support while
adding the requested change. Suppose the journalist asks for a section on land acquisition after
reading the report. Agents carry out over 90% of requested changes in one study but damage
16 to 27% of previously covered content, even under formatting feedback [18]. Four rounds
leave coverage 9 to 26 points below what preserving earlier successes would achieve. Citation
support is especially fragile: one system loses up to 67 points in the fraction of cited claims its
sources support. Localized edit prompts or a dedicated reviser reduce the damage, and a reviser
turns one system’s coverage loss into a gain, though citation support still falls. Current revision
methods therefore need checks on the claims and citations outside the requested edit, as well as
a check that the edit was made.

5.3 Citation grounding

Citation grounding connects statements to inspectable support. Three conditions matter: (i)
the cited source exists and can be reached; (ii) it supports the attached statement; and (iii)
statements needing support carry citations. Citation precision is the fraction of citations that
support their attached statement. Citation recall is the fraction of statements fully supported by
their citations [56]. A topical page that never states the claim can reduce both. Correctness and
support can also move in opposite directions: replacing full passages with summaries can improve
correctness while lowering citation precision [56]. We compare source availability, constraints
and repair during writing, and preservation of support across agents.

Availability and support Source checking can repair unavailable links, but support requires
reading the source. In one comparison, about 11% of deep research agents’ URLs are hallucinated
versus about 5% for search-augmented models. Checking live responses and archives and returning
the result to the agent cuts non-resolving citations below 1% [125]. Yet another study finds
citation precision of only 39 to 77% even though more than 94% of links resolve and more than
80% match the topic. Increasing the call limit from 2 to 150 lowers citation precision by 42
percentage points on average across two agents [17]. Link repair solves availability; additional
source inspection must establish whether the working page supports the claim.

Evidence-constrained generation and repair Support checks can constrain writing at
three stages. (i) Before generation, assigning papers or claim–evidence records to sections limits
what each writer can cite [38, 126, 127]. (ii) During generation, a model can infer what a
sentence needs, search for a paper, check support and rewrite the query when it fails. Training
this sequence lets a compact model recover authors’ cited papers more accurately than a much
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larger model (ReCite [128]). (iii) After generation, breaking sentences into atomic facts permits
checking each against its reference and revising unsupported content (Wyvern [129]). Visual
citations can undergo an analogous check at region level; rewarding correct bounding boxes also
improves answer accuracy (MCite-RL [130]). The stages complement one another: restricting
the evidence reduces unsupported choices, checking while writing tests proposed claims, and
repair catches what remains.

Support through intermediate agents A coordinator can strengthen a worker’s finding
beyond what its citation supports. A note saying that final cost exceeded budget can become
a claim that it doubled. In one multi-agent system, 85% of final-report errors originate in the
coordinator, about a third of those being hallucinations. Giving the coordinator raw snippets
instead of synthesized notes, or instructing it to avoid uncited information, raises citation recall
by 5 points and precision by 3 to 7 without lowering report quality [131]. Preserving the source
text at this hand-off helps the coordinator retain the strength of the original claim.

The opposite failure is evidence that affects the answer but disappears from its citations.
Graph-based agents may visit 10 to 12 entities while citing about two. In a small controlled
ablation, masking the visited but uncited text lowers accuracy [132]. Checking cited statements
alone misses this dependence. A trace linking sources, intermediate findings and final claims is
needed to inspect both unsupported strengthening and omitted attribution.

6 Learning investigative policies

Training shapes how the policy searches and how it keeps evidence, but the learning signal often
sees only the final answer. A reward on a whole trajectory τ does not identify which action at

helped. Nor does answer matching check whether retained evidence supports the answer, as the
quality term Q(y, ET ) requires. A remembered cost can earn the same reward as a figure found
in the audit report. Most recipes first imitate demonstrations and then optimize rewards through
reinforcement learning (RL) [133, 134]. We compare the tasks and demonstrations used for
imitation (§6.1), the rewards used for optimization (§6.2), and the environments that determine
which investigations can be learned (§6.3).

6.1 Training data and supervised learning

A policy trained by imitation copies what its demonstrations show, shortcuts included. A
demonstration that names the answer from memory, or finds it on the first page, teaches little
about how to search. Supervised learning therefore depends on two choices: which demonstrations
to train on, and which questions they answer. The best questions cannot be answered without
finding new evidence.

