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Abstract

Parallel test-time scaling treats each rollout as
an independent candidate answer. For long-
horizon search agents, however, these rollouts
also produce rich traces of tool calls, retrieved
evidence, and partial reasoning states. Inter-
mediate failures such as reasoning drift are
difficult to self-correct within a single rollout,
yet useful corrective signals often already exist
in other live rollouts before termination. This
creates an opportunity to turn cross-trajectory
information into online correction during ex-
ecution, rather than harvesting it only after
rollouts terminate. However, simple broadcast
is unsafe because partial states can be redun-
dant, irrelevant, or risky for the receiving tra-
jectory. We propose OPTA, a live aggregation
framework based on checkpoint-level synchro-
nization: each rollout maintains a private re-
port, while a controller distills a typed global
shared state, and injects only relevant and use-
ful feedback into each trajectory, preserving
its exploration identity. On BrowseComp-Plus
and DeepSearchQA across four LLM back-
bones, OPTA is consistently the strongest test-
time scaling method, lifting Qwen3-30B on
BrowseComp-Plus from 37.9% to 59.6%. Our
results show that OPTA is a practical route to-
ward timely and selective test-time scaling for
long-horizon LLM search agents.

1 Introduction

Parallel test-time scaling is typically framed as gen-
erating multiple independent candidate answers
through parallel rollouts. For long-horizon agents,
this view is incomplete. A rollout is also a long
trace of tool calls, evidence, and discarded hypothe-
ses. Most of it never appears in the final answer.
N parallel rollouts therefore produce not just N
answers, but distributed experience across trajec-
tories. However, raw trajectories are not directly
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Figure 1: Actionability gap on BrowseComp-Plus:
report-level terminal aggregation versus oracle Pass@n
across different LLM backbones.

consumable. Concatenated, they exceed the con-
text window. Read individually, they mix supported
findings with dead ends, stale assumptions, unre-
solved conflicts, and observations irrelevant to the
trajectory at hand. Any cross-trajectory compari-
son, reuse, or feedback needs a representation that
separates and exposes these signals. Therefore,
test-time scaling for long-horizon agents is first a
representation problem.

Existing multi-trajectory methods use such rep-
resentations in two ways, both acting only after
a trajectory has terminated. Selection scores or
summarizes completed trajectories and picks or
synthesizes a final answer; majority voting, self-
consistency, best-of-n, judge-based selection, and
report-level aggregation all fall into this regime
(Wang et al., 2022; Chung et al., 2025; Qiao et al.,
2025). Reuse goes further, distilling completed roll-
outs into experience banks or structured memories
that condition later attempts (Wang et al., 2026d;
Zhu et al., 2026). Neither acts in time: selection
cannot reshape the reasoning behind its candidates,
and reuse can spare future rollouts repeated work
but cannot rescue an actively drifting trajectory.
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Figure 2: Intermediate failure events bucketed by tra-
jectory stage. Each bar is split into self-recovered
events and unrecovered events further decomposed by
the strongest peer signal available at that stage (clean-
peer support, peer-search hit, or none).

Moving feedback inside an active trajectory has
been seen as risky, since mid-trajectory states are
unreliable to evaluate and global updates can per-
turb ongoing reasoning and inflate variance.

These observations leave open a more precise
form of online feedback. The question is not
whether active trajectories should share everything
with each other, but whether cross-trajectory in-
formation can be made available early enough to
affect ongoing reasoning, and selective enough to
avoid perturbing trajectories that do not need it. We
therefore separate the motivation into three empiri-
cal claims: terminal aggregation leaves actionable
information unused; relevant peer information of-
ten exists before trajectories terminate; and naive
broadcast is too noisy to serve as the mechanism.

Figure 1 exposes the first claim. Oracle Pass@n
substantially exceeds report-level terminal aggrega-
tion, indicating that useful information, and some-
times even correct solutions, already exists in the
sampled trajectories but is not recovered by final-
stage synthesis. This is an actionability gap: the
parallel computation holds it, but terminal aggrega-
tion fails to make it actionable.

Figure 2 asks whether this actionability gap can
be localized before trajectories terminate. To an-
swer this, we analyze 300 trajectories and identify
292 intermediate failure events, including reason-
ing drifts and retrieval misses, of which only 7.2%
self-recover. Among the remaining unrecovered
events, 97.8% already have some peer signal: an-
other active trajectory either holds a clean evidence-
supported state on the same semantic target (clean-
peer), or has reached a relevant search result (peer-
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Figure 3: Receiver-specific usefulness of shared-state
fragments. For each utility category, we show the distri-
bution of atomic content types among the corresponding
receiver–fragment pairs.

search hit). Thus, useful cross-trajectory informa-
tion often exists while the failing trajectory is still
active, but terminal aggregation and completed-
rollout reuse expose it only after the opportunity to
intervene has passed.

This does not imply that all intermediate states
should be shared globally. Figure 3 reports such
a simulation: only a subset of broadcast items are
useful for the receiver. Many are redundant or irrel-
evant, and some are risky, introducing unsupported
assumptions, irrelevant conflicts, or premature con-
sensus. Checkpoint-level feedback must therefore
be both timely and selective: cross-trajectory infor-
mation should become actionable before trajecto-
ries terminate, but filtered against each trajectory’s
private accumulated state.

These observations motivate a third operation
enabled by trajectory representation: live synchro-
nization. We present Online Partial-Trajectory
Aggregation (OPTA), a test-time scaling frame-
work that instantiates live synchronization for long-
horizon LLM search agents. OPTA runs n search
trajectories in parallel and, at fixed checkpoints,
performs two-stage cross-trajectory aggregation:
each trajectory maintains a private accumulated re-
port of its progress; a controller then builds a typed
shared state that separates supported findings, dead
ends, unresolved conflicts, and progress; and it in-
jects into each trajectory only fragments relevant
to its state. Cross-trajectory information thus be-
comes an online correction signal during execution,
rather than terminal evidence for final selection
or offline experience for later attempts, with each
trajectory’s exploration identity preserved.
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Our contributions are threefold:

• We frame online partial-trajectory aggregation
as a missing operation in test-time scaling for
long-horizon agents: existing methods either
select among completed trajectories or recycle
finished rollouts as offline experience, leaving
the active rollout window unaddressed.

• We propose OPTA, which realizes this op-
eration through a typed shared state and
trajectory-specific selective injection, so that
cross-trajectory feedback is both timely and
matched to each trajectory’s private state
rather than broadcast globally or used to prune
trajectories.

• On BrowseComp-Plus and DeepSearchQA
across four LLM backbones, OPTA achieves
the strongest result among test-time scaling
methods and substantially reduces harmful in-
formation exposure compared to global broad-
cast, LeaP-routed reports, and RSE-style ex-
perience reuse.