Demonstrations and trajectory curation Supervised fine-tuning (SFT) teaches a policy
to imitate actions from demonstrations. Early browsing work used human demonstrations
and answer preferences; choosing among sampled answers with a learned reward model helped
more than further RL (WebGPT [53]). Later pipelines use stronger model teachers and select
demonstrations for diverse queries, useful retrieval and short successful paths. With this curation,
871 examples suffice to outperform compared RL-trained search agents (SimpleDeepSearcher
[135]). Training on preferred pairs of existing trajectories can then improve on imitation alone
without generating new trajectories through online RL (OffSeeker [136]). Carefully selected
demonstrations make small supervised datasets effective, and offline preference training can refine
the behavior they teach.
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A teacher can receive cleaner information than the student will see. For example, it can choose
actions from retrospectively summarized observations while the student learns those actions from
the raw history. Training on these paired views outperforms an industrial RL-trained agent on
a Chinese browsing benchmark (OpenSeeker [137]). A related approach distills a supervisor’s
feedback to several agents into one agent’s own reflections (ProductResearch [138]). Both turn
guidance available during data construction into behavior the student can reproduce without
that guidance at test time.

Constructing search difficulty Synthetic questions determine which search dependencies
the policy learns. Some pipelines set difficulty by construction, replacing a known entity with a
description that requires another lookup (WebShaper [139]) or shortening clues until the target
is harder to retrieve (WebExplorer [140]). A metro line’s name, for instance, can be replaced by
“the metro line that opened the year the city hosted a summit.” Other pipelines use a solver’s
success to adjust difficulty (SAGE [141]), or train question proposers and solvers together without
human-written questions (Dr. Zero [142]). Construction controls the intended dependency; solver
feedback tests whether the resulting question actually requires it.

Shortcuts can defeat that intended dependency. If one page states both the summit year
and the cost, the nominally multi-hop question needs one search; a memorized cost needs none.
In one open training set, about a third of successful trajectories name the answer before any
retrieved page contains it [20]. Building tasks from long-tail entities, different source types and
obscured constants, then refining them adversarially, delays when the answer becomes available.
SFT on this data outperforms comparable open agents on several deep-search benchmarks
(FORT-Searcher [20]). Useful search difficulty comes from evidence the agent must acquire,
rather than the number of hops written into the question.

Reconstructing process supervision Finished reports can supply training targets for
decisions their prose leaves implicit. One approach reconstructs searches and readings that could
have produced an expert document, filtering for faithfulness, grounding and consistency. Training
on these reconstructions doubles accuracy on a literature question-answering benchmark, from
20% to 40%, while making the agent more likely to read after searching and stop after reading
(RetroGen [143]). Reconstructing the process teaches when to inspect and when to stop, in
addition to what a good final report says.

Supervised learning versus RL Matched tasks show what RL adds beyond imitation. On
the same synthetic questions, RL raises GAIA accuracy by 13.5 points over SFT alone [139].
Curated supervised and offline recipes also match or beat separately trained RL agents [135–137].
RL provides a demonstrated gain within the matched recipe, while the offline results show that
data selection can also produce competitive search policies.

6.2 Reinforcement learning

RL lets a policy try investigations that no demonstration showed, and the reward decides which
ones it learns to repeat. The simplest reward checks only the final answer. Others also score the
plan, the individual searches or the content of a report. In a comparison that changes only the
reward, crediting individual actions changes how agents search but does not consistently improve
their answers.

Outcome supervision A reward on final-answer correctness can teach search without labeled
reasoning steps. It trains a model to pause reasoning for retrieval (Search-R1 [25]), while
rewarding tool use and format before answer quality provides a staged route to the same behavior
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(R1-Searcher [144]). In one multi-hop setting, outcome-reward training triples the exact match
of prompted interleaved retrieval and elicits query correction without explicit process labels
(ReSearch [145]). The reward’s success still depends on the evidence available. In a widely used
setup, the corpus lacks supporting documents for 3,321 of 9,000 questions, yet the agent answers
about half of those correctly at least once. The 866 questions on which only some attempts
succeed continue to generate a learning signal. For roughly a tenth of the training set, that signal
rewards answers the corpus cannot support [146]. Repairing this mismatch requires changing the
corpus as well as the reward (§6.3).

Module-specific credit Separate planner and executor training distinguishes a bad plan
from a failed search. A plan to identify the airport line before finding its cost remains sound if
the cost lookup fails. Training execution by imitation and the planner with a reward on valid
subquestions raises one small model’s exact match from 13.4% to 23.5% and then 33.5%. An
untrained planner instead slightly lowers the small model’s score and helps its larger counterpart
only modestly (APEX-Searcher [147]). Reference subquestions make that planner reward possible.
An executable graph can instead be scored for structure, search quality, coverage and synthesis,
avoiding reference decompositions (DecomposeR [148]). Both designs give planning its own
feedback, so an executor’s failure does not obscure whether the chosen subproblems were useful.

Search and evidence credit Intermediate rewards address the mismatch between a trajec-
tory’s final outcome and its useful steps. One analysis finds no evidence in 83.5% of successful
trajectories’ steps, while 7% of failed trajectories’ steps find useful information [149]. Three
approaches assign finer credit. (i) Penalize wasted search. Comparing steps with better trajecto-
ries and penalizing redundant retrieval cuts searches by about 30% (LeTS [150]). (ii) Reward
recovered support. Scoring entities, citations and complete evidence chains discourages shortcuts
(CaRR [151]). (iii) Trace useful sources to actions. Following supported answer citations back to
the actions that first retrieved their documents credits those actions (STAMP [149]). The third
approach credits finding the audit report even if later actions did the writing; the second checks
whether the evidence chain is complete.