2 Methodology

We propose OPTA (Online Partial-Trajectory Ag-
gregation), a test-time scaling framework for long-
horizon LLM search agents. OPTA runs multi-
ple search trajectories in parallel and aggregates
them at fixed checkpoints during search. At each
checkpoint, every trajectory summarizes its recent
progress into a compact report; an aggregation con-
troller merges these reports into a shared state and
selectively injects fragments into each trajectory.
Trajectories thus benefit from each other’s discov-
eries while preserving independent exploration.

2.1 Problem Setup
Given an input problem x, a search agent gener-
ates a trajectory through a sequence of actions and
observations:

τi = (ai,1, oi,1, . . . , ai,Li , oi,Li , yi) , (1)

where ai,t denotes the t-th reasoning step or tool ac-
tion, oi,t denotes the corresponding observation or
intermediate result, and yi is the candidate answer
produced by trajectory i.

A standard parallel test-time scaling approach
samples n independent trajectories,

τi ∼ πθ(· | x), i = 1, . . . , n, (2)

and performs aggregation only at the end:

y⋆ = Afinal(x, y1, . . . , yn). (3)

This search-then-aggregate paradigm allows no
cross-trajectory information flow during search.
OPTA replaces Afinal with periodic online aggrega-
tion, defined below.

2.2 Online Partial-Trajectory Aggregation
OPTA divides each trajectory into multiple search
chunks. Let ∆τki denote the k-th chunk of trajec-
tory i. At checkpoint k, trajectory i updates its
accumulated report by summarizing the new chunk
and merging it with the previous enriched report:

rki = fupdate

(
x, r̃k−1

i ,∆τki

)
, (4)

where r̃k−1
i is the enriched accumulated report

from the previous checkpoint, and rki is the updated
local report before cross-trajectory injection. The
report is a compact summary of the trajectory’s par-
tial progress; its schema follows the four-category
format introduced in Stage 1 below.

At each checkpoint, the controller collects the
reports from all active trajectories:

Rk =
{
rki | i ∈ Ik

}
, (5)

where Ik denotes the set of active trajectories.
OPTA then performs two-stage cross-trajectory ag-
gregation.

Stage 1: Atomic Shared-State Construction.
The controller first aggregates all accumulated re-
ports into a global shared state:

gk = fglobal

(
x,Rk

)
. (6)

The shared state is organized into four types of
information:

gk =
(
Fk,Dk, Ck,Pk

)
, (7)

where Fk contains supported findings, Dk contains
dead ends or unproductive directions, Ck contains
unresolved conflicts across trajectories, and Pk

summarizes overall progress.
Each component is written as a numbered list of

atomic bullet points. We denote the union of all
shared items as

Bk = {bk1, . . . , bkMk
}. (8)

Each item bkj is self-contained and traceable, with
a specific type and supporting trajectory evidence.
This atomic format makes the following selective
injection step explicit and controllable.
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Long-Horizon Solving with Periodic Aggregation

1) Parallel Trajectory Inference 2) Two-Stage Shared-State Aggregation 3) Context Reset& 
State Re-injection

4) Trajectory-Level Final 
Answer Aggregation

Stage 1:Build Global 
Shared State (1 Call)

Aggregation Checkpoints

Stage 2: Per-Trajectory 
Enrichment (n Calls)

Global 
Shared 
State

Supported
Findings

Dead Ends

Unresolved 
Conflicts

Progress
Summary

Enriched 
Acc. Report

Enriched 
Acc. Report

Enriched 
Acc. Report

Progress
Report

Progress
Report

Progress
Report

Acc. Report

Acc. Report

Acc. Report

Final Report 1 
Answer 1

Final Report 2
Answer 2

Final Report n 
Answer n

Aggregator

Best Answer

User Prompt

Clear model context and 
re-inject enriched report 
as the new initial context

Each trajectory generates chunk-level 
reports and maintains an accumulated report

Selected 
Subset Global Shared State Enriched Report

Stage 0 Stage 1 Stage t Stage T-1 Stage T Final Answer

… …

… … … … … … …

…
……

Traj.1

Traj.2

Traj.n

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

……

Selected Subset
(for Traj.1)

Selected Subset
(for Traj.2)

Selected Subset
(for Traj.n)

Figure 4: Overview of the long-horizon solving workflow with periodic synchronization.

Stage 2: Trajectory-Specific Selective Injection.
For each trajectory i, the controller reads its accu-
mulated report rki together with the atomic shared
items Bk, and selects only the items useful for that
trajectory’s future search:

zki = fselect

(
x, rki ,Bk

)
, zki ⊆ Bk. (9)

The selected items are then appended to the trajec-
tory’s own accumulated report:

r̃ki = finject

(
x, rki , z

k
i

)
. (10)

Equivalently, this can be written as

r̃ki = rki ⊕ zki , (11)

where ⊕ denotes report-preserving injection. The
original report is preserved, and the selected cross-
trajectory information is added as an auxiliary sec-
tion. Each trajectory therefore receives shared in-
formation specific to its current progress.

After selective injection, OPTA resets the raw
model context and starts the next search chunk from
r̃ki , bounding context length while preserving each
trajectory’s accumulated progress and the injected
cross-trajectory information:

∆τk+1
i ∼ πθ

(
· | x, r̃ki

)
. (12)

This context reset and re-injection mechanism pre-
vents the raw context from growing indefinitely,
while allowing each trajectory to continue from a
concise summary of its own progress plus selected
cross-trajectory information.

2.3 Final Answer Aggregation
OPTA does not prune trajectories during search.
All trajectories run until completion and produce
candidate answers. Let r̃Ki

i denote the final en-
riched accumulated report of trajectory i, and let yi
denote its final answer. The final aggregation stage
receives

Y =
{(

r̃Ki
i , yi

)
| i = 1, . . . , n

}
. (13)

The final answer is selected by an LLM-based ag-
gregator:

i⋆ = arg max
i∈{1,...,n}

sθ

(
x, r̃Ki

i , yi,Y
)
, y⋆ = yi⋆ .

(14)
The scoring function sθ compares candidate an-
swers according to evidence sufficiency, reasoning
consistency, and unresolved conflicts. Therefore,
OPTA uses online partial-trajectory aggregation to
improve the search process itself, while the final ag-
gregation stage selects the most strongly supported
completed trajectory.