Citing a retrieved page can itself become a shortcut if the answer never uses its content.
Perturbing cited evidence tests that dependence directly: a policy must cite evidence identifiers
and change its answer appropriately when that evidence changes (Proof-of-Use [152]). Together
with evidence-chain and source-tracing rewards, this moves credit from the mere occurrence of
a tool call toward what the action found and what the answer used. These rewards improve
on outcome-only training in their respective experiments; controlled comparisons are needed to
distinguish their mechanisms from differences in tasks and tools.

Report rewards Report training uses rubrics to reward coverage and analysis that one
reference string cannot express. A metro-cost rubric might require a common price base, an
explanation of tunnelling and support for each final cost. Rubrics can evolve with the policy’s
search results and failure modes, retaining criteria that distinguish better reports. A compact
model trained this way outscores a commercial agent on a scientific question-answering benchmark
at far lower query cost (DR Tulu [153]). Alternatively, constructing a question and rubric from
an evidence tree fixes the requirements in advance and reaches comparable results with about 13
times fewer RL GPU-hours (DeepRubric [154]). Evolving rubrics follow what the policy discovers;
fixed evidence-derived rubrics provide a stable target at lower training cost in this comparison.

Controlled reward comparisons Controlled comparisons hold the tasks, models and tools
fixed while changing the reward. Table 4 compares four methods under five model and tool-call
settings [146]: (i) a final-outcome reward (Search-R1); (ii) credit from similar states across
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Table 4: Controlled reward comparisons favor the outcome reward in three of five settings; corpus repair
improves every method in the paired setting [146].

Method Training corpus Avg. EM (%) Search turns

Qwen3-8B; Hermes
Search-R1 Wiki-fixed 49.49 1.72
Search-R1 Wiki-18 43.69 2.23
GiGPO Wiki-fixed 47.23 1.62
GiGPO Wiki-18 44.11 1.38
IGPO Wiki-fixed 49.12 2.99
IGPO Wiki-18 43.70 1.67
Tree-GRPO Wiki-fixed 44.63 2.07
Tree-GRPO Wiki-18 42.57 1.79

Qwen2.5-7B-Instruct; Hermes
Search-R1 Wiki-fixed 45.20 2.09
GiGPO Wiki-fixed 44.58 1.58
IGPO Wiki-fixed 33.77 2.72
Tree-GRPO Wiki-fixed 41.81 2.01

Qwen3-8B; Search-R1 format
Search-R1 Wiki-fixed 42.40 2.13
GiGPO Wiki-fixed 45.44 1.61
IGPO Wiki-fixed 42.87 1.92
Tree-GRPO Wiki-fixed 44.87 2.08

Qwen2.5-7B-Instruct; Search-R1 format
Search-R1 Wiki-fixed 39.60 2.11
GiGPO Wiki-fixed 41.21 1.67
IGPO Wiki-fixed 38.13 2.01
Tree-GRPO Wiki-fixed 41.26 1.88

Qwen2.5-7B-Base; Search-R1 format
Search-R1 Wiki-fixed 45.52 1.99
GiGPO Wiki-fixed 43.54 1.61
IGPO Wiki-fixed 29.70 1.00
Tree-GRPO Wiki-fixed 40.53 1.74
Scores use the repaired corpus (Wiki-fixed) at evaluation. Only the first model–format setting was trained on
both the original corpus (Wiki-18) and Wiki-fixed. EM is exact match (§7.1), averaged over four sampled answers
per question and then across HotpotQA, 2WikiMultihopQA, MuSiQue, Bamboogle and PopQA. Turns are mean
search turns. All settings share the question pool and four-call limit.

trajectories (GiGPO); (iii) credit from changes in reference-answer probability (IGPO); and (iv)
credit from branches sharing a prefix (Tree-GRPO). None checks evidence use. The tool-call
formats are JSON function calls using the model’s learned convention (Hermes), or tags specified
in the prompt (Search-R1 format). The outcome reward gives the highest average exact match
in three settings. Finer rewards produce different search patterns, including better document
recovery, shallower searches or more redundancy, but no consistent accuracy gain. Under this
fixed-corpus, four-call protocol, finer action credit changes search behavior more reliably than
answer quality.

6.3 Training environments and scaling

A policy can learn only the investigations its training environment makes possible. A fixed or
simulated collection is cheap and repeatable, but it must contain the documents each task needs.
The live web is closer to real use but slower and less predictable. Training on long investigations,
or on teams of agents, also needs ways to keep each run affordable and its learning stable.
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Fixed corpora and simulated retrieval Fixed offline collections make long teacher trajecto-
ries reproducible with search, open and find operations (OpenResearcher [155]). But a collection
without the audit report cannot teach a policy to find the final cost. Adding about 295,000
missing supporting documents to a standard Wikipedia corpus raises every reward method’s
exact match by 2 to 6 points in the paired model–format setting, under identical evaluation [146].
Methods that score alike before repair separate afterwards. Corpus coverage therefore changes
both what the policy can learn and how reward designs compare.

Simulation controls the observations as well as the available documents. A learned search
engine can return useful or noisy results, increasing the noise during policy training; such
simulators match or surpass training with a real engine in the tested settings (ZeroSearch [156]).
A graph and aligned document collection instead guarantee solvable tasks. A policy trained in
this environment transfers to web benchmarks, with gains depending on separate search and
page-opening actions and a stage of compositional tasks (SearchGym [157]). An expanding local
web copy provides another route to faster training interaction (LiteResearcher [158]). These
designs preserve the actions and dependencies needed at deployment while reducing the cost of
gathering training trajectories.

Live interaction and training throughput Live-web training exposes the policy to failed
fetches, irregular pages and changing results. It improves on static-corpus RL by up to 7 points
in one comparison and elicits planning, cross-checking and strategy revision (DeepResearcher
[57]). Longer trajectories then create uneven generation times: one investigation may finish in
ten turns while another continues for a hundred. Decoupling trajectory generation from policy
updates lets short runs feed learning while long runs continue, making training beyond 100 turns
practical (ASearcher [159]). Exposure to web failures teaches recovery; asynchronous generation
makes that exposure affordable across long, uneven investigations.

Context and optimization stability Long-investigation training must also match the context
the deployed policy sees. Compressing distant tool responses while preserving reasoning extends
a fixed context from about 15 to 100 turns (DeepMiner [160]). If the policy writes the summaries
itself, updates change what later steps read and can destabilize learning. Separate summary and
action losses, plus a consistency loss between full and compressed histories, stabilize this training
(FoldAct [161]). A longer horizon still needs tasks that reward it. In a controlled fixed-corpus
comparison, increasing both training and evaluation budgets from 4 to 32 turns lowers exact
match for three of four methods [146]. Compression and stable optimization make longer runs
possible; task requirements determine whether those extra turns improve answers.

Training cooperating agents Cooperating agents need credit aligned across unequal action
sequences. A coordinator may call one worker per capital, with each worker taking a different
number of steps. Aligning these trajectories allows joint optimization, rewarding workers for
their own execution and the final outcome. It outperforms both a single trained agent and a
coordinator with frozen workers (M-GRPO [58]). Dynamically forked trajectories can likewise
be linearized for end-to-end training (WideSeek [9]). Joint credit lets improvements in task
assignment and local execution reinforce each other rather than leaving one half of the team
fixed.

7 Evaluation

Evaluation separates how well the output meets the request, whether its claims have support,
how the investigation proceeded and what it cost. These are different parts of the objective
in Eq. (3). Each needs a suitable reference: an answer, a complete set, report requirements or
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annotations of necessary evidence. We distinguish benchmark task families and their measures
(§7.1), the interpretation and validation of output scores (§7.2), and diagnostics of the process
and resources (§7.3). Table 5 compares the available references.

7.1 Benchmark task families

A benchmark fixes what the agent receives, which sources it may use and what counts as success.
The most informative benchmarks also score the parts of a task. Some check whether the agent
found the supporting evidence as well as the answer. Others score a collection or a multi-turn
task both item by item and as a whole. Agents often get many parts right and still fail the task
as a whole.

Controlled retrieval and open-web investigation Short-answer benchmarks ask the
agent to recover a fact by combining sources. Fixed collections include multi-article Wikipedia
questions (FRAMES [162]), news-based questions (MultiHop-RAG [163]), and questions with
verified supporting documents mixed among plausible distractors (BrowseComp-Plus [164]).
The fixed corpus lets experiments change the retriever or policy separately. On the open web,
questions instead require persistent search for an answer that is easy to verify (BrowseComp [26])
or navigation into subpages absent from search results (WebWalkerQA [165]). Native Chinese
tasks test a different language environment (BrowseComp-ZH [166]); translating the evidence for
English questions isolates the language of retrieval (XBCP [167]). Success requires the reference
answer, with evidence annotations providing a second check on how it was reached.

Exact match (EM) gives one when a normalized prediction equals a reference answer and zero
otherwise; the reported score averages these outcomes. Normalization can remove formatting
differences before comparison (GAIA [168]). Judged accuracy is the fraction of answers an
evaluator judges to match the reference (BrowseComp [26]). Some benchmarks also compare
selected evidence with reference support. Precision P is the fraction of predicted items that
match the reference. Recall R is the fraction of reference items recovered. F1 combines them
as F1 = 2PR/(P + R), with zero assigned when both are zero. Answer F1 compares tokens in
the predicted and reference answers. Support F1 compares selected evidence with annotated
sentences, paragraphs or documents. Evidence recall applies recall to annotated supporting
documents.