3 Experiment

3.1 Experiment Setup
We evaluate our method on two long-horizon
search benchmarks: BrowseComp-Plus (BC+) and
DeepSearchQA (DSQA). For BC+, we sample
20% of the benchmark, yielding 166 questions.
For DSQA, we use 50 multi-select questions and
50 single-choice questions. Experiments are con-
ducted on four model backbones: Qwen3-30B-
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Model Data No scaling Oracle Terminal aggregation Closed-loop aggregation

P@1 P@n MV WMV BoN SA RSE PP OP LeaP OPTA

Qwen3-30B
BC+ 37.9% 66.8% 47.5% 48.3% 41.6% 48.8% 51.2% 48.2% 48.8% 40.3% 59.6%
DSQA 18.0% 49.0% 26.0% 42.0% 38.0% 30.0% 43.0% 28.0% 24.0% 36.0% 44.0%

OSS-20B
BC+ 39.1% 68.1% 46.3% 64.1% 59.5% 48.2% 45.1% 46.9% 46.9% 39.7% 66.3%
DSQA 23.0% 66.0% 37.0% 37.0% 39.0% 40.0% 39.0% 39.0% 29.0% 31.0% 40.0%

GLM-4.7-flash
BC+ 34.9% 61.4% 50.6% 46.3% 42.7% 37.3% 49.3% 46.9% 36.7% 41.5% 57.2%
DSQA 29.0% 67.0% 43.0% 43.0% 42.0% 31.0% 46.0% 41.0% 32.0% 41.0% 46.0%

Qwen3-235B
BC+ 46.3% 77.1% 48.8% 66.3% 72.1% 66.8% 69.8% 50.0% 63.8% 65.6% 74.7%
DSQA 43.0% 73.0% 48.0% 51.0% 48.0% 51.0% 54.0% 47.0% 52.0% 46.0% 55.0%

Table 1: Main results across two benchmarks and four model families. BC+ denotes BrowseComp-Plus; DSQA
denotes DeepSearchQA. P@n denotes oracle Pass@n. MV denotes Majority Vote; WMV denotes Weighted
Majority Vote; BoN denotes Best-of-n; SA denotes aggregation with summary; RSE and LeaP denote the experience-
reuse and peer-sharing baselines of (Wang et al., 2026d) and (Luo et al., 2025), respectively; PP denotes Parallel-
Probe (Zheng et al., 2026); OP denotes Online Prune. Qwen3-30B denotes Qwen3-30B-A3B-Instruct-2507;
OSS-20B denotes gpt-oss-20B; Qwen3-235B denotes Qwen3-235B-A22B-Instruct-2507. The highest results are
highlighted in bold , while the second-best results are underline .

A3B-Instruct-2507, gpt-oss-20B, GLM-4.7-flash,
and Qwen3-235B-A22B-Instruct-2507.

All methods use a ReAct-style long-horizon
agent with up to 300 turns. Each trajectory uses
a 64K-token summary interval, which also de-
fines the aggregation checkpoint interval in OPTA.
At each checkpoint, the trajectory summarizes its
newly generated history into its accumulated re-
port, after which the controller performs shared-
state construction and trajectory-specific selective
injection.

For each query, we use a rollout budget of
n = 10 with a sampling temperature of 0.2, and
all baselines share the same rollout budget. We
set the relatively low temperature to limit exces-
sive sampling noise during long-horizon execution;
nevertheless, the resulting rollouts exhibit substan-
tial diversity at both the answer and retrieval-path
levels, as quantitatively analyzed in Appendix §C.
Answer correctness is evaluated by a GPT-4o-based
critic.

We report P@1 for single-trajectory perfor-
mance and Pass@n for oracle performance, with
n = 10 throughout.

3.2 Main Results

We organize baselines by how the aggregate is
used during test-time inference. In terminal ag-
gregation, completed trajectories are aggregated
only to produce a final decision; the aggregate
does not influence any subsequent reasoning. In
closed-loop aggregation, the aggregate is reused
before the final answer is emitted, serving as a
control or context signal for later inference. We fur-

ther divide closed-loop methods into two regimes.
Round/rollout-level feedback aggregates completed
reasoning units and uses the resulting experience
to condition later units. In contrast, checkpoint-
level feedback aggregates partial states from active
trajectories and feeds the result back before those
trajectories terminate. This distinction is important
for long-horizon agents: feedback over completed
units can help future attempts avoid repeated work,
but only checkpoint-level feedback can intervene
while a trajectory is still drifting.

Table 1 compares methods across two bench-
marks and four model configurations under the
same rollout budget. We organize the results by
how aggregated information is used during test-
time inference. Pass@1 reflects single-trajectory
performance, while oracle Pass@n estimates
whether the rollout budget contains at least one cor-
rect trajectory. The large gap between Pass@1 and
Pass@n shows that additional rollouts often con-
tain useful evidence, but the gap between existing
methods and the oracle indicates that the challenge
is recovering and using that evidence effectively.

Terminal aggregation methods improve over
single-trajectory inference by selecting or synthe-
sizing among completed trajectories. However,
since their aggregates are used only after all tra-
jectories terminate, they cannot influence the rea-
soning process that produced the candidates. This
is limiting in long-horizon settings, where early
errors, stale assumptions, or unverified intermedi-
ate conclusions can accumulate before the final
aggregator is invoked.

Closed-loop aggregation addresses this limita-
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tion by feeding aggregated information back into
inference before the final answer is emitted. Within
this category, rollout-level feedback, such as RSE,
recycles information from completed reasoning
units into later attempts. This can reuse experi-
ence across attempts, but it cannot correct an ac-
tive trajectory while it is drifting. Checkpoint-level
feedback instead aggregates partial trajectory states
before termination, allowing cross-trajectory evi-
dence to affect ongoing reasoning. PP, OP, LeaP,
and OPTA all fall into this broad regime, but differ
in how feedback is constructed and injected.

OPTA differs from prior checkpoint-level ap-
proaches by preserving each trajectory’s accumu-
lated state while injecting only trajectory-relevant
cross-trajectory information. Rather than pruning
trajectories, routing from coarse reports, probing
partial states, or exchanging global summaries, it
lets evidence from one trajectory become action-
able for another without overwriting local context
or forcing trajectories into a shared summary.

Under the matched rollout budget, OPTA

achieves the strongest or tied-strongest result in all
evaluated settings. On BC+, it obtains the best re-
sult across all four model configurations: 59.6% on
Qwen3-30B, 66.3% on OSS-20B, 57.2% on GLM-
4.7, and 74.7% on Qwen3-235B. On DSQA, it is
best on Qwen3-30B and Qwen3-235B, reaching
44.0% and 55.0%, and ties the best result on OSS-
20B and GLM-4.7, both at 40.0% and 46.0%, re-
spectively. Compared with the rollout-level closed-
loop baseline RSE, OPTA is stronger or tied in ev-
ery setting, suggesting that moving feedback from
completed rollouts to intermediate checkpoints can
make the same rollout budget more effective. How-
ever, since several checkpoint-level baselines un-
derperform RSE in some settings, checkpoint tim-
ing alone is insufficient; the feedback must be spe-
cific to the receiving trajectory.

3.3 Cost Analysis
Table 2 shows that the gains of OPTA do not come
from excessive controller-side computation. OPTA

achieves the best score, 59.6%, with 27.1M total
tokens, of which only 0.63M are controller-related
tokens, corresponding to a 2.3% overhead. This in-
dicates that checkpoint-level aggregation improves
cross-trajectory information reuse with negligible
coordination overhead.

Compared with GB, OPTA improves accuracy
from 51.2% to 59.6% while reducing total tokens
from 30.38M to 27.1M, a 10.8% reduction. It also

Method Score ↑ Agent Ctrl. Total Ctrl.%

RSE 51.2% 19.6M 0.71M 20.3M 3.5%
LeaP 40.3% 20.3M 0 20.4M 0.0%
GB 51.2% 29.57M 0.24M 30.38M 0.7%
OPTA 59.6% 25.69M 0.63M 27.1M 2.3%

Table 2: Cost-normalized comparison on BrowseComp-
Plus (M = million tokens; GB = global broadcast).
Agent: trajectory-execution tokens. Ctrl.: online co-
ordination tokens (reports, feedback, probing/routing,
shared-state construction and injection). Total: all mea-
sured tokens, also covering final aggregation and book-
keeping, so Total ≥ Agent + Ctrl. Ctrl.% = Ctrl./Total.

Variant Qwen OSS Avg.

Score ∆ Score ∆ Score ∆
(%) (pp) (%) (pp) (%) (pp)

Base agent 37.9 – 39.1 – 38.5 –
+ Structur. sum. 43.9 +6.0 46.3 +7.2 45.1 +6.6
+ Shared state 51.2 +13.3 51.8 +12.7 51.5 +13.0
OPTA 59.6 +21.7 66.3 +27.2 63.0 +24.5

Table 3: Component build-up on BrowseComp-Plus.
All variants share the trajectory budget, checkpoint
schedule, context-resetting scaffold, and final aggre-
gation; ∆ is the gain over Base agent. Base agent:
each trajectory is rehydrated only from its own report. +
Structur. sum.: structured accumulated summaries. +
Shared state: non-selective injection of the full shared
state into every subsequent trajectory. OPTA: adds
trajectory-conditioned selective injection (full method).

uses fewer agent-execution tokens, suggesting that
targeted checkpoint feedback is more cost-effective
than uniform global broadcast. Although RSE uses
fewer tokens, it requires costly offline construc-
tion of an experience library and runs about 2.5×
slower than OPTA in our experiments. LeaP has no
controller-token overhead, but its limited summary
exchange leads to much lower accuracy. Overall,
OPTA provides a favorable high-accuracy operating
point with lightweight online coordination.

3.4 Ablation Studies

Table 3 shows a progressive component build-up
of OPTA on BrowseComp-Plus. Starting from
the base fixed-window summarize-and-reset agent,
which summarizes a trajectory when its context
window is nearly full, adding structured summaries
improves the average score from 38.5% to 45.1%,
corresponding to a +6.6 percentage-point gain.
This suggests that explicitly organizing accumu-
lated evidence is already beneficial compared with
relying on unstructured trajectory histories. Intro-
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Policy Useful ↑ Redundant Irrelevant ↓ Harmful ↓
LeaP 12.76% 77.38% 2.33% 7.53%
RSE 18.64% 40.65% 28.31% 12.39%
GB 16.74% 76.15% 2.62% 4.48%
OPTA 20.40% 74.90% 2.00% 2.70%

Table 4: Item-level quality of injected feedback under
different feedback policies. Percentages are computed
over delivered atomic information items for each policy.

ducing shared state with non-selective injection
further raises the average score to 51.5%, a +13.0
point improvement over the base agent, indicating
that checkpoint-level information sharing across
trajectories provides a substantial benefit. How-
ever, simply injecting the same shared state into
every trajectory remains suboptimal. The full OPTA

method, which performs trajectory-conditioned se-
lective injection, achieves the best average score
of 63.0%, improving over the base agent by +24.5
points and over non-selective injection by an ad-
ditional +11.5 points. The same trend holds for
both backbones: OPTA improves Qwen by +21.7
points and OSS by +27.2 points over the base agent.
These results indicate that OPTA’s gains come not
only from maintaining a shared state, but also from
selectively routing the most relevant shared infor-
mation to each trajectory, thereby reducing unnec-
essary context pollution while preserving useful
cross-trajectory evidence.

3.5 Injection Policy Analysis

Table 4 analyzes the item-level quality of informa-
tion delivered by different injection policies. While
the preceding ablation shows that indiscriminately
injecting all shared-state fragments weakens per-
formance, it does not reveal whether the injected
content is useful, redundant, irrelevant, or actively
harmful to the receiving trajectory. We therefore
evaluate injection quality at the receiver–item level.

For comparability, each delivered report, sum-
mary, shared-state fragment, or experience-pool
entry is normalized into atomic information items.
Native shared-state and experience-pool units are
treated as atomic items, while summaries are de-
composed using the same atomization prompt. A
policy-blind judge labels each receiver–item pair
as Useful, Redundant, Irrelevant, or Potentially
harmful given the original problem, the receiver’s
checkpoint report, and an anonymized item (rubric
and human-audit agreement in Appendix § D).

OPTA delivers the highest Useful rate, 20.40%,

Stat. Reasoning drift Retrieval miss

Self-corr. 11.9% 1.5%
Events 183 235
Rel. sig. 137/183 (74.9%) 109/235 (46.4%)
Rec. | rel. sig. 51/137 (37.2%) ↑ 53/109 (48.6%) ↑
Rec. | all 51/183 (27.9%) ↑ 53/235 (22.6%) ↑

Table 5: Turning shared signals into online recovery.
Self-corr.: recovery without cross-trajectory sharing.
Rel. sig.: relevant signals (failure-type-specific; see
text). Rec. | rel. sig. and Rec. | all: recovery rate among
signal-conditioned events and over all observed fail-
ures. Events: diagnostic counts, not directly compara-
ble across settings. ↑: rate exceeds the corresponding
self-correction baseline.

compared with 18.64% for RSE, 16.74% for
global broadcast, and 12.76% for LeaP. It also
yields the lowest harmful exposure, with only
2.70% of items labeled Potentially harmful, ver-
sus 4.48% for global broadcast, 7.53% for LeaP,
and 12.39% for RSE. OPTA’s Useful/Harmful ratio,
7.56, more than doubles every baseline. Trajectory-
conditioned selection thus improves the precision
of cross-trajectory information flow, routing action-
able items to the trajectories that need them while
reducing irrelevant or harmful exposure.

3.6 Mechanism Analysis

Online recovery from shared state signals. The
motivation study (Figure 2) showed that intermedi-
ate failures rarely self-correct (11.9% for reasoning
drift, 1.5% for retrieval miss), yet relevant peer sig-
nals exist while the failing trajectory is active. We
ask whether OPTA converts these peer signals into
in-trajectory recovery on the same semantic target,
rather than only into better final answers.

Using the same failure types as in the motiva-
tion (reasoning drift, retrieval miss), we annotate
each observed event for (i) whether the affected
trajectory later receives a relevant shared-state or
injection signal, and (ii) whether it subsequently re-
covers on that target. Retrieval miss is additionally
conditioned on recovery-eligible events, where a
peer cue, search hit, or evidence pointer becomes
available; full protocol in Appendix §A.