These answer and evidence measures distinguish a correct result from recovery of its sources.
A stronger retriever raises the same agent’s BrowseComp-Plus accuracy by 14 points with fewer
searches [164]. Translating supporting documents reduces accuracy by 16 to 23 points across
agents, while supplying the annotated evidence produces much larger gains [167]. In these
settings, access to the right evidence explains more than the number of searches alone.

Collections and reports Collection tasks ask for many qualifying members with verified
attributes. When the complete answer set is known, the agent can be scored against it
(DeepSearchQA [169]). When an exhaustive reference is infeasible, a task can specify qual-
ifying records and requested counts, then verify each submission against its cited page (WANDR
[33]). For the metro example, these alternatives correspond to recovering every qualifying metro
line versus supplying a requested number of metro lines with supported costs. They measure
different forms of completeness.

Set F1 uses the shared calculation above, comparing returned and reference members after
identity matching. Full correctness is the fraction of questions whose returned set exactly matches
the reference. WANDR instead measures record quality and completion of requested counts,
with partial-credit and all-or-nothing variants.1 On DeepSearchQA, full correctness runs about

1WANDR aggregates records through a hierarchy. At each level, precision averages submitted member scores.
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15 percentage points below average F1 [169]. On WANDR, the strongest tested system reaches
36.3% soft F1 but only 13.3% hard F1 [33]. Partial recovery and fully supported collections
remain far apart under both kinds of reference.

Reports receive a research task and sometimes private files or multimodal attachments.
Success means covering the requested facts, connecting them through analysis and supporting
the resulting claims. Archived-page tasks can check requested numbers, lists and datasets against
task-specific answers (Deep Research Bench [170]). Report-oriented tasks instead use reference
reports (DeepResearch Bench [171]) or known insights planted in private files (DRBench [36]).
Expert-derived rubrics specify content directly [37]. Rubric coverage is the fraction of a task’s
criteria marked satisfied; insight recall applies recall to the planted insights. Relative report
scores combine weighted judgments of coverage, depth, instruction following and readability.2
Agents satisfy fewer than half the items in an expert-derived report benchmark, with the largest
gaps in information recall and analysis [37]. Their reports therefore need better discovery and
stronger connections between findings, as well as fluent presentation.

Multimodal and continuing investigations Multimodal tasks give the agent visual material
to locate or interpret; continuing tasks also require reuse of earlier findings. Success includes
reaching the required evidence and applying it in the current answer. InterLV-Search tests visual
seeking and interleaved retrieval in both controlled collections and the open web [47]. EpiBench
supplies multi-turn literature questions with annotated papers, figures, tables and tool paths,
disabling tools in final turns to test reuse [39]. Turn-level answer scores use the matching rules
above. Episode success rate is the fraction of episodes in which every turn is answered correctly.
Evidence correctness is the fraction of required evidence units accessed on correctly answered
turns. For the controlled levels of InterLV-Search, retrieval recall@5 is the fraction of tasks whose
target entity appears among the final retrieval’s top five results [47].

EpiBench’s strongest model completes every turn correctly in only about 29% of hard episodes.
Its traces reveal incorrect figure references and failed reuse [39]. Separately checking access, each
answer and the full episode exposes failures that a correct-sounding final response hides.

Research reports can also be evaluated together with their execution logs. MiroEval checks
task-specific synthesis criteria, verifies atomic claims against web and attachment evidence, and
audits search and reasoning in the trace [172].3 Most tested systems lose 3 to 10 points on
multimodal tasks relative to text-only tasks. Jointly inspecting the report and trace helps reveal
whether an absent visual finding was never acquired, misread or omitted during writing.

7.2 Outcome evaluation

A score for the final output depends on how it was graded, not only on the output. Evaluators
decide which answers count as the same, which qualities of a report to judge and how to count
supported claims. Many of these decisions are left to a language model acting as judge. Each one
can change a score while the output stays the same, so evaluations need to report these choices
and check that the judge makes them reliably.

Recall merges duplicate identities using the lowest score for each identity, retains the best distinct members up to
the requested count, zero-pads missing members and divides by that count. Soft scores allow partial subtree credit;
hard scores require a fully correct subtree. F1 uses the shared formula, and task scores are averaged equally [33].

2DeepResearch Bench’s RACE score first combines criterion scores using criterion and dimension weights. The
report’s final score is its weighted total divided by the sum of its total and the reference report’s total [171].

3MiroEval’s synthesis score weights task-specific criteria and dimensions. Its process score combines ratings of
search breadth, analytical depth, refinement, critical thinking and efficiency with report–process alignment checks.
Factuality labels distinguish right, wrong, conflicting and unknown claims [172].
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Table 5: Benchmark references determine which answers, evidence and report requirements can be
checked.