Table 5 reports the result. Compared with
the no-sharing self-recovery baseline, OPTA lifts
reasoning-drift recovery from 11.9% to 27.9%, and
retrieval-miss recovery from 1.5% to 22.6% (a 15×
gain). Conditioned on a relevant signal actually ar-
riving, the rates rise further to 37.2% and 48.6%,
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Model Pass@10 ↑ Avg@10 ↑ MV@10 ↑
Standard Ours ∆ Standard Ours ∆ Standard Ours ∆

Qwen3-30B 66.87 67.46 +0.59 39.15 50.00 +10.85 47.59 57.83 +10.24
Qwen3-235B 77.11 76.50 -0.61 47.59 59.63 +12.04 48.80 71.10 +22.30
GPT-OSS-20B 68.07 69.27 +1.20 39.15 45.18 +6.03 46.38 64.45 +18.07
GLM-4.7-Flash 61.45 78.31 +16.86 37.34 49.39 +12.05 50.60 53.61 +3.01

Average 68.38 72.89 +4.51 40.81 51.05 +10.24 48.34 61.75 +13.41

Table 6: Trajectory-set quality across four base models: standard 10-run sampling vs. ours on Pass@10, Avg@10,
and MV@10. ∆ is the absolute improvement (percentage points) over the standard strategy.

indicating that recovery is driven by the routed sig-
nal rather than by unrelated trajectory dynamics.
Thus shared-state aggregation is not bookkeeping
for terminal selection: it returns peer evidence and
cleaner semantic state to live trajectories as an on-
line correction signal.

Trajectory-set coverage and quality. When in-
jecting intermediate states into repeated sampling,
a natural question is whether the additional guid-
ance changes the behavior of the sampled trajec-
tory set. In particular, if different samples become
overly coupled, repeated sampling may no longer
provide the same benefit as independent explo-
ration. Moreover, noisy or misleading states from
one trajectory may be propagated to other samples,
biasing the entire trajectory set toward a suboptimal
direction. We therefore compare the standard 10-
run sampling strategy with OPTA using Pass@10,
Avg@10, and MV@10.

As shown in Table 6, OPTA improves Avg@10
and MV@10 across all four base models, with av-
erage gains of 10.24 and 13.41 percentage points,
respectively. It also improves Pass@10 on three
out of four models with a positive average gain.
This pattern suggests that the injected states do
not merely help produce occasional successful tra-
jectories. Instead, they improve the sampled tra-
jectory set more broadly: individual trajectories
become stronger on average, and the resulting set
also supports more reliable majority voting. Over-
all, specificity-aware state injection improves the
coverage and quality of repeated sampling without
diminishing its benefit.

4 Related Work

Terminal Aggregation Test-time scaling aggre-
gates completed trajectories via self-consistency,
weighted voting, best-of-n, and verifier- or judge-
based selection (Wang et al., 2022; Cobbe et al.,
2021; Zheng et al., 2023; Chung et al., 2025), or

over trajectory-level Reports in long-horizon agents
(Qiao et al., 2025; Li et al., 2025). Because aggrega-
tion acts only after completion, it cannot shape the
search itself; we instead aggregate during search.
Rollout-Level Experience Reuse Completed tra-
jectories can also be reused as shared experience for
subsequent rollouts—distilled into an Experience
Bank (Wang et al., 2026d) or structured state repre-
sentations (Zhu et al., 2026). Feedback still arrives
only between rollouts, and naive mid-trajectory
synchronization is unreliable on noisy partial states
(Wang et al., 2026d); Context Reset and Report Re-
injection instead deliver shared information mid-
rollout without destabilizing it.
Partial-Trajectory Feedback A third line uses
intermediate states before termination—branch ex-
pansion in tree-structured reasoning (Yao et al.,
2023; Hao et al., 2023), step scoring in process su-
pervision (Lightman et al., 2024; Snell et al., 2024),
consensus-based stopping (Zheng et al., 2026),
and peer summary sharing (Luo et al., 2025)—but
mainly for control, not for selectively enriching
what each active trajectory itself reads. We instead
use Two-Stage Cross-Trajectory Aggregation to se-
lectively inject a Global Shared State into each tra-
jectory’s own Accumulated Report. Due to space
limitation, we include the complete discussion on
related work in Appendix § B.

5 Conclusion

We study test-time scaling for long-horizon lan-
guage agents from a single angle: turning in-
formation discovered across trajectories into on-
line correction while those trajectories are still
active. Our framework, checkpoint-level closed-
loop aggregation, maintains a per-trajectory ac-
cumulated report, distills a global shared state,
and selectively injects it back into each tra-
jectory without overwriting its identity. On
BrowseComp-Plus and DeepSearchQA, four base
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models equipped with OPTA consistently outper-
form terminal-aggregation baselines under the
same rollout budget. The shared state recovers a
substantial fraction of reasoning-drift and retrieval-
miss cases, and selective injection raises useful
exposure while suppressing harmful exposure with-
out collapsing diversity. The bottleneck in test-time
scaling is not generating more trajectories, but us-
ing what they discover at the right time and with
the right specificity.

Limitations

(1) Task Domains. We evaluate OPTA only
on long-horizon information-seeking benchmarks
(BrowseComp-Plus, DeepSearchQA). Extending
checkpoint-level partial-trajectory aggregation to
code agents, math-tool agents, GUI agents, and
multimodal scientific research agents is left to fu-
ture work; we expect the mechanism to transfer,
but the schema of the shared state (supported find-
ings, dead ends, unresolved conflicts, progress)
will likely need to be retargeted to each domain’s
characteristic failure modes.

(2) Training the Controller. The aggregation
controller is a frozen prompted LLM, and OPTA

is studied entirely in a training-free regime. We
therefore do not explore training-based variants—
fine-tuning the controller on aggregation traces,
distilling it into a smaller specialized model, or
jointly training the agent and controller via rein-
forcement learning so that the agent produces more
aggregation-friendly partial trajectories. These
directions should sharpen selective injection and
lower coordination cost, and we leave them to fu-
ture work.
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A Online Recovery Annotation Protocol

We annotate online recovery at the level of semantic
targets. Each intermediate failure event is associ-
ated with a trajectory, a checkpoint, a failure type,
and the semantic target on which the failure oc-
curs. We use the same two failure categories as in
the motivation study: reasoning drift and retrieval
miss.

A feedback item is counted as relevant only if it
is introduced after the failure event and is related
to the same semantic target. Relevant feedback
may take the form of a shared-state aggregation
item, a selective-injection item, a peer search hit,
a missing-evidence pointer, a dead-end warning,
or a conflict signal that could plausibly repair the
failure.

For reasoning drift, an event is counted as recov-
ered if the same trajectory later corrects or aban-
dons the erroneous state on the same semantic tar-
get. This includes cases where the trajectory re-
vises an incorrect constraint application, unbinds
evidence from the wrong candidate, rejects an un-
supported hypothesis, or replaces a faulty interme-
diate state with a better-supported one.