Benchmark Sources and actions Required output Scoring reference Main measures

FRAMES [162] Wikipedia retrieval Multi-hop answer Answers; supporting
articles

Answer accuracy

BrowseComp [26] Live-web search and
browsing

Short answer Reference answer Judged accuracy

BrowseComp-Plus
[164]

Fixed-corpus
retrieval

Short answer Verified supporting
documents

Judged accuracy;
evidence recall; calls

BrowseComp-ZH
[166]

Chinese web search Short Chinese
answer

Answers; source
URLs

Judged accuracy

XBCP [167] BrowseComp-Plus
with translated
evidence; fixed
retrieval

English answer Same answers;
mapped evidence

Judged accuracy;
evidence recall

GAIA:
information-seeking
tasks [168]

Web; files;
multimodal tools

Answer or list Answers; annotator
steps

Exact match

DeepSearchQA [169] Live-web
investigation

Single answers;
exhaustive sets

Ground-truth answer
sets

Set F1; full
correctness

WANDR [33] Web collection; page
evidence

Hierarchical records;
excerpts; URLs

Task verifiers;
refetched pages

Record precision,
recall and F1

Deep Research Bench
[170]

Archived pages;
live-ranked search

Numbers; sources;
lists; datasets

Task-specific answers
and evidence

Task correctness; set
recall and F1

DeepResearch Bench
[171]

Live-web research Cited report Reference reports;
cited pages

Report score;
citation precision;
effective citation
count

DRBench [36] Public web;
synthetic private files

Cited insights/report Injected insights;
distractors; sources

Insight recall; factual
precision; rubric
scores

MiroEval [172] Web; multimodal
attachments

Report; process
record

Adaptive criteria;
retrieved evidence

Report and process
rubrics; factuality
labels

EpiBench [39] Paper, figure and
table access

Multi-turn answers Answers; evidence
IDs; tool checklist

Episode success;
evidence correctness;
calls

InterLV-Search [47] Offline visual
retrieval; open web

Short answer Answers; target
entities/chains

Answer accuracy;
retrieval recall@5

Shared answer and evidence measures are defined in Section 7.1; report and factuality measures are discussed in
Section 7.2. WANDR uses requested record counts rather than an exhaustive answer list. Deep Research Bench
and DeepResearch Bench are different benchmarks.

Answer correctness and completeness Outcome scoring compares the submitted answer
with the task’s reference. Equivalent phrasing and entity identity must be resolved before the
scores in Section 7.1 are calculated. “2.1 billion” and “2,100 million” express the same cost, but a
budget and a final cost are different quantities. A lenient judge can merge the latter; exact string
matching can split the former. Sets likewise require matching a metro line’s project and service
names to one entity. These decisions change which predictions count as correct. Reporting the
matching policy alongside exact match or F1 makes the resulting comparison interpretable.

Report coverage and analysis Report scores depend on which criteria a judge can assess
reliably. A reference report establishes an overall comparison, while expert rubric items test
whether specific facts and explanations are present. DeepResearch Bench’s relative scores agree
with expert preferences in 71% of comparisons, versus 68% agreement between experts [171].
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Fine-grained expert criteria also expose missing content [173]. Logical quality requires checking
whether the explanation follows from its premises: long, persuasive reports can hide broken
support between claims. Criteria tailored to each report’s context help detect this failure
(ReportLogic [174]). Overall preference, coverage and reasoning checks therefore answer different
questions about a report’s quality.

Factuality, attribution, and source quality Factuality checking breaks an output into
atomic statements and tests them against a knowledge source. Factual precision is the fraction
of those facts supported by that source [175]. Citation precision and recall instead check the
pages attached to the statements (§5.3). A report can score well on these support measures
while omitting required findings, so they complement coverage scores. Counting conventions
also matter. DeepResearch Bench scores deduplicated statement–URL pairs, excludes uncited
statements from citation precision, and reports the mean count of supported pairs per task
as its effective citation count [171]. Other evaluations examine uncited statements through
dependencies on earlier sentences [173], or compare attribution with the full retrieved context
[176]. Source ratings add credibility, freshness and relevance [177]. Separating claim support,
citation coverage and source quality prevents a high score on one from hiding a failure on another.

Judge validity Model judges need validation on the specific decision they make. For long-form
answers, early automatic metrics fall well below expert agreement on factuality and completeness
[178]. For reports, matching overall human preferences does not establish that every individual
criterion is reliable. Criterion-level validation needs domain annotations and a tie policy; changing
the latter alone moves annotator agreement from 55% to 83% [179]. Known failures planted
in sound traces and reports offer a direct test. The best judges detect only about half, while
stepwise assessment catches more than whole-artifact judging (REFLECT [180]). Citation judges
also differ in false acceptance and rejection even at similar F1 [181]. A budget page is relevant to
a metro line’s cost but does not establish the final figure. Validation must therefore test support
with cases like this, rather than assume a relevance judge can also verify the claim.