For retrieval miss, an event is counted as recov-
ered if the same trajectory later retrieves, uses, or
correctly incorporates the missing evidence after re-
ceiving a relevant shared-state cue, peer search hit,
or evidence pointer. Because a retrieval miss can
only be repaired when the missing evidence or a
pointer to it becomes available, we report retrieval-
miss recovery over recovery-eligible events. A re-
trieval miss is recovery-eligible if a relevant shared-
state cue, peer search hit, or evidence pointer be-
comes available after the miss.

In the 300 trajectories generated by our method,
we identify 183 reasoning drift events and 235 re-
trieval miss events. For reasoning drift, 137 out of
183 events receive a relevant shared-state aggrega-
tion or selective-injection item after the drift occurs.
Among these feedback-conditioned drift events, 51
are later corrected, giving a conditional recovery
rate of 37.2%. Measured over all observed rea-
soning drifts, 51 out of 183 events are recovered,
giving an overall recovery rate of 27.9%. Both
rates are higher than the 11.9% self-recovery rate
observed in the no-sharing diagnostic.

For retrieval misses, 109 out of 235 observed
events are recovery-eligible because a relevant
shared-state cue, peer search hit, or evidence
pointer becomes available. Among these eligible

events, 53 are recovered, giving a recovery rate
of 48.6%. Measured over all observed retrieval
misses, 53 out of 235 events are recovered, giving
an overall recovery rate of 22.6%. This contrasts
with the 1.5% self-recovery rate in the no-sharing
diagnostic.

These raw event counts are used only for online
recovery diagnostics. They are not interpreted as
directly comparable failure rates across settings,
because the analysis focuses on whether relevant
feedback, once available to a live trajectory, leads
to subsequent recovery.

B Complete Discussion on Related Work

Parallel trajectory search and terminal aggre-
gation. Test-time scaling commonly improves
reasoning by sampling multiple trajectories and ag-
gregating their completed outputs. Self-consistency
and majority voting aggregate final answers across
sampled reasoning paths (Wang et al., 2022), while
weighted voting, best-of-n, verifier-based selection,
and judge-based selection score or select among
completed candidates (Cobbe et al., 2021; Zheng
et al., 2023; Chung et al., 2025). More broadly,
recent work has also studied how reasoning agents
allocate test-time computation under shared infer-
ence budgets (Wang et al., 2026c). In long-horizon
agentic tasks, terminal aggregation can also op-
erate over trajectory-level Reports rather than an-
swer strings (Qiao et al., 2025; Li et al., 2025).
For example, WebResearcher maintains report-like
representations of long-horizon exploration, and
a final aggregator can compare completed reports
and candidate answers to select the best-supported
output. These methods exploit diversity across
parallel trajectories, but their aggregation point is
terminal: the aggregate can improve final selection,
but cannot affect the search process that produced
the trajectories.

Rollout-level experience aggregation and reuse.
Another line of work reuses completed trajecto-
ries as experience for later attempts. RSE distills
completed rollouts into a shared Experience Bank
containing useful conclusions and failed directions,
then conditions later rollout batches on this mem-
ory (Wang et al., 2026d). RE-TRAC similarly con-
verts completed trajectories into structured state
representations that summarize evidence, uncer-
tainty, failures, and future plans, and uses them
to guide subsequent trajectories (Zhu et al., 2026).
Compared with terminal aggregation, rollout-level
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reuse allows earlier trajectories to influence later
ones. However, the feedback still occurs only after
a rollout or batch has finished, so it cannot correct
an active trajectory while it is drifting. RSE also
notes that mid-trajectory synchronization is diffi-
cult because partial states are unreliable to eval-
uate and global updates may perturb the condi-
tioning context or increase output variance (Wang
et al., 2026d). This motivates a more selective form
of aggregate-while-searching: shared experience
should be available earlier, but should not be indis-
criminately broadcast to every trajectory.

Online partial-trajectory aggregation and
checkpoint feedback. Several methods use in-
termediate trajectory states or feedback before
termination. Tree-structured reasoning and plan-
ning methods evaluate partial states to decide
which branches to expand (Yao et al., 2023; Hao
et al., 2023), while process-supervision and verifier-
guided methods score intermediate steps for prun-
ing, reranking, or budget allocation (Lightman
et al., 2024; Snell et al., 2024). Related feedback-
driven approaches also use self-verification, exe-
cution feedback, or verifiable interaction signals
to refine agent behavior during reasoning or in-
teraction (Ma et al., 2025; Wang et al., 2026a,b).
Parallel-Probe periodically elicits intermediate an-
swers from active branches for consensus-based
early stopping and deviation-based pruning (Zheng
et al., 2026), and online-pruning baselines simi-
larly use checkpoint signals to decide which tra-
jectories should continue. LeaP allows reasoning
paths to summarize intermediate reasoning and
share peer information during inference (Luo et al.,
2025). These methods show that partial-trajectory
information can be useful before termination, but
they mainly use it for control, pruning, routing,
feedback-driven refinement, or summary sharing.
Our work instead studies Online Partial-Trajectory
Aggregation for long-horizon search: during Paral-
lel Trajectory Search, each trajectory maintains an
Accumulated Report; Two-Stage Cross-Trajectory
Aggregation first constructs a Global Shared State
and then performs Trajectory-Specific Selective
Injection to produce an Enriched Accumulated
Report. Through Context Reset and Report Re-
injection, selected cross-trajectory information be-
comes actionable during search while preserving
trajectory-specific exploration. Final aggregation
is still performed at the trajectory level after com-
pletion.

C Temperature Setting and Trajectory
Diversity

We use a sampling temperature of T = 0.2 through-
out our experiments. This relatively low tempera-
ture is chosen to balance trajectory diversity and
reasoning reliability in long-horizon agent execu-
tion. Although a higher temperature can increase
token-level sampling diversity, it may also intro-
duce noisy generations whose effects accumulate
over long reasoning and tool-interaction sequences.
In long-horizon search, trajectory diversity does
not rely solely on sampling temperature: small dif-
ferences in intermediate reasoning can lead trajec-
tories to formulate different search queries, retrieve
different documents, and subsequently follow in-
creasingly different reasoning paths. We therefore
use T = 0.2 to limit excessive sampling noise
while preserving the trajectory-level exploration in-
duced by long-horizon search and tool interaction.

To verify that this setting still provides suffi-
cient diversity for parallel test-time scaling, we
analyze the resulting rollouts using Qwen3-30B on
BrowseComp-Plus. Across ten rollouts, 79.7% of
the questions produce at least two distinct normal-
ized final answers, with an average of 3.35 distinct
answers per question. We further examine diver-
sity in the underlying retrieval paths. The average
pairwise Jaccard distance is 0.67 for search-query
sets and 0.495 for opened-document sets, showing
substantial variation in both query formulation and
evidence selection across trajectories.

These results indicate that the relatively low
temperature does not collapse the rollouts into
near-identical trajectories. Instead, T = 0.2 lim-
its unnecessary sampling noise while maintaining
meaningful diversity at both the final-answer and
retrieval-path levels.

D LLM-as-Judge Annotation for
injection policy analysis

We use a rubric-based LLM-as-judge protocol to
label feedback-item relevance while minimizing
bias toward our method. The judge is policy-blind:
it is never told whether an atomic feedback item is
selected by our method, produced by global broad-
cast, sampled by random injection, or generated by
a baseline such as peer-summary routing. Instead,
each annotation instance contains only the original
problem, the receiving trajectory’s accumulated re-
port at the checkpoint, and an anonymized atomic
feedback item. The judge is also not given the final
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answer, future trajectory states, or the eventual suc-
cess of any method, so labels are checkpoint-local
rather than hindsight-based.

We normalize all delivered feedback into atomic
information items before relevance labeling. For
our method and global broadcast, the delivered
units are already typed shared-state fragments and
are treated as atomic items. For the RSE baseline,
we use its experience-bank entries as atomic feed-
back items. For LeaP peer routing baseline, which
delivers longer peer summaries, we decompose
each summary into atomic items using the same at-
omization prompt. All resulting receiver-item pairs
are then labeled with the same fixed rubric: Useful,
Redundant, Irrelevant, and Potentially harmful.

Policy-level statistics are computed only after
annotation by mapping the blind labels back to
the items delivered by each feedback policy. This
ensures that the same label table is used to evaluate
all policies and that the judge cannot favor our
selective-injection policy during labeling.

To validate the annotation quality, we manually
audit a random subset of 100 labeled receiver-item
pairs sampled across item types, checkpoints, and
feedback policies. For each audited example, a
human annotator independently applies the same
rubric without seeing the LLM judge’s label or
the originating feedback policy. We first report
four-way exact agreement. For each receiver-item
pair, both the LLM judge and the human annota-
tor assign one of four labels: Useful, Redundant,
Irrelevant, or Potentially harmful. An audited ex-
ample is counted as an exact agreement only when
the two labels are identical. Formally, if ŷi is the
LLM label and yi is the human label for item i, the
four-way exact agreement is

ExactAgreement =
1

N

N∑

i=1

1[ŷi = yi].

The resulting four-way exact agreement is 88%.
Because our downstream analysis is especially

sensitive to which feedback items are labeled Use-
ful or Potentially harmful, we also report label-
specific overlaps. Let

ULLM = {i : ŷi = Useful},
UHuman = {i : yi = Useful}.

We define Useful-label overlap as the Jaccard
overlap

UsefulOverlap =
|ULLM ∩ UHuman|
|ULLM ∪ UHuman|

.

Audit statistic Value

Audited receiver-item pairs 100
Four-way exact agreement 88%
Useful-label Jaccard overlap 88.67%
Potentially-harmful-label Jaccard overlap 92.7%

Table 7: Human audit of feedback-item relevance labels.
Four-way exact agreement counts an item as correct only
when the LLM judge and the human annotator assign the
same label among Useful, Redundant, Irrelevant, and Poten-
tially harmful. Useful-label and Potentially-harmful-label
overlaps are Jaccard overlaps between the LLM-labeled and
human-labeled item sets for the corresponding label.

Artifact License / Terms

BrowseComp-Plus MIT
DeepSearchQA Apache-2.0
Qwen3-30B-A3B-Instruct-2507 Apache-2.0
gpt-oss-20B Apache-2.0 + gpt-oss us-

age policy
GLM-4.7-Flash MIT
Qwen3-235B-A22B-Instruct-
2507

Apache-2.0

Table 8: Licenses and terms of use for the benchmarks
and models used in this work.

The Useful-label overlap is 88.67%. We compute
the Potentially-harmful-label overlap analogously
over the sets of items labeled Potentially harmful
by the LLM judge and by the human audit; this
overlap is 92.7%.

E Artifact Licenses and Intended Use

We use two public benchmarks and four open-
weight language models in our experiments. Ta-
ble 8 summarizes the licenses and terms of use
of these artifacts. All artifacts are used solely for
research and evaluation purposes. We do not redis-
tribute the benchmark data, model weights, or any
raw web documents from the benchmark corpora.

Benchmarks. BrowseComp-Plus (Chen et al.,
2025) is used as a controlled deep-research bench-
mark for evaluating retrieval-augmented agents.
BrowseComp-Plus is released under the MIT Li-
cense. Since its accompanying corpus consists
of curated web documents, we use it only for
evaluation and do not redistribute the corpus.
DeepSearchQA (Gupta et al., 2026) is used as a
multi-step information-seeking benchmark for eval-
uating deep-research agents. DeepSearchQA is re-
leased under the Apache License 2.0. Our use of
both benchmarks is consistent with their intended
evaluation purposes.
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Models. We evaluate four open-weight language
models: Qwen3-30B-A3B-Instruct-2507 (Yang
et al., 2025), gpt-oss-20B (OpenAI, 2025), GLM-
4.7-Flash (Team et al., 2025), and Qwen3-235B-
A22B-Instruct-2507 (Yang et al., 2025). Qwen3-
30B-A3B-Instruct-2507 and Qwen3-235B-A22B-
Instruct-2507 are released under the Apache Li-
cense 2.0. gpt-oss-20B is released under the
Apache License 2.0 and is additionally subject to
the gpt-oss usage policy. GLM-4.7-Flash is re-
leased under the MIT License. We use these mod-
els only for inference-based evaluation and do not
redistribute their weights.

F Prompts for Two-Stage
Cross-Trajectory Aggregation

We provide the complete prompts used by the ag-
gregation controller in the two stages of OPTA.
Stage 1 constructs the global shared state from the
accumulated reports of all active trajectories, while
Stage 2 performs trajectory-specific selective injec-
tion based on each trajectory’s private accumulated
report.

F.1 Global Shared-State Construction

At each aggregation checkpoint, the controller re-
ceives the accumulated reports from all active tra-
jectories and constructs the typed global shared
state described in Section 2. The exact prompt
used in our implementation is provided below.

You are the cross-trajectory aggregator. {
sample_count} independent trajectories
have been working in parallel on the
same question. Each trajectory has just
produced its latest *accumulated
progress report* (covering everything it
has discovered up to chunk round {
round_idx}).

**Original Question:**
{question}

**Your job:** Read every trajectory's
accumulated report and synthesise a
single SHARED STATE that captures, in a
structured way:

1. Findings or intermediate reasoning
results that are **well-supported**.

2. **Dead ends** (entities / paths /
hypotheses that have been definitively
ruled out).

3. **Unresolved conflicts** (claims that
genuinely disagree across trajectories
and still need verification).

4. A short **progress summary** (overall
status + a 1 to 2 sentence note for each
trajectory).

You must produce exactly the XML structure
shown below. No prose outside the XML
block.

**Hard rules:**
- Use ONLY information present in the

provided accumulated reports. Do not
invent findings, sources, URLs, tool
outputs, calculations, or reasoning
steps.