7.3 Process evaluation

A final score shows whether an investigation succeeded, but not why. A correct answer can
rest on flawed steps, and a wrong one can follow from a single missed document. Checking the
trajectory itself shows where the agent went wrong and what each result cost. Such checks can
be repeated only if the sources the agent could reach are recorded, because live pages change
and can expose answer keys.

Acquisition, inspection, and integration Process evaluation compares the actions and
observations with the evidence the task requires. For the journalist’s question, failing to find
the audit report is a retrieval gap. Opening it but answering with the news report’s budget is a
utilization gap. Evidence recall measures the first against annotated documents; reading checks
and interventions help diagnose the second. Across six agents on BrowseComp-Plus, accuracy
tracks supporting-document recovery more closely than search count or context use. Retrieval
gaps dominate five agents’ errors, and most search episodes add no new evidence [21]. Repeated
near-identical queries consequently signal stalled discovery rather than thorough investigation.

Finding a document must be followed by reading and integration. Blocking answers until
retrieved text has been read raises accuracy by 15 to 20 points on trajectories that otherwise
answered unread, and these failures overlap little with errors after reading the right document
(Read-Gate [182]). Supplying gold evidence isolates integration: on a scientific reasoning
benchmark, it raises accuracy by 19 to 34 points, yet the strongest model answers only 69% of
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the hardest questions (Sci-MMR [183]). Complete evidence recovery also trails answer accuracy,
showing that correct answers can be reached without all annotated support. Hint-free multi-hop
tasks similarly expose agents that retrieve ample evidence but fail to connect it [184]. Finding,
reading and combining evidence need separate checks because improving one does not repair
failures in the others.

Local errors and controlled interventions A trajectory audit checks intermediate claims
and their dependencies, including those in runs with a correct final answer. One audit finds
process errors in 37% of successful trajectories [185]. In multimodal search, answer accuracy
exceeds supported success by up to 7 points, while judges disagree more on subjective failure
labels than on the answer itself [186]. Controlled interventions make the failure test more concrete.
Adding a plausible false summary to unchanged true records tests reliance on an answer-shaped
shortcut [35]. Recording document-opening probabilities supports a different test, reweighting
the read evidence toward the candidate pool (§4.1). The first intervention measures sensitivity
to misleading content; the second measures distortion introduced by the agent’s own selection.
Both connect an outcome change to a specific part of the investigation.

Resources and repeatability Resource measurements put those gains in context. Latency is
elapsed time. Monetary cost sums the prices of model calls, tools and source access. Tool-call
counts and token counts measure other parts of c(τ); concurrent calls can reduce latency without
reducing either count. Evaluation adds its own cost when it retrieves pages and runs judges.
An assessment of efficiency, grounding and robustness can also test how much of a reference
solution the agent must be shown before succeeding, distinguishing inability from a need for
hints (TRACE [187]). Resource profiles reveal whether a better answer came from a better
investigation or simply more computation.

Repeatability requires recording the source conditions as well as the budget. Archiving pages
stabilizes one benchmark, with similar scores on live and archived versions even though archive
search still starts from a live engine (Deep Research Bench [170]). Refetching evidence during
grading instead makes the score depend on the page’s later state [33]. Live search can also
retrieve leaked answer keys: one commercial agent visits such pages for 60% of a 100-question
medical sample [23]. A comparable result must identify the corpus or snapshot, retrieval and tool
settings, budget and judging protocol. For general-assistant benchmarks, it must also identify
the information-seeking subset used [168]. These conditions let outcome, support, process and
resource scores describe the same investigation.

8 Open problems

Methods now improve individual parts of an investigation, but several demands span the whole
loop. An agent must judge completion while discovering the requirements, preserve findings when
sources and goals change, and expose which decisions caused an improvement. These demands
define the remaining problems of evidence sufficiency (§8.1), transfer across environments (§8.2),
and evaluation of complete investigations (§8.3).

8.1 Evidence sufficiency

Evidence-sufficiency checks need requirements against which to test the findings. Known claims
support useful stopping rules (§3.4), and predicting structured gaps extends these checks to
requirements inferred during search [188]. Yet a requirement never formulated is never checked.
Verifying every discovered metro line leaves undiscovered ones untested; adding doubtful can-
didates instead sacrifices precision [169]. A controller needs to update the requirements as it
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discovers candidates and interpretations, and distinguish an unanswered question from one no
reachable source can settle. That distinction would let it report an unresolved gap rather than
continue indefinitely or guess.