- An item belongs to ``supported_findings``
only if at least one trajectory provides
concrete support for it. Support may be
source evidence (a URL, search result,
visited page content, PDF text, or tool
output) OR reasoning evidence (a
calculation, derivation, code/output
trace, constraint check, or prompt-
grounded inference). Mere unsupported
assertion does NOT qualify.

- A target/path goes into ``dead_ends`` only
if some trajectory has shown it
definitively contradicts a hard
constraint of the question, OR multiple
trajectories independently established
it as a wrong lead. Do NOT put a path
here just because it is "weak". Cite
which trajectories established it as
dead.

- A disagreement goes into ``
unresolved_conflicts`` only if (a)
trajectories make competing claims about
the same target/attribute AND (b) the
conflict cannot be settled from the
existing reports alone. If one side is
clearly supported by strong evidence and
the other is merely an unsupported
assumption, do not create an unresolved
conflict. Omit the unsupported claim
unless it independently satisfies the
dead-end criteria above.

- Each item must list the trajectory ids that
contributed it (e.g. ``<
source_trajectories>[1, 3]</
source_trajectories>``). Use 1-indexed
ids exactly as labelled in the input.

- Keep every item short and grounded. Do not
summarise the whole reports only
extract reusable building blocks,
including useful intermediate reasoning,
that another trajectory could benefit
from.

- If a bucket has no qualifying items, emit
it as empty (e.g. ``<dead_ends></
dead_ends>``). Do not invent items just
to fill it.

Below are the {sample_count} accumulated
reports:

{trajectory_reports}
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Return your answer in EXACTLY this XML format
(no extra commentary):

<shared_state>
<supported_findings>

<finding>
<id>SF1</id>
<statement>...</statement>
<evidence>Source URL/tool output/

calculation/derivation/constraint check
supporting the statement.</evidence>
<source_trajectories>[...]</

source_trajectories>
</finding>
<!-- more <finding> blocks as needed;
omit entirely if none qualify -->

</supported_findings>
<dead_ends>

<dead_end>
<id>D1</id>
<entity_or_path>...</entity_or_path>
<reason>...</reason>
<discovered_by>[...]</discovered_by>

</dead_end>
<!-- more <dead_end> blocks as needed -->

</dead_ends>
<unresolved_conflicts>

<conflict>
<id>C1</id>
<issue>...</issue>
<competing_views>...</competing_views>
<verification_needed>...</

verification_needed>
<involved_trajectories>[...]</

involved_trajectories>
</conflict>
<!-- more <conflict> blocks as needed -->

</unresolved_conflicts>
<progress_summary>

<overall>One concise paragraph on where
the swarm collectively stands.</overall>
<per_trajectory>
<traj id="1">1 to 2 sentences on what

this trajectory is currently pursuing
and how far it has gotten.</traj>
<!-- one <traj> block per alive

trajectory -->
</per_trajectory>

</progress_summary>
</shared_state>

F.2 Trajectory-Specific Selective Injection
Given the global shared state and the target tra-
jectory’s own accumulated report, the controller
selects only the shared information that is useful
for that trajectory’s subsequent search. Importantly,
the controller is allowed to inject no information
when the shared state provides no actionable ben-
efit. The target trajectory’s original accumulated
report is preserved verbatim, and selected cross-
trajectory information is added only as an auxiliary
section.

You are deciding which pieces of the SHARED
STATE (built from all alive trajectories)
should be injected into trajectory #{
trajectory_id}'s next-session opening
context, as additions to its own
accumulated report.

**Original Question:**
{question}

**Trajectory #{trajectory_id}'s own
accumulated report (this trajectory's
private state):**

{own_report}

**Shared State (synthesised across all alive
trajectories at chunk round {round_idx})
:**

{shared_state_xml}

---

**Your task:** Choose ONLY the shared-state
items that are likely USEFUL for
trajectory #{trajectory_id} to know
going into its next session. Then emit
an *enriched accumulated report* that
the trajectory will see as its new
starting context.

**Selection rules:**
1. Inject a ``<finding>`` ONLY if it gives

this trajectory supported information or
a useful reasoning result it does not
already have, or directly resolves an
open question it was investigating. Do
NOT inject findings that this trajectory
already knows.

2. Inject a ``<dead_end>`` ONLY if this
trajectory is currently pursuing (or
might soon pursue) that path/entity. Use
this to actively warn the trajectory
away from a confirmed wrong lead. Do NOT
inject dead ends about paths this
trajectory has clearly abandoned or never
considered.

3. Inject an ``<unresolved_conflict>`` ONLY
if this trajectory is well placed to
help resolve it (e.g., it is
investigating one side of the conflict,
or it has tools/leads relevant to
verification).

4. Inject the ``<overall>`` progress summary
ONLY if it materially changes this
trajectory's situational awareness (e.g.,
it shows that the swarm has converged
on a different region of the search
space). Otherwise omit it. NEVER inject
other trajectories' per-trajectory
summaries they are noise to this
trajectory.

5. **It is perfectly valid to inject NOTHING
.** If the shared state offers no
actionable benefit to this trajectory,
return its original accumulated report
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unchanged.
6. NEVER tell the trajectory which entity to

commit to. The injected content is
supplemental evidence or reasoning
support, not orders.

7. NEVER paraphrase, weaken, or strengthen
the original accumulated report. The
trajectory's own findings must be
preserved verbatim. You may only ADD a
clearly demarcated "Cross-Trajectory
Aggregator Notes" section.

**Output format:**
- First, list which shared-state ids you

chose to inject (or ``[]`` if none)
inside the ``<injection_decision>``
block.

- Then emit the full ``<
enriched_accumulated_report>`` block
that the trajectory will see. It must
contain:
a. The trajectory's own accumulated
report, **unchanged**, under the heading
``## Your Own Accumulated Progress`` (
verbatim copy of the input own report).
b. A clearly separated section ``## Cross
-Trajectory Aggregator Notes`` that
contains ONLY the injected items (
supported findings, dead-end warnings,
unresolved conflicts that this trajectory
could help resolve, and optionally the
overall summary). If you injected
nothing, emit this section with the
literal text ``(No cross-trajectory
notes to inject for this trajectory at
this round.)``.

Return your answer in EXACTLY this XML format
(no extra commentary outside it):

<injection_decision>
<injected_findings>[...ids or empty list]</

injected_findings>
<injected_dead_ends>[...ids or empty list

]</injected_dead_ends>
<injected_conflicts>[...ids or empty list

]</injected_conflicts>
<injected_overall>true|false</

injected_overall>
<reasoning>One short paragraph: why these

items (and only these) help this
specific trajectory.</reasoning>

</injection_decision>
<enriched_accumulated_report>
## Your Own Accumulated Progress

<verbatim copy of the input own report>

## Cross-Trajectory Aggregator Notes

<only the injected items, neatly formatted as
bullet points; or the literal "(No
cross-trajectory notes to inject for
this trajectory at this round.)" if none>

</enriched_accumulated_report>
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