Agreement can overstate confidence when several pages share an underlying source. Several
pages may all repeat one cost from one press release. In a study that aggregates reports sharing
a source as though they were independent, increasing their number from 1 to 32 lowers the
fraction of uncertainty intervals containing the true value from 94% to 26%. Text deduplication
barely helps because similar wording does not reliably identify shared origins [189]. Recording
support and conflicts or correcting document-selection bias addresses different problems (§4.1). A
sufficiency check also needs to trace where the sources obtained their information before treating
their agreement as repeated confirmation.

The value of another action must be judged separately from the adequacy of current support.
A few decisive clues can settle a narrow claim (§3.4), while broad collections suffer when discovery
stops early or snippets replace page-level checks [33]. An agent may have strong support for every
returned metro line but weak evidence that the list is complete. Declining search yield is therefore
a reason to reconsider the strategy, not automatically a reason to declare completion. When the
budget expires first, the output should identify which requirements remain unsupported.

8.2 Transfer across research environments

Transfer requires a finding to retain its meaning across different sources and actions. Standardized
objects and knowledge graphs make heterogeneous private data jointly searchable [190], but
agents still struggle when a web finding must become a database query or vice versa [46]. A
metro line’s public name must map to the agency’s contract key without losing which project
phase the figure concerns. A transferable policy needs to preserve these identity and scope
conditions, as well as learn the new tool’s query syntax.

Language and modality shifts change which part of the policy fails. Translating evidence
primarily exposes retrieval failures (§7.1). Mixed text and image questions can instead leave
substantial reasoning failures after the evidence is supplied: the best agent on one benchmark
answers only 48% correctly even with gold evidence [191]. Merging specialized web, document
and retrieval agents at the parameter level can match mixed-data training while preserving more
of their other abilities [192]. Transfer evaluation should report acquisition and interpretation
separately, so success in finding translated text cannot hide failure to compare a chart with a
contract table.

Sources can change adversarially as well as naturally. Fabricated consensus and forged
authority persuade some search agents far more than others; one endorses 31% of attacks overall
and 73% of consensus-fabrication attacks [193]. A planted summary can also override records
already retrieved (§2.2). A source record should retain the basis for trusting a finding, so altered
claims can be checked against the records beneath them.

A user can change the goal without changing any source. Agents already clarify intent before
research [194] and accept steering during it [195, 196]. If the journalist restricts the comparison
to fully underground metro lines, some accepted members must be removed and earlier discarded
evidence may become relevant. The agent needs dependencies between requirements and findings
so that a changed goal updates the affected conclusions while preserving the rest.

8.3 Evaluation of complete investigations

Whole-investigation evaluation should attribute a gain to the decisions that produced it. Existing
frameworks jointly inspect process and outcome [172], fix multimodal inputs and noisy files for
reproducibility [197], or control when an agent delegates search [198]. These provide parts of the
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needed test. If the metro report improves, an evaluation should distinguish finding more sources,
reading them better, retaining the price base and preserving it during revision. It should also
charge the extra verification and judging to the total cost. Connecting controlled interventions
to these intermediate records would make a final score explain which behavior improved.

Incomplete references make coverage especially hard to validate. In literature search, a
neutral judge rates only about half of human citations as relevant, compared with 88% for the
best automatic rerankers; human authors also cite collaborators more often [199]. A research
agent can thus find a useful source absent from a human reference list. The metro report may
likewise cite an audit missing from the reference report. Expert criteria and independent support
checks need to credit such additions while rejecting merely topical material. Judges must be
validated for that decision (§7.2), so reference coverage does not become a penalty for finding
better evidence.

Continuing investigations need evaluation over successive revisions. Process feedback raises
report scores by 8 to 15 points in the second turn, but gains stop compounding for the tested
GPT models. By the third turn, one loses about a quarter of previously satisfied criteria [200],
consistent with the preservation failures in Section 5.2. Fixed sandboxes make repeated-turn
comparisons reproducible, while live sources introduce page changes and answer leakage [23, 197].
Progress should be measured by requirements newly satisfied, earlier support preserved and
added cost under the same stated source conditions.

9 Conclusion

Deep research agents extend retrieval into an adaptive investigation. Their actions determine
what evidence is found, memory determines what survives, and synthesis determines which
claims that evidence becomes. Following these connections separates failures that a final-answer
score merges. An agent can miss the audit report, discard a cost’s price base or strengthen
a supported statement beyond what its citation says. Better retrieval, recoverable notes and
claim-level checks address different failures, so each must be assessed at the stage where it acts.

The evidence favors requirements-based stopping over a general judgment of sufficiency,
compact findings with routes back to sources over irreversible summaries, and verification that
checks explicit conditions over candidate popularity. Verification exposes missing support but
can reduce answer-set completeness; revision adds requested content but often damages earlier
support. Training depends on the same chain: when required sources are absent, answer rewards
credit guesses, and finer action rewards have not consistently improved accuracy under controlled
comparisons. Reliable progress therefore requires preserving meaning from source to claim and
measuring outcomes, support, process and cost together.
